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Abstract

There is a rapidly growing awareness of the influence of global change processes
such as land-use, climate change and socioeconomic factors on the burden of
mosquito-borne disease (MBD). Although individual effects of different processes on
MBD risk have been studied widely, a holistic approach that considers the combined
influence of different global change processes has rarely been implemented. Here, |
evaluate the effects of different global change processes on MBD risk, both
generally, and in a series of modelling studies using the understudied MBD,
Japanese encephalitis (JE) as a case study. | integrate different data types and
approaches from ecology and epidemiology, with the aim of informing public health
decision-makers in the era of accelerating global change. Firstly, | synthesise current
knowledge on relative and interacting effects of global change processes on MBD
risk and examine how these factors have been incorporated into existing analyses,
highlighting how future research could be improved. Secondly, | compile a vector
surveillance database for the predominant vector of JE (Culex tritaeniorhynchus). |
use a novel approach that leverages information from sparse vector surveillance data
to predict seasonal vector abundance over large spatial scales, that has the potential
to be used to provide guidance for the targeting of suitable interventions. | use this
information in an epidemiological study of JE case surveillance data and show that
human JE incidence is associated with climate, land-use and socioeconomic factors,
and these factors can be used to predict JE outbreaks in north-eastern India. Thirdly,
| examine possible trends in JE epidemiology by projecting into the future under
various scenarios of global change to show divergence in JE risk and burden under
different socioeconomic and environmental policy scenarios. Finally, | integrate the
implications of these results into our understanding of the effects of global change
processes on MBD, the epidemiology and control of JE, and a holistic approach to

the understanding and prediction of MBD risk.
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Impact statement

The latest Intergovernmental Panel on Climate Change (IPCC) report (IPCC, 2022)
provides a stark overview of the effects of human-induced environmental change on
the health of nature and humans, signalling that the “people and ecosystems least
able to cope are being hardest hit”. Mosquito-borne diseases (MBDs) are an example
of a negative health outcome that results from changing environmental conditions
that disproportionately affect economically vulnerable populations (Colon-Gonzélez,
et al., 2021a; IPCC, 2022). Despite the growing threat MBDs pose to global public
health, a lack of evidence on the drivers of these diseases has hindered our
understanding of present-day burdens and how disease risk may vary under future

scenarios of global change (Campbell-Lendrum et al., 2015).

This thesis applies tools and concepts from ecological and epidemiological modelling
to understand how socio-ecological factors affect MBD risk, both in general and for a
case study of Japanese encephalitis (JE) in India. Understanding the effects of
different global change processes on understudied MBDs such as JE is hindered by
the lack of reliable, high quality surveillance data on mosquito vectors. In Chapter 3, |
addressed gaps in vector surveillance data using a novel modelling approach to
estimate seasonal vector abundance for the main vector for JE across India. This
work was published in 2022 in PLOS Neglected Tropical Diseases and details a
methodology that is easily adaptable for other MBDs that have limited vector
surveillance data. Consequently, the findings from this Chapter will be of significant
interest for academic research and policy audiences in ecology and public health

sectors.

The findings from Chapters 3 to 5 will contribute significantly to public health efforts
to prevent and control JE, the leading cause of viral encephalopathy in Asia. This
work improves understanding of current and future potential endemic areas of JE and
the important underlying drivers of this disease in India. These findings will help
public health practitioners and policymakers to communicate and develop effective
and efficient interventions to safeguard public health with ongoing global changes.
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In Chapter 2, | reviewed MBD modelling studies and found that there has been
significant research on the role of climate change. This review was published in 2019
in Lancet Infectious Diseases and concludes that MBD research should not only
focus on the role of climate change but consider growing evidence for additional
factors that modulate disease risk. Chapter 5 address this gap by evaluating how
future climatic, agricultural, and socioeconomic change may impact JE risk in
northeast India over the coming decades. This work represents a step towards
incorporating MBD risk into public health and environmental policy decisions to
identify trade-offs across land-use, climate, food security and human health.
Consequently, the subject matter and findings will be of significant interest for
academic research and policymakers across public health, agricultural and

environmental sectors, as well as being of broader public interest.
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Thesis outline of contents and collaborators

Chapter 1

Introduction

This chapter reviews current knowledge of the effects of climate, land-use and
socioeconomic change on mosquito-borne disease (MBD) risk. Some of the material
from this introduction and the discussion (Chapter 6) is published in an Analysis
article at BMJ under the title “Ecosystem perspectives are needed to manage

zoonotic disease risks in a changing climate”.

Chapter 2
The impact of global change on mosquito-borne disease

In this chapter, | review and synthesise the current state of knowledge on the impact
of global change processes on MBD risk to identify knowledge and data gaps for
later chapters. This work was conducted in collaboration with Ibrahim Abubakar, Kate
E. Jones, and David W. Redding. | undertook the literature review and wrote the
paper with feedback from all co-authors. This chapter was published in 2019 in the
journal Lancet Infectious Diseases under the title ‘The impact of global change on
mosquito-borne disease’ (Franklinos, et al., 2019), and the typeset published paper is
provided in Appendix 5. | have presented this chapter at the 2018 Planetary Health
Meeting (Edinburgh). Additional thanks to R. Gibb, S. Daly, and F. Spooner.

Chapter 3
Joint spatiotemporal modelling reveals seasonally dynamic patterns of

Japanese encephalitis vector abundance across India

In this chapter, | develop a novel modelling approach to predict seasonal vector
abundance for the predominant Japanese encephalitis (JE) vector across India, as
well as to examine the environmental drivers of these patterns. The work was
conducted in collaboration with DWR, KEJ, IA, Rory J. Gibb, and Tim C.D. Lucas.
This work was published in PLOS Neglected Tropical Diseases under the title ‘Joint

spatiotemporal modelling reveals seasonally dynamic patterns of Japanese

10
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encephalitis vector abundance across India’, and the typeset published paper is

provided in Appendix 5. Additional thanks to L. Enright, E. Browning, and S. Daly.

Chapter 4
Climate, land-use and socioeconomic factors predict spatiotemporal dynamics

of Japanese encephalitis risk

In this chapter, | conduct spatial and temporal epidemiological analyses of the socio-
ecological drivers of JE in northeast India, predict endemic areas of transmission,
and evaluate whether environmental factors and vaccination coverage can be used
to predict temporal trends in JE incidence. The work was conducted in collaboration
with RJG, TCDL, DWR and KEJ. Additional thanks to S. Daly.

Chapter 5
Predicting Japanese encephalitis risk under different scenarios of global

change

In this chapter, | evaluate how future climatic, agricultural, and socioeconomic
change may impact JE risk in northeast India. The work was conducted in
collaboration with RJG and KEJ. Additional thanks to S. Daly.

Chapter 6

Discussion

In this chapter | review and discuss the key conclusions and contributions of the
thesis, and propose recommendations for future research, with an emphasis on the
importance of adopting a holistic approach to the understanding and prediction of
MBD risk.

11
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Chapter 1:

Introduction

1.1 Understanding the effects of global change on human health

There is a rapidly growing awareness of the connection between human health and
the state of natural systems on which societies depend (Whitmee et al., 2015).
Humans rely on nature to provide essential services such as food, water, shelter,
medicine, and to mitigate climatic extremes and emerging diseases (IPBES, 2019).
However, human exploitation of the environment has resulted in natural systems
being degraded to an unprecedented extent (Whitmee et al., 2015), leading to
dramatic environmental changes that include deforestation, agricultural and urban
expansion, and climate change. Indeed, it is suggested that the planetary boundaries
within which humans can thrive have already been transgressed (Steffen et al.,
2015). Human health is an increasingly apparent outcome of environmental
degradation, characterised by wide-ranging changes in food and water security,
climate regulation, and dynamics of emerging and endemic diseases (Hassell et al.,
2021a). Several holistic approaches have emerged to identify and address ways in
which anthropogenic impacts on natural systems are adversely affecting human and
animal health (Lerner and Berg, 2017). Whereas One Health advocates an
interdisciplinary health sciences approach to safeguard health at the interface
between humans, animals, and their environment, the EcoHealth concept focuses on
the relationship between health, ecosystems, and sustainable development (Lerner
and Berg, 2017). Planetary Health has been put forward as an alternative to these
approaches which have suffered from siloed thinking (Manlove et al., 2016), and
instead promotes a systems approach to understanding how human health outcomes
are influenced by complex interactions between social and natural systems (Pongsiri
et al., 2017).

Infectious diseases are emerging at an increasing rate globally (Smith et al., 2014).
Importantly, approximately two thirds of emerging infectious diseases are zoonoses,
diseases of animals that can be transmitted to humans (CDC, 2017), and the majority
(72%) of these have a wildlife origin (Jones et al., 2008; Allen et al., 2017). As

15
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illustrated with the emergence of SARS-CoV-2 virus, zoonotic emerging infectious
diseases pose a significant threat to global health, global economy and global
security (Grace et al., 2012a; Morens and Fauci, 2012; Heymann et al., 2015). Given
that the increased incidence of outbreaks has occurred in tandem with habitat
degradation, environmental change is suggested to impact human health (Gibb,
Moses, Redding and Jones, 2017; Hassell et al., 2017; MacDonald and Mordecai,
2019; Plowright et al., 2021). Indeed, many drivers of the global infectious disease
emergence have been linked to the increasing rate of human impact on the
environment and ecosystems (Whitmee et al., 2015; Hassell et al., 2021a). For
example, land-use change, such as deforestation, urbanisation, agricultural land
conversion and intensification, increases the risk of zoonotic disease emergence by
altering species composition in ecological communities to favour wildlife hosts and
increasing contact between people, vectors (e.g., mosquitoes, ticks), domestic
animals and wildlife (Romanelli et al., 2015; Hassell et al., 2017; Gibb et al., 2020a;
Plowright et al., 2021). In addition, climate change further impacts infectious disease
emergence either directly by promoting climate-sensitive diseases such as those
transmitted by vectors, or indirectly via effects on human vulnerability to disease

(e.g., nutrition, poverty) (Watts et al., 2021) and biodiversity (Romanelli et al., 2015).

Viewing infectious disease systems from an ecological perspective whereby the
diseases are situated at the nexus between environmental change, ecosystems, and
health, could significantly improve understanding of how global change impacts
human health (Gibb et al., 2020b). For instance, ecological theories and
perspectives have already been embedded in public health management of many
zoonoses, and have been influential in existing disease control programmes such as
the eradication of rabies in wildlife in Western Europe (Smith et al., 2008) and
management of leptospirosis and dengue in urban centers (Reis et al., 2008;
Seidahmed et al., 2018). In particular, knowledge of the strong influence of
environmental conditions on vector life histories (Patz et al., 2000; Ciota et al., 2014;
Verhoef, Venter and Weldon, 2014; Ladeau et al., 2015; Paul et al., 2016; Mordecai
et al., 2019) has enabled the prediction of climatic and land-use-associated
geographic and seasonal trends in estimates of vector-borne disease (VBD) risk
(Baeza, et al., 2011; Baeza et al., 2017; Leta et al., 2019; Purse et al., 2020; Colon-
Gonzélez et al., 2021a; Diuk-Wasser, VanAcker and Fernandez, 2021; Lowe et al.,

16
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2021; Peralbo-Moreno et al., 2022). Modelling approaches that incorporate
ecological processes are gaining traction in VBD research (Sokolow et al., 2015,
2017; Childs et al., 2019; Ryan et al., 2019), for example, seasonal climatic variations
have been used to predict outbreaks of Rift Valley fever in East Africa (Anyamba,
Chretien, Small and Tucker, 2009), dengue in South America (Lowe et al., 2017a)
and cutaneous leishmaniasis in South America (Lewnard et al., 2014), helping to

inform mitigation actions.

In order to fully understand the impact of environmental processes, it is also critical to
account for other influences such as the socioeconomic factors that drive human
exposure and vulnerability to infection (Parham et al., 2015). For instance, climate-
based predictions of dengue outbreaks are improved when information on population
immunity is included in the models (McGough et al., 2021). In the future, changing
climates, widespread anthropogenic transformations of natural landscapes (e.g.,
urbanization, agricultural expansion and intensification) and socioeconomic change
will lead to shifts in the way reservoir hosts, vectors and humans interact, and impact
disease systems (Lafferty, 2009; Dahlgren et al., 2016; Ryan et al., 2019; Gibb et al.,
2020a). Recent modeling advances that incorporate ecology and epidemiology show
great potential for predicting future disease risk and for testing the effects of
interventions within projected scenarios of global change (lacono et al., 2018; Li et
al., 2019; Childs et al., 2019; Redding et al., 2019; Lund et al., 2021).

Although the link between human health and natural and anthropological systems is
becoming clearer (Whitmee et al., 2015), major gaps in knowledge remain in the
underlying mechanisms by which environmental degradation endangers human
health (Hassell et al., 2021a; Plowright et al., 2021). Therefore, it has been difficult to
clearly communicate the importance and impact of environmental change on human
health to policymakers. As a result, current global health policy often does not
adequately consider the importance of natural systems in promoting health, and the
negative impact their disruption can have (Waugh, Lam and Sonne, 2020; Hassell et
al., 2021a). The One Health concept, has attempted to strengthen the links between
human, animal and ecosystem health (Lerner and Berg, 2015; One Health
Commission, 2021) and to guide research and policy in the field of emerging

infectious diseases (Galaz et al., 2015). Although this approach has been widely

17
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embraced by public health communities and policymakers (WHO, FAO and OIE,
2019), in practice it has tended to focus mainly on human-livestock interactions on a
relatively local scale (Falzon et al., 2018). It has been concluded that safeguarding
human health in the era of dramatic global change requires a considerable
framework shift together with the integration of the broader Planetary Health concept

across scientific fields and policy (Waugh, Lam and Sonne, 2020).

1.2 Understanding mosquito-borne disease through a socio-ecological lens

More than 17% of the global burden of infectious disease is attributable to VBDs and
over 80% of the global population is at risk of one of more vector-borne pathogens
(WHO, 2017). Researchers have concluded that diseases transmitted by arthropod
vectors such as mosquitoes, ticks and midges pose an increasing threat to human
health (National Academies of Sciences, Engineering and Medicine, 2016; James et
al., 2018). In particular, diseases transmitted by mosquito vectors account for the
highest number of reported VBD-associated cases, deaths, and disability-adjusted
life years worldwide (WHO, 2017). This is partly due to the wide variety of pathogens
that they can transmit, ranging from parasites such as malaria and lymphatic filariasis
to multiple viruses, including West Nile, yellow fever, dengue, chikungunya and Zika
(Reiter, 2001; Tolle, 2009). Many mosquito-borne diseases (MBDs) are zoonotic and
exist within sylvatic cycles that perpetuate new outbreaks through spillover from
animal host populations into humans (Gould and Solomon, 2008; Fornace et al.,
2016; Ali et al., 2017; Pandit et al., 2018).

Globally, MBDs have been reported to be increasing in incidence and have
expanded their geographic distribution emerging in new areas (Stanaway et al.,
2016; Ali et al., 2017; Paix&o, Teixeira and Rodrigues, 2017) and re-emerging in non-
endemic regions (Buonsenso et al., 2014; Grobbelaar et al., 2016). This is
exemplified by the dramatic geographic expansion of Zika virus in the Americas since
2015 (Ali et al., 2017) and the global emergence and resurgence of dengue virus that
has resulted in a 30-fold increase in disease incidence since the 1980s (Gubler,
2011; Bhatt et al., 2013; Stanaway et al., 2016). Climate change, land-use change

and socioeconomic factors (e.g., poverty, trade and travel) have all been implicated

18
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in the increasing threat of MBDs on global health (Jones et al., 2008; Kilpatrick and
Randolph, 2012; Roche et al., 2013; Parham et al., 2015). Although the impact of
global change processes on MBD transmission is undoubtedly important, it is also
highly uncertain due to limitations in knowledge, data and methodological
approaches that can integrate the diverse epidemiological, ecological and

socioeconomic factors driving disease risk (Parham et al., 2015).

The changing pattern of MBD risk is substantially determined by the relationship
between mosquito vectors and their environment which may vary spatially and
temporally (Ladeau et al., 2015; Tjaden et al., 2018). Since mosquitoes are
ectothermic, ambient temperatures influence epidemiologically significant life history
traits, such as survival, dispersion, feeding, reproduction and development (Mordecai
et al., 2019). Precipitation can positively impact mosquito populations by creating
aguatic habitats for their breeding (Morin, Comrie and Ernst, 2013). However, excess
rainfall can result in larval habitats being destroyed (Stewart Ibarra et al., 2013).
Mosquito breeding habitat availability also depends on species-specific preferences
and other factors that influence the development of water bodies, such as land-use
type and intensity (Erlanger et al., 2005; Keiser et al., 2005a; Day and Shaman,
2008; Baeza et al., 2011).

Interactions between land-use and climate can also influence MBD risk (Lowe et al.,
2021). Since mosquito ecology is dependent on the environment, any change in
habitat due to land-use conversion will have a significant effect on populations
(Ladeau et al., 2015). For instance, deforestation is reported to influence mosquito
populations by providing ideal vector breeding habitats (Vittor et al., 2009), reducing
competition and predation (Burkett-Cadena and Vittor, 2017) and increasing
interactions between vectors and hosts (Despommier, Ellis and Wilcox, 2006; Gibb et
al., 2020a). This has been demonstrated by the strong association between MBD
incidence and practices associated with deforestation, such as mining, logging and
road construction (Vasconcelos et al., 2001; Hahn et al., 2014; Fornace et al., 2016;
Chaves et al., 2018; Brock et al., 2019; Fletcher et al., 2019). Increasing urbanisation
has promoted the emergence and spread of MBDs such as dengue, Zika virus
disease and chikungunya due to the proliferation of urban-adapted Aedes
mosquitoes (Gubler, 2011; Li et al., 2014; Baker et al., 2021). Furthermore, water
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management practices such as irrigated agriculture have been reported to promote
MBD risk globally (ljumba and Lindsay, 2001; Erlanger et al., 2005; Keiser et al.,
2005b; Baeza et al., 2011; Kibret et al., 2016).

Land-use change may also interact with socioeconomic factors which can further
influence MBD dynamics. For example, it has been observed that the introduction of
irrigation systems into an area leads to an initial increase in MBD risk followed by a
decline. This phenomenon known as the ‘paddies paradox’, has been reported for
malaria in Africa (ljumba and Lindsay, 2001) and Asia (Mukhtar et al., 2003; Baeza et
al., 2011). The effect is thought to reflect the increasing socioeconomic status of
people who live near irrigation schemes as they can afford improved education,
housing conditions, or other types of protection from mosquitoes (ljumba and
Lindsay, 2001). Bidirectional feedback between land-use conversion and MBD
incidence has also been reported in the Amazon, where deforestation was found to
significantly increase malaria transmission and high malaria burdens reduced
deforestation, likely mediated by human behaviour or economic development
(MacDonald and Mordecai, 2019).

Socioeconomic factors such as poverty, public infrastructure, human behaviour, trade
and travel are recognised as important drivers of MBD risk (Reiter et al., 2003; Ali et
al., 2017; Oviedo-Pastrana et al., 2017; WHO, 2020a; Athni et al., 2021; Baker et al.,
2021). Poverty can increases the risk of MBDs since it determines the quality and
accessibility of health care, affects education, access to running water and reduces
ameliorative measures such as limiting outdoor activities, vector protection and
vaccination (Reiter et al., 2003; Lambin et al., 2010; Oviedo-Pastrana et al., 2017). In
addition, poverty greatly impacts the lifestyle and regional environment of
populations, which have been reported as important drivers of morbidity and mortality
(Ye et al., 2023). For example, housing conditions which are an indicator of poverty
(UNDP and OPHI, 2021), can influence the number of infected vectors via sanitation
conditions that promote mosquito breeding sites (e.g., inadequate water supply
leading to water storage and refuse collection services) (Russell et al., 2009; Lowe et
al., 2021) and can influence exposure to pathogens via protective measures such as
mosquito screens (Reiter et al., 2003). In addition, poverty influences exposure to

pathogens since the capital of impoverished people is often biological (e.g., crops,
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livestock, forests, wildlife) and this capital is embedded within systems of ecological
interactions that include human pathogens (Godfrey and Randolph, 2011; Ngonghala
et al., 2014, 2017). Accordingly, a strong association between poverty and MBD risk
has been reported for neglected tropical diseases (NTDs) such as Zika (Hotez, 2016;
Ali et al., 2017; WHO, 2020a). Vector-borne NTDs disproportionately affect
economically deprived populations and can lead to ‘poverty traps’; a self-reinforcing
mechanism enabling poverty and diseases to persist (Bowles, Durlauf and Hoff,
2006; Hotez et al., 2009). In affected countries, MBDs impose a great burden on
maternal and child health, population growth, investment, productivity, and labour
and impede socioeconomic development (Sachs and Malaney, 2002; Hotez et al.,
2009; Sarma et al., 2019). However, some studies have suggested that since
evidence linking poverty and MBD risk is mainly observational and does not account
for co-morbidities or inequalities in care-seeking behaviour, it is too weak to support
causal relationships (Utzinger and Tanner, 2013; Mulligan et al., 2015). Advances in
the modelling of coupled economic—epidemiological systems have improved
understanding of the structural relationship between disease risk and economic
growth (Ngonghala et al., 2014, 2017; Baeza et al., 2017; Sokolow et al., 2022). A
study investigated how socioeconomic processes that occur during land-change
affect malaria epidemiology and included poverty in their model by having poverty
influenced by capital (e.g. products) which affects access to disease protection and
treatment (Baeza et al., 2017). Therefore, in this model economic prosperity reduces
the vulnerability of populations to malaria by reducing the possibility that exposure to
infected vectors will result in disease. Studies on other VBDs have described
mechanisms by which poverty influences disease vulnerability via reduced resistance
to infection associated with stress and limited access to vaccination (Godfrey and
Randolph, 2011). Furthermore, VBDs may influence the dynamics of poverty via their
effect on labour, leading to shocks in agricultural yield (Rinaldo et al., 2021). The
geographic spread of MBDs may also be related to increasing wealth associated with
globalisation (IOM, 2008) which has resulted in an expansion of movement of people,
animals and commaodities, together with pathogens and vectors (Githeko et al., 2000;
Gubler, 2011; Nunes et al., 2014; Kampen et al., 2016; Baker et al., 2021). Indeed,
human factors such as behaviour, population immunity, and age distribution are
critical in shaping patterns of disease risk (Funk, Salathé and Jansen, 2010).

Behavioural risk factors for VBDs include protective practices (Dutta et al., 2011,
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Aerts et al., 2020; Bron et al., 2020), human movement (Stoddard et al., 2009),
recreational behaviour (Trienekens et al., 2022), housing conditions (Seidahmed et
al., 2018; Chastonay and Chastonay, 2022), and scepticism surrounding
immunisation (Saikia, 2017; Sakamoto et al., 2019). The age distribution of the
population, age-related behaviours and the associated seroprevalence in different
age groups also has a major impact on the spatiotemporal distribution of VBD risk (Li
et al., 2016; Kwak, Hong and Kim, 2021; Kugeler et al., 2022; Trienekens et al.,
2022). Additionally, socioeconomic factors may influence MBD risk in a way that
complicates understanding of environmental drivers (Béguin et al., 2011; Parham et
al., 2015). For example, following natural disasters changes in public infrastructure,
healthcare access, water storage and housing quality can expose people to a high
density of infected mosquitoes (Ali et al., 2017). Furthermore, the international export
of commodities such as timber, tobacco, cocoa, coffee and cotton has been
estimated to drive approximately 20% of the risk of malaria in deforestation hotspots
(Chaves et al., 2020).

Identifying hotspots of MBD risk is critical for informing effective interventions and
safeguarding public health (Smith, Dushoff and McKenzie, 2004). However,
definitions of risk remain inconsistent (Johnson, Escobar and Zambrana-Torrelio,
2019). This can confound the different processes contributing to risk and hinder
accurate quantification and comparisons between studies (Hosseini et al., 2017). The
field of quantitative risk analysis can be used to understand risk by breaking down
the different processes into hazard, exposure and vulnerability of the risk (Stamatis,
2014). Using this framework, ‘hazard’ is the relative number of available pathogens
acting as potential sources of risk to a target population; ‘exposure’ is the likelihood
of contact between a target population and the hazards; ‘vulnerability’ is the
possibility of a given exposure to a hazard that results in harm (Hosseini et al., 2017;
Johnson, Escobar and Zambrana-Torrelio, 2019) (Figure 1.1). Exposure factors may
include labour (e.g., agricultural work) or cultural (e.g., behavioural practices) factors
that influence physical exposure to the hazard. Vulnerability factors may include
socioeconomic (e.g., poverty, age, inequality, immunocompromised people,
displaced people) or infrastructure (e.g., healthcare access, road density) factors
influencing the possibility that a given exposure to a hazard results in harm. For

example, populations that live in areas of economic insecurity and/or political
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instability will be more vulnerable to disease outbreaks since they may have reduced
access to healthcare infrastructure and less trust of public health resources (Hosseini
et al., 2017). Other infectious disease risk frameworks combine hazard and exposure
and separate vulnerability which includes socioeconomic factors (e.g., inequality,
poverty) and vulnerable groups (e.qg., children, displaced people, food insecurity,
health conditions), from coping capacity which considers the availability of resources
such as physical infrastructure (e.g., road density, sanitation), governance,
communication (e.g., internet use, adult literacy rates) and healthcare access
(Marin-Ferrer, Vernaccini and Poljansek, 2017; Wong et al., 2020). A recent study on
tick-borne disease risk included coping capacity in simulation models via effects of
tick removal due to public awareness and found that awareness in high hazard areas
had a strong impact on tick bite incidence (Vanwambeke and Schimit, 2021).
However, awareness also modified the areas and populations at the highest risk,
revealing the dynamic nature of coping capacity. Overall, separating the different
components of risk will help to determine how global change drivers may act
differently on each (Hosseini et al., 2017). Indeed, environmental changes such as
agricultural expansion, rapid urbanisation and increases in extreme weather can both
exacerbate the hazards (e.g., presence and abundance of mosquito vectors and
hosts which comprise MBD hazard (Kilpatrick and Pape, 2013)), and amplify existing
vulnerabilities (e.g., food and water insecurity, social inequalities) (Cardona et al.,
2012; Hosseini et al., 2017). Considering the different component of risk in model-
based analyses could also help to disentangle the consensus and discord between
different future climate, land-use and disease models (Caminade et al., 2014),

supporting long-term strategic planning in both health and environmental sectors.
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Figure 1.1. Mosquito-borne disease risk conceptual model.

MBD risk can be broken down into ‘hazard’ which is the available infected vectors acting as potential sources of risk to a target population;
‘exposure’ which is the likelihood of contact between a target population and the hazards and ‘vulnerability’ which is the possibility of a given
exposure to a hazard that results in harm. Coping capacity (i.e., resources available to alleviate the impact of disease outbreaks) is included
within the vulnerability component of this framework.

m
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1.3 Challenges in the understanding and prediction of the effects of global
change on mosquito-borne disease risk

Considering the complexities of how different global change processes act and
interact to influence MBD risk highlights the limitations of previous approaches to
understanding disease systems which have concentrated on epidemiology and public
health perspectives (Bedford et al., 2019). MBD research conducted through an
epidemiological or public health lens primarily focuses on transmission dynamics of
the infection in host and vector populations (Mandal, Sarkar and Sinha, 2011; Amaku
et al., 2016) and rarely integrates ecological understanding (Gibb et al., 2020b).
Moreover, when ecological information is incorporated into the studies, the focus is
often on the role of climate in shaping the geographic range of potential MBD
transmission related to climate-sensitive traits of the mosquitoes (Caminade et al.,
2014; Parham et al., 2015; Tjaden et al., 2018; Rocklév and Dubrow, 2020). This is
also true for other VBDs such as those transmitted by ticks and biting midges
(Gonzéalez et al., 2010; Moo-Llanes et al., 2013; Ogden et al., 2014a; Parham et al.,
2015; Williams et al., 2015; Alkishe, Peterson and Samy, 2017; McPherson et al.,
2017). Although research on the impact of climate change on the risk and distribution
of MBDs has been recognised and has informed many policy briefs worldwide (IPCC,
2014a; Watts et al., 2021) sole focus on the effects of climate have reinforced
knowledge gaps on the impact of different global change drivers and how they might

interact to influence MBD risk (Campbell-Lendrum et al., 2015).

Quantifying and predicting the effects of different global change processes on MBD
risk is hindered by the complexity of how these relationships and interactions may
vary across different disease systems, landscapes, and timeframes (Campbell-
Lendrum et al., 2015). For example, while climate change is implicated in driving the
geographic distribution and increasing burdens of many MBDs and their vectors
(Caminade et al., 2014; Feachem et al., 2019; Ryan et al., 2019; Iwamura, Guzman-
Holst and Murray, 2020; Colén-Gonzalez et al., 2021a), it is unclear whether this
trend is consistent when the effects of non-climatic global change processes such as
environmental, social, economic and demographic factors are also considered

(Parham et al., 2015). Knowledge of MBD drivers also varies depending on the
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disease, with underlying drivers remaining poorly defined for many diseases (Gibb et
al., 2020b; Swei et al., 2020), especially for understudied MBDs (e.g., NTDs) that
often do not have sufficient resources or available long-term systematic surveillance
data (Malecela, 2019; WHO, 2020a).

There is a paucity of reliable, high quality surveillance data on vectors (ECDC and
EFSA, 2018; Rund et al., 2019), reservoir host populations (Britch et al., 2013; Lord,
Gurley and Pulliam, 2015; DeCarlo et al., 2017; Pandit et al., 2018) and human
incidence, especially for marginalised communities (Lowe et al., 2020) and NTDs
(WHO, 2020a). This has led to the popularity of correlative models such as ecological
niche models (ENMs; otherwise known as species distribution models) in MBD
research to predict vector, pathogen and MBD risk distributions (Kraemer et al.,
2016; Tjaden et al., 2018; Johnson, Escobar and Zambrana-Torrelio, 2019). Although
useful in instances of incomplete data or undefined environmental associations
(Phillips, Anderson and Schapire, 2006; Redding et al., 2016), these correlative
models do not enable the identification of underlying causal relationships (Kraemer,
Reiner and Bhatt, 2019) and tend to assume linear and non-hierarchical relationships
for covariates, reducing their applicability to novel settings (Washburne et al., 2019).
Furthermore, ubiquitous sampling biases in surveillance data and a lack of ecological
information on the vector, pathogen and reservoir hosts within a disease system may
impede the ability of models to predict distributions correctly (Johnson, Escobar and
Zambrana-Torrelio, 2019). In addition, surveillance data are often aggregated at
coarse spatial scales which results in a loss of local socio-ecological information
associated with the outbreak (Allen et al., 2017). These issues confound
interpretation of spatial patterns and trends, and impede the ability of these models to
predict current and future scenarios of MBD risk and the opportunity to inform public

health interventions (Campbell-Lendrum et al., 2015; Parham et al., 2015).

Gaps in data and knowledge of underlying drivers hinders understanding of present-
day MBD burdens and how disease risk may vary under future scenarios of global
change (Campbell-Lendrum et al., 2015). Furthermore, reliance on simple correlative
models such as ENMs to define risk without considering the complexity of disease
systems may compound this lack of understanding (Johnson, Escobar and

Zambrana-Torrelio, 2019). Instead, separating the different components of MBD risk
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and considering how global change processes may act on each separately, may
provide a solution in the study of complex MBD systems and inform which
interventions to use and crucially, where, when, and how to implement them
(Hosseini et al., 2017). A recent study on VBD schistosomiasis in Senegal used this
approach to disentangle and identify the impacts of social (i.e., exposure and
vulnerability) and environmental (i.e., hazard) processes on disease risk, and
highlighted the importance of including both social and environmental interventions in
the model (Lund et al., 2021). This methodology is complemented by conceptual
developments that have distilled the complex mechanisms underpinning zoonotic
pathogen spillover (Plowright et al., 2017). The conceptual framework proposed by
Plowright et al., (2017) provides a clear structure with which to model and interpret
the effect of different drivers on the separate components of risk for diverse disease
systems. Recent VBD studies have used this framework to show the importance of
ecological interactions between environment, vectors and hosts in determining
disease risk (Childs et al., 2019; Burthe et al., 2021). Such approaches emphasise
the connection between natural and social systems and provide insights into

opportunities to safeguard human and environmental health simultaneously.

1.4 Opportunities for a socio-ecological/holistic approach in the

understanding and prediction of mosquito-borne disease risk

In this thesis, | use a socio-ecological systems-based approach to assess and predict
the effects of global change on MBD. While, climate, land-use and socioeconomic
factors are key drivers of MBD, the relative and combined effect of these processes
is unclear (Sutherst, 2004; Tabachnick, 2010; Parham et al., 2015). By adopting an
integrative approach and considering the influence of different global change
processes, | aim to challenge previous siloed-thinking and help to inform best policy

practices for public health, land planning and environmental policy decision-makers.

| use Japanese encephalitis (JE) in India as a case study since it is a relatively
understudied MBD (LaBeaud, 2008) despite it being a leading cause of viral
encephalopathy in Asia (Campbell et al., 2011; Quan et al., 2020). The causative

pathogen, Japanese encephalitis virus (JEV), is maintained in an enzootic
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transmission cycle between Culex mosquitoes (van den Hurk, Ritchie and
Mackenzie, 2009; Pearce et al., 2018) and vertebrate hosts including domestic pigs
and ardeid wading birds (e.g. herons and egrets) (Buescher et al., 1959; van den
Hurk, Ritchie and Mackenzie, 2009; Le Flohic et al., 2013) (Figure 1.2). Although
susceptible to the virus, humans, and other mammals such as cattle and horses are
considered ‘dead-end’ hosts because they do not mount sufficient viraemia to infect
mosquitoes. Since first described in Japan in 1935, JEV has spread across the
region (Mackenzie, Gubler, and Petersen 2004) and now is endemic in 24 Asian and
Western Pacific countries (Erlanger et al. 2009; Campbell et al. 2011). Since JE is
not notifiable in most Asian countries, the true burden of the disease remains
unknown and instead has been estimated by systematic reviews (Campbell et al.,
2011; Quan et al., 2020). A 2020 systematic review of JE disease burden estimated
that approximately 100,000 cases and 25,000 deaths occur globally each year,
primarily affecting children and those living in rural, agricultural areas (Baig et al.,
2013; Quan et al., 2020). However, 87% of JE cases in Asia come from just four
countries; India, Nepal, China, and Vietnam (Heffelfinger et al., 2017; Lindquist,
2018).

Figure 1.2. Graphical representation of the Japanese encephalitis virus transmission
cycle.

The virus is maintained in an enzootic cycle between amplifiers (pigs and wild birds) and
mosquito vectors and may spill-over to dead-end hosts which include humans, horses and
cattle [taken from (Morita, Nabeshima and Buerano, 2015)].
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In endemic areas, JE primarily affects children under 15 years of age, while most
adults have protective immunity after natural exposure to the virus (Potula, Badrinath
and Srinivasan, 2003; Bista and Shrestha, 2005; Kari et al., 2006; Yen et al., 2010; Li
et al., 2016). Conversely, in regions with childhood JE vaccination programmes, most
cases occur among unvaccinated adults (Hombach et al., 2005; Arai et al., 2008; Lee
et al., 2012; Gurav et al., 2016; Li et al., 2016; Sunwoo et al., 2016). The duration of
protection provided by both natural immunity and vaccines remains uncertain and
requires further research with improved surveillance (SAGE Working Group on
Japanese encephalitis vaccines, 2014). While most JEV infections are asymptomatic,
clinical disease occurs in approximately 1 in 250 infections (Fischer et al., 2008;
SAGE Working Group on Japanese encephalitis vaccines, 2014). Symptoms are
non-specific and may include headache, fever, vomiting, myalgia, mental confusion
and seizures (Solomon and Vaughn, 2002). For symptomatic cases, the mortality
rate can be as high as 30% and 20-30% of survivors experience permanent
neurologic and psychiatric sequelae such as paralysis, recurrent seizures, or inability
to speak (Fischer et al., 2008). There is no specific treatment for JE however,

supportive care can improve health outcomes.

Japanese encephalitis is an important paediatric health issue in India. Since the first
case was recorded in 1955 in Tamil Nadu, JE outbreaks have been reported in most
states (Government of India, 2014; Kulkarni et al., 2018). A major JE outbreak in
Uttar Pradesh in 2005 lead to approximately 6000 cases and 1400 deaths (Parida et
al., 2006) and resulted in the Indian Government introducing a vaccination
programme targeting districts with high numbers of reported cases (Government of
India, 2014). More recently, there have been large outbreaks reported in the state of
Odisha in 2012, Bihar in 2014 and in Manipur in 2016 (Bagcchi, 2014; Kulkarni et al.,
2018). National surveillance case data collected from endemic states during 2008 to
2013 revealed that children under the age of 15 years were most vulnerable and
cases general occur from July with a peak in September to October (Government of
India, 2014). Whereas in Assam state, cases occur from February and peak in July.

The estimated population seroprevalence for JEV across Asia remains uncertain due
to the lack of seroepidemiological studies (Ramli et al., 2022) which have been

hindered by serological assays that are unable to account for cross-reactivity with
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other flaviviruses (Nealon et al., 2019). Of the few seroprevalence studies in Asia,
most have detected high seropositivity in adolescents (range: 61% - >75%), relatively
low seropositivity in adults (range: <25% - 43%) and high seropositivity in older
adults/elderly (range: 52% - 86%) (Arai et al., 2008; Hsu et al., 2014; Sudjaritruk et
al., 2022). This trend may be attributable to childhood vaccination in adolescents and
historical natural infection in older adults/elderly. However in India, a population-
based cross-sectional serosurvey conducted in the district of Alappuzha in Kerala
state in 2012 reported JE seropositivity rates of 15.6%, 15.4%, 18.1% and 12.9% for
children, adults, older adults, and elderly, respectively (Balakrishnan et al., 2017).
This low estimated seroprevalence may have resulted from the exclusion of
vaccinated children from the study and the fact that Alappuzha is a non-endemic
region (Government of India, 2014). Nonetheless, if the estimated population
seroprevalence is representative of regions nationally, this would mean a high

proportion of the population remain susceptible to JEV infection.

India first introduced a JE vaccination campaign in 2006 using a single dose of the
SA 14-14-2 live attenuated JE vaccine, targeting children aged 1-15 years
(Government of India, 2014). A two-dose vaccine regime was introduced in 2013 with
the first administered in children aged nine months and the second in children aged
16-24 months (Government of India, 2014). Though the vaccine efficacy is reported
to be 97.5% for a two-dose regimen (Hennessy et al., 1996), studies have reported
vaccine efficacy of 30% - 40% in India (Vashishtha and Ramachandran, 2015;
Tandale et al., 2018). Possible explanations for this may include challenges with cold
chain transport (Saikia, 2017), differences in circulating JEV genotypes in India
(Schuh et al., 2013) or cross-reactive immunity to other flaviviruses. In addition,
India’s vaccination programme is only reported to occur in 40-50% of JE-endemic
districts (Vannice et al., 2021) and studies have shown vaccination coverage is lower
than reported (Murhekar et al., 2017). Poor JE surveillance data and a lack of trust in
the Indian public health system are substantial challenges to the success of the
national vaccination strategy (Government of India, 2014; Singh et al., 2015; Saikia,
2017).

Limited surveillance data have also hindered the understanding of JE incidence, its

potential geographic distribution, and important drivers of disease risk (Lord, Gurley
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and Pulliam, 2015; Longbottom et al., 2017). Although climate and land-use have
been cited as major drivers of JE risk due to their impact on the dynamics of
mosquito populations (Figure 1.3) (Keiser et al., 2005b; Le Flohic et al., 2013), the
relative importance of different socio-ecological factors and their potential interactions
remains uncertain (Lord, Gurley and Pulliam, 2015). Indeed, climate change is
predicted to influence JE risk (Pearce et al., 2018) but the impact of projected
irrigated agricultural expansion (IRRI, 1988; Alexandratos and Bruinsma, 2012) and
potential future socioeconomic scenarios (Riahi et al., 2017) has not been explored.
JE risk in India serves as an excellent case study because of the high burden of
disease as a consequence of large outbreaks over recent years (Heffelfinger et al.,
2017; Kulkarni et al., 2018; Lindquist, 2018), and India’s biologically diverse
landscapes (MOEF, 2019), high proportion of irrigated agriculture (Alexandratos and
Bruinsma, 2012) and its recognition as a global infectious disease hotspot (Gupta
and Guin, 2010; Grace et al., 2012b). An improved understanding of the distribution,
drivers, and dynamics of JE in India is needed to formulate public health measures
that will minimise risk by preventing or mitigating conditions that drive JE outbreaks.
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Figure 1.3. Conceptual framework underpinning approach to modelling Japanese
encephalitis transmission.

The blocks indicate major system components, the arrows show links, and key
subcomponents are in smaller font. Ecological factors (indicated by yellow blocks) such as
climate and land-use determine the host and vector niches, their temporal dynamics and
contact, resulting in the infected vector niche. Socioeconomic factors (indicated by blue
blocks) determine the susceptible human population, and disease transmission occurs when
infected vectors (hazard), susceptible people (vulnerability) and spill-over factors (exposure)
overlap, resulting in infected human populations (risk). Of these, only a proportion will be
reported cases. The diagram provides a conceptual framework for how different socio-
ecological factors interact to promote disease risk however, the relative importance of these
components and their potential interactions remains uncertain for JE (Lord, Gurley and
Pulliam, 2015).

In Chapter 2, | review current knowledge on the relative effect of global change
processes on MBD risk in general and investigate how these processes have been
previously incorporated into existing analyses. | consider whether the focus on the
effects of climate change in MBD research without accounting for the effects of other
drivers is justified, and how the ability to predict and forecast risk might be improved
in the future. | then apply this understanding in the following chapters which focus on

guantitative modelling approaches to capture JE risk in India.

32



Lydia Franklinos — Effects of global change on mosquito-borne disease (doctoral thesis)

Previously, process-based mechanistic models have been used to reproduce
complex interactions and predict pathogen spillover for multiple MBDs (Tompkins
and Ermert, 2013; Laneri et al., 2015; lacono et al., 2018; Tennant et al., 2021).
However, these models are often difficult to parameterise due to the vast amount of
data they require (Tjaden et al., 2018). At the other end of the spectrum, correlative
models such as ENMs require less information to predict the geographic distributions
of pathogens, vectors or MBD risk (Tjaden et al., 2018; Johnson, Escobar and
Zambrana-Torrelio, 2019) but they often fail to consider ecological interactions
(Johnson, Escobar and Zambrana-Torrelio, 2019), socioeconomic, and land-use
factors (Tjaden et al., 2018). By contrast, Bayesian hierarchical modelling
approaches have a superior ability to model complex interactions (McElreath, 2020c)
and compensate for data biases (Redding et al., 2017a). This has led to their
increasing use in defining the relationship between socio-ecological drivers and
disease risk (Redding et al., 2017b; Childs et al., 2019; Lowe et al., 2021) and in
assessing potential disease spread with future global change (Redding et al., 2019;
Ryan et al., 2019).

In Chapter 3, | use a novel modelling approach to address data and knowledge gaps
in the spatiotemporal patterns and drivers of JE vector abundance - a key component
of JE hazard. To do this, | assemble a database of JE vector occurrence and
abundance records from India (340 unique records from 24 published studies) and
use a joint-likelihood modelling technique that leverages information from sparse
vector surveillance data. | aim to determine which environmental factors drive
seasonal JE vector abundance and highlight areas to target future surveillance effort
to reduce sampling bias and improve surveillance data. | also consider whether

vector abundance alone may be used as a proxy for JE hazard.
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Figure 1.4. Conceptual framework underpinning approach to Chapter 3

In Chapter 3, | aim to predict seasonal JE vector abundance (i.e., vector species temporal
dynamics) using ecological factors. | also consider whether seasonal vector abundance may
be used as a proxy for JE hazard (i.e., infected vector niche). However, my correlative
analysis will be limited by a lack of mechanistic understanding behind the effects of climate
and land use factors on the occurrence and abundance of JE vectors. Furthermore, | will not
include reservoir host-vector contact or infection data in my analysis and so seasonal vector
abundance will be considered as a proxy for JE hazard (i.e., infected vector abundance).

In Chapter 4 | perform a spatiotemporal epidemiological analysis of passive JE
human case surveillance data from 2009-2019 to analyse the impact of socio-
ecological drivers in shaping the spatial and seasonal dynamics of JE risk. |
investigate the relative importance of different environmental and socioeconomic
factors in driving spatial patterns of JE risk and determine if these factors can be
used to predict endemic areas of JE transmission and seasonal patterns in JE cases.
| aim to improving understanding of this understudied disease and define potential
areas of underreporting with a view to informing future surveillance efforts and public

health interventions.
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Figure 1.5. Conceptual framework underpinning approach to Chapter 4

In Chapter 4, | investigate the relative importance of different ecological and socioeconomic
factors in driving spatial and temporal patterns of JE risk. Owing to data paucity, | do not
consider the components of human population movement, temporal dynamics of host and
vector species or the infected vector niche in my models. Instead, | use ecological factors to
define the vector and host species niches and socioeconomic factors to determine the
susceptible human population. This correlative approach is limited by a lack of mechanistic
understanding behind the effects of ecological and socioeconomic factors on JE disease risk.

In Chapter 5, | extend the JE risk model developed in Chapter 4 to test scenarios of
global change on JE risk. | explore how different climatic, agricultural, and
socioeconomic change scenarios might influence JE risk in north-east India over the
coming decades. My goal in this chapter is a first step towards incorporating MBD
risk into not only public health but also environmental policy decisions to identify
trade-offs across land-use, climate, food security and human health. Finally, in
Chapter 6, | review and discuss my key conclusions, evaluate any limitations, and
provide insights from the thesis. In addition, | propose recommendations for future

research and highlight possible global health and environmental policy relevance.
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Chapter 2:

The impact of global change on mosquito-borne disease

In this chapter, | review and synthesise the current state of knowledge on the impact
of global change on mosquito-borne disease risk, to ask: is current research focus on
the effects of climate change justified, and what are the key knowledge gaps from the

perspective of improving our ability to project disease risk and target interventions?

2.1 Abstract

Over 80% of the global population is at risk of a vector-borne disease, with mosquito-
borne diseases (MBDs) being the largest contributor to human disease burden.
Although many global processes such as land-use and socioeconomic change are
thought to influence MBD dynamics, research to-date has strongly focused on the
role of climate change. | show, through a review of contemporary modelling studies,
that there is no clear consensus on how future changes in climatic conditions will
impact MBDs, possibly because of the interacting effects of other global change
processes which are often excluded from the analyses. | conclude that research
should not only focus on the role of climate change but consider growing evidence for
additional factors that modulate disease risk. Furthermore, future research should
adopt new technologies, including developments in remote sensing and system
dynamics modelling techniques, enabling a better understanding and mitigation of

MBDs in a changing world.

2.2 Introduction

Diseases transmitted by arthropod vectors such as mosquitoes and ticks are major
contributors to the global burden of infectious disease (WHO, 2017), with nearly half
the world’s human population being infected with a vector-borne pathogen at any
moment (WHO, 2014). In particular, MBDs are a key group of concern, as they
include both very high burden and important emerging diseases such as: Human

malaria (~212 million cases per year), Dengue (~96 million cases per year),
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Chikungunya (~693 000 cases per year) and Zika virus disease (~500,000 cases per
year) (Table 2.1) (Kilpatrick and Randolph, 2012).

Table 2.1. Number of cases per annum for the major mosquito-borne diseases of
global health significance and the genera of associated mosquito vectors.

Adapted from WHO ‘A global brief on vector-borne diseases’,(WHO, 2014) and ‘Global
vector control response 2017-2030" (WHO, 2017).

Disease Mosquito vectors Estimated or reported
number of cases per annum
Malaria Anopheles 212 million (148-304 million)
Dengue Aedes 96 million (67—136 million)
Lymphatic filariasis Aedes, Anopheles, 38.5 million (31.3—-46.7
Culex million)
Chikungunya Aedes, Anopheles, 693 000
Culex, Mansonia (Americas)
Zika virus disease Aedes 500 000
(Americas)
Yellow fever Aedes, Haemagogus 130 000 (84 000-170 000)
(Africa)
Japanese encephalitis | Culex 42 500 (35 000-50 000)
West Nile fever Culex 2 588

Globally, many MBDs are thought to be increasing in incidence and geographic
distribution, both emerging in new areas (Stanaway et al., 2016; Paix&o, Teixeira
and Rodrigues, 2017), and re-emerging in previously eradicated regions (Grobbelaar
et al., 2016; WHO, 2017). For example, there has been a 30-fold increase in the
global incidence of dengue over the past 50 years, following its expansion into many
new countries (Gubler, 2011; Bhatt et al., 2013; Stanaway et al., 2016), while yellow
fever cases are reported to be increasing again in many endemic countries after
previous dramatic declines (Grobbelaar et al., 2016). These diseases, with their
corresponding high levels of morbidity and mortality, have the potential to exert
significant negative financial and societal effects and can dramatically inhibit the
development and structure of economies, societies and politics (WHO, 2017). As a
consequence, much research has been targeted at understanding the current and

future geographic distributions of disease risk, in the context of on-going global
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change, to help guide interventions and safeguard public health (Campbell et al.,
2015; Kraemer et al., 2015; Longbottom et al., 2017).

In this context, there has previously been a strong research focus on modelling the
direct effects of climate change on spatial and temporal disease risk (Brady et al.,
2014; Christiansen-Jucht et al., 2014; Mordecai et al., 2017), paying less attention to
other factors that are already known to interact with both climate change and vector-
borne diseases, such as land-use and socioeconomics (e.g. poverty, trade and
travel) (Kilpatrick and Randolph, 2012; Gottdenker et al., 2014; Parham et al., 2015).
Indeed, these additional global processes, and the interactions between them, may
reasonably be shown to have a stronger immediate impact on future MBD burden
than climate change effects (Newbold, 2018). This would mean a more complete
understanding of the role of global change in modulating the spatial and temporal
distributions of MBDs will be essential for the successful prediction and management
of disease risk in the future (Whitmee et al., 2015). In this review, | synthesise current
knowledge on the relative impact of global change processes on MBD risk and
critically examine how these have been incorporated into existing analyses. | argue
that the current focus on the effects of climate change is insufficient, considering
growing evidence for the key role of other global change processes in modulating
MBD risk. | suggest an alternative approach to modelling MBD risk and recommend

future directions for research.

2.3 Climate change as a driver of mosquito-borne disease

2.3.1 Review of current literature

| reviewed the scope and outcome of climate-based MBD modelling studies,
structuring the search to explore two main axes. Firstly, | considered different
mechanisms examined by each study as climate and climate change may affect
MBD epidemiology via different pathways, such as influencing pathogen
development within the mosquito, and vector population dynamics (Ladeau et al.,
2015; Lounibos and Juliano, 2018). Secondly, | examined how different modelling

approaches, such as mechanistic and correlation-based methods, have been used to
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predict the effect of climate on the risk of multiple MBDs over different geographic

and temporal scales (Tjaden et al., 2018).

Owing to time limitations, | conducted a rapid review in which components of the
systematic review process are simplified or omitted (Tricco et al., 2015). This
included limiting the search to literature published in English within two databases,
PubMed and Web of Science, between 15t January 2014 to 28" March 2018
inclusive. This time period was selected to reflect the field since the publication in
2014 of the WHO document, ‘A global brief on vector-borne diseases’ which called
for further research on this topic (WHO 2014). In addition, only one person screened
the literature search results and quality appraisal of the studies was not conducted.
Search terms were related to models of human MBDs and climate change:
(“mosquito*™” or "mosquito-borne disease*" or "mosquito borne disease*") AND
("climate chang™" or “climat* change™" or "climat* warm*" or "chang* climat*") AND
(“model*” or “modelling”). | excluded treatment papers, reviews, case studies and
surveillance reports and focused on modelling studies that evaluated the effect of
climate change on MBDs and their vectors. Climate change was defined as an
alteration (either observed or projected) in climatic parameters over several decades,
with changes in MBD risk being inferred from variations in disease incidence or

vector populations.

Of the 234 papers identified, 46 met the inclusion criteria (Appendix 1 Table S2.1).
Overall, 54% of studies demonstrated a positive relationship between climate change
and MBD risk, with increased variations in meteorological values associated with
increased vector abundance or disease incidence. However, the proportion of studies
showing this positive relationship varied depending on the geographic scale of the
study (Figure 2.1A). Of those studies that predicted increased disease risk with
climate change, less than half included key biological information, such as vector
critical climatic thresholds and 28% considered other global processes (Figure 2.1B).
Global change processes examined in the 46 studies included land-use in 17%,
human population density in 11%, of which less than half considered future human

density projections, and socioeconomics in 7%.
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Temperature, precipitation and humidity were the main parameters used to model
climate change (Appendix 1 Table S2.1). Over 97% of studies included the effect of
temperature change in their analyses, whereas 78% included precipitation and 22%
considered humidity. Temperature has been a predominant research focus since
mosquitoes are ectothermic and so ambient temperature strongly influences
important epidemiological processes including vector development, biting rates and
pathogen development rate within the vector (Reiter 2001; Mordecai et al. 2017).
Precipitation is regularly included as parameters in models of MBD risk as water
pools are required for mosquito development and associated humidity levels

influence mosquito survival and flight (Bates, 1949; lacono et al., 2018).

Changes in these meteorological variables were determined from recorded climatic
data or from projected climatic values using different scenarios of climate change
(e.g. IPCC emissions) (IPCC, 2014b). Regarding modelling approaches, over 50% of
the studies used correlative models to investigate statistical associations between
MBD risk and explanatory variables (Tjaden et al., 2018). Other studies used
mechanistic models which incorporated biological or environmental mechanisms
assumed to drive disease dynamics (e.g., increased rainfall providing water pools for
vector development). In addition, a few studies combined correlative and mechanistic
approaches in hybrid correlative models. Mechanistic models were used more
commonly for small geographic area analyses such as zonal and national, compared
with correlative methods which tended to be used for large-scale regional or global
analyses. Most studies were prospective (i.e., predicting to into future) but a few were

retrospective or theoretical.
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Figure 2.1. Rapid review of the impact of climate change on MBD risk.

(A) Percentage of studies predicting a positive (light green), negative or equivocal (dark
green) relationship between climate change and MBD risk per geographic region; number of
studies reviewed per region are indicated in parenthesis. (B) Number of positive studies that
consider the influence of other global change drivers in their models and/or critical climatic
thresholds affecting the vector competence of mosquitos, per by geographic region.

The overall results indicate that there is no clear consensus on how changes in
climatic conditions impact MBD risk. This equivocal conclusion may reflect the choice
of modelling parameters (i.e., selected climatic variables), the use of spatial or
temporal scales in the analyses, the modelling approach and/or, exclusion of
important factors or biological processes from the analyses.
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2.3.2 Narrative review of current literature

The strong focus on the effects of temperature change in the field of MBD research
(Caminade et al., 2014; Campbell et al., 2015; Paz, 2015; Tjaden et al., 2017)
appears to have led to a body of international scientific reports that conclude that
MBD expansion will likely occur in parallel with climate change (IPCC, 2014b; Watts
et al., 2017). However, these conclusions are based on the assumption that
temperature is a robust predictor of mosquito population dynamics, despite many
temperature-dependent relationships and interactions remaining poorly defined
(Paaijmans et al., 2012; Christiansen-Jucht et al., 2014; Ewing et al., 2016). For
example, the effect of increasing temperature on physiological traits in ectotherms
has been shown to be generally non-linear (Paaijmans et al., 2013; Mordecai et al.,
2017), and can result in negative outcomes such as reduced survivorship
(Christiansen-Jucht et al., 2014), and fast larval development, resulting in small adult
mosquitoes (Westbrook et al., 2010). Small mosquito body size has been associated
with reductions in fecundity, bloodmeal size and immunocompetence (Murdock et al.,
2012). Therefore, paradoxically, climate change may actually reduce the risk of
transmission in certain regions via the negative effects of increasing temperatures on

vector competence (i.e., the ability of vectors to become infectious).

Temperature also influences the time taken for pathogen development within the
mosquito (i.e., extrinsic incubation period [EIP]) (Paaijmans et al., 2012; Mordecai, et
al., 2017). The EIP has a major impact on disease transmission because small
changes in this parameter can greatly affect the number of mosquitoes that live long
enough to become infectious. However, most climate-based MBD models do not
include this parameter and when it is included, it is often based on out-dated,
temperature-dependent models developed from a single mosquito species that do
not consider the influence of other abiotic (e.g., larval habitat quality) or biotic (e.g.,
parasite competition within the mosquito) factors (Ohm et al., 2018). Studies have
typically demonstrated EIP to be shortened with increasing temperatures, and
suggested related high infection and transmission rates (Reisen, Fang and Martinez,
2006; Barbazan et al., 2010; Tjaden et al., 2013). However, this effect may vary
considerably depending on the specific vector and pathogen (Ohm et al., 2018). For

example, in Aedes vectors, low temperatures have been shown to shorten EIPs and

42



Lydia Franklinos — Effects of global change on mosquito-borne disease (doctoral thesis)

cause high viral infection rates by suppressing mosquito antiviral immunity
(Westbrook et al., 2010). Other studies have found large temperature fluctuations at
low mean temperatures cause shorter EIPs and higher infection in vectors of dengue
virus (Lambrechts et al., 2011; Carrington et al., 2013) and malaria (Paaijmans et al.,
2010), when compared with more consistent conditions. The lack of clarity about the
relationship between EIP and temperature is a critical knowledge gap that requires

further empirical research to inform accurate forecasting of MBD risk.

There is considerable debate about how future climate change will impact
precipitation trends (IPCC, 2013; Harris et al., 2014), but the consensus is that an
increasing frequency of extreme precipitation levels is likely (Booth, 2018). With
regard to MBDs, increased variation in precipitation may either augment vector
breeding habitat formation or reduce it via detrimental periods of drought and
extreme flooding. Similar to the effects of temperature, the relationship between
precipitation and MBD risk is non-linear (Paz, 2015; Davis et al., 2017). Several
lagged effects (i.e., time-lags between water pooling and adult mosquito emergence)
need to be considered in any analysis (Stewart Ibarra et al., 2013). Furthermore,
precipitation alone does not account for the presence of vector breeding habitat; this
will also depend on species-specific preferences (i.e., water depth) and hydrological
factors (e.g., as solil type, vegetation) that control temporary water body development
(Day and Shaman, 2008; Davis et al., 2017). A few studies have incorporated
hydrological processes into their regional disease risk models (Day and Shaman,
2008; Soti et al., 2012; Asare, Tompkins and Bomblies, 2016), but the practice has
not been widely adopted possibly because of the increased complexity needed to
model these processes or lack of collaboration between disease researchers and
hydrological experts.

Although climate-based models have proved useful in understanding MBD risk at
local scales (Siraj et al., 2014) and short timescales (Lowe et al., 2017b), models
based solely on approximating the impacts of climatic factors are unlikely to be as
effective over large spatial and temporal scales. Other important mechanisms that
influence the geographic distributions of vector populations, such as dispersal (e.g.,
via host movement, wind and trade routes), and biotic interactions (e.g., competition
and predation) (Peterson, 2008; Dobson, 2009; Lounibos and Juliano, 2018) are
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already known. For instance, although West Nile Virus was theoretically able to exist
in the Americas due to climatic suitability, it was not until 1999 that it spread from its
original range in Africa, southern Europe, and Southwest Asia, to the whole of North
America, likely due to dispersal by migratory birds (Peterson, 2008). Likewise, Aedes
aegypti was expected to occupy rural habitats of southern USA due to climatic
suitability, but these predictions proved inaccurate when competitor, Aedes

albopictus was present (Lounibos and Juliano, 2018).

Therefore, the burden of disease from MBDs felt by human populations is probably
an emergent property from a set of interacting processes which vary at different
spatiotemporal scales. For instance, although climate change is likely to cause some
predictable range shifts in vector species (Warren et al., 2018), the precise impact of
these changes can only be understood in the wider context of a set of non-biological
factors, such as land-use change and socioeconomic development (Dobson, 2009).
Such interactions may be additive as demonstrated by the synergistic effects of
climate change, urbanisation, international trade and travel that have promoted the
global expansion in dengue transmission risk (Campbell-Lendrum et al., 2015).
Alternatively, they may be subtractive as seen with the global malaria recession
which has occurred in parallel with increasing urbanisation (Tatem et al., 2013) and
economic development (Sachs and Malaney, 2002). However, the usefulness of
climate-based models of MBD risk should not be underestimated. There is a need for
more complex models that consider multiple global change processes to predict
distributions of MBD risk in the context of on-going global change (Caminade et al.,
2014).

2.4 Theimpact of land-use changes on mosquito-borne disease

Land-use change, from natural to human-dominated landscapes, is a key signature
of the Anthropocene (Steffen et al., 2011) and can alter disease risk by influencing
the interactions between people, pathogens, vectors and vertebrate hosts (Lambin et
al., 2010; Kilpatrick and Randolph, 2012; Gottdenker et al., 2014; Johnson, de Roode
and Fenton, 2015; Gibb, Moses, Redding and Kate E. Jones, 2017; Hassell et al.,

2017). The immediacy and strength of land-use change impacts on local ecology
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(Hudson et al., 2014) supports the argument that it may prove to be the most
important driver of recent disease emergence and global spread (Jones et al., 2008;
Lambin et al., 2010; Kilpatrick and Randolph, 2012). However, the impact of land-use
change on MBD risk will depend on several factors such as its geographic region and
mode of the change (i.e., whether it was due to deforestation, agriculture, irrigation,

and/or urbanisation). Each of these types of change are discussed below.

2.4.1 Deforestation

Deforestation has been associated with increased human exposure to MBDs
(Fornace et al., 2016; Chaves et al., 2018) via its effect on the ecology of vertebrate
hosts of zoonotic pathogens, vectors, and vector-host interactions. For example,
biodiversity declines are associated with primary forest clearance (Newbold et al.,
2015) and may result in shifts in the community composition of wildlife hosts
(Kilpatrick and Randolph, 2012; Roche et al., 2013; Hassell et al., 2017) and
emergence of infectious diseases (Jones et al., 2008). It is postulated that in
biodiverse regions, multi-host community structures may be able to buffer against
disease outbreaks since pathogen transmission may be diluted (Ostfeld and Keesing,
2000; Wilcox and Gubler, 2005; Civitello et al., 2015). Despite the theoretical and
empirical evidence for this ‘dilution effect’ being strongest for vector-borne pathogen
transmission (Ostfeld and Keesing, 2000; Faust et al., 2017), the generality of this
theory remains disputed (Randolph and Dobson, 2012; Faust et al., 2017; Luis,
Kuenzi and Mills, 2018).

Since mosquito ecology is dependent on abiotic and biotic environmental conditions,
land-use changes will have a significant effect on populations (Ladeau et al., 2015)
via altering microclimates, biotic interactions (e.g., predation and competition), and
nutrient availability (Burkett-Cadena and Vittor, 2017). Deforestation promotes the
growth of certain mosquito populations due to changes in sunlight and pH of water
pools in cleared areas (Patz et al., 2000). For instance, increased sunlight has been
shown to assist mosquito survival by providing nutrients for larvae (Brouard et al.,
2011), and limiting entomophagic fungi growth (Rueda Paramo, Lépez Lastra and
Garcia, 2015). Nevertheless, the effect of these changes on mosquito populations

will vary depending on the specific microclimate created and the species’ ecology

45



Lydia Franklinos — Effects of global change on mosquito-borne disease (doctoral thesis)

(Ladeau et al., 2015). Frequently, deforestation has been associated with an
increased abundance of mosquitoes that act as vectors of disease, with non-vector
species favouring undisturbed forest (Burkett-Cadena and Vittor, 2017; Loaiza et al.,
2017). The mechanisms behind this remain unclear, but may reflect evolutionary
processes that, due to a history of human-mosquito co-occurrence, have enabled
pathogens carried by disturbance-specialist mosquito species to adapt to infect

humans and proliferate in anthropogenic landscapes (Loaiza et al., 2017).

2.4.2 Agriculture

Agricultural land including cropland, livestock production and irrigated land, accounts
for more than 30% of the world’s land-use cover (Hurtt et al., 2011). Although
agricultural land conversion has led to enhanced global food production and
economic development, there has been an associated increase in MBD risk (WHO in
collaboration with FAO, UNEP, 1996; Lindblade et al., 2000; ljumba and Lindsay,
2001; Erlanger et al., 2005; Keiser et al., 2005a; Baeza et al., 2011; Jaleta et al.,
2013; WHO, 2014). Agricultural land has specific localised impacts on important
MBD correlates such as livestock numbers and water management practices (Hurtt
et al., 2011). In particular, livestock production, may modify MBD dynamics by
increasing blood meal availability for the vectors (Service, 1991) and provide
competent reservoir hosts to maintain (Patz et al., 2000; Le Flohic et al., 2013) and
even amplify (Patz et al., 2000) zoonotic pathogens. For instance, domestic pigs are
‘amplification’ hosts for Japanese encephalitis virus (JEV) since they mount high
levels of the virus in their blood which augments the proportion of infected vectors
(Scherer and Buescher, 1959; Le Flohic et al., 2013). Indeed, pig farming is reported
to be a key correlate in the prevalence of JEV in Asia (Erlanger et al., 2009).
Furthermore, livestock production may influence MBD risk via its interaction with
climate change since it significantly contributes to global greenhouse gas emissions;
conversely, climate change may influence disease transmission in domestic animal
populations (Booth, 2018).

Irrigation and dam creation have led to marked changes in the risk of global MBDs
such as JE, lymphatic filariasis (LF) and malaria (ljumba and Lindsay, 2001; Erlanger
et al., 2005; Keiser et al., 2005b; Baeza et al., 2011; Kibret et al., 2016). These
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practices lead to a dramatic expansion in vector breeding habitat (Patz et al., 2004)
and may extend disease transmission seasons (ljumba and Lindsay, 2001), alter
seasonal transmission dynamics in endemic areas (Baeza et al., 2011) and enable
pathogen spread into non-endemic areas (Erlanger et al., 2009; van den Hurk,
Ritchie and Mackenzie, 2009; Fuller et al., 2012). However, the effects of these
schemes on vector populations are complex and will also depend on vector species-
specific life-history traits (Ladeau et al., 2015). For example, Culex quinquefasciatus,
a major vector of LF in Asia, prefers to breed in clean water whereas conspecific,
Culex tritaeniorhynchus, principal vector of JEV, favours stagnant water (Bashar et
al., 2016).

Importantly, irrigation practices may also affect the socioeconomic status of a region
which can influence MBD dynamics. The ‘paddies paradox’, whereby land conversion
for irrigation leads to an initial increase and then decrease in MBD risk, has been
reported for malaria in Africa (ljumba and Lindsay, 2001) and Asia (Baeza et al.,
2011). This phenomenon is postulated to reflect increasing socioeconomic status in
the region associated with improved crop production. Other possible mechanisms
include changes in ecology which limit vector abundance (Chase and Knight, 2003)
and reduce pathogen spread over time (Moore, Borer and Hosseini, 2010). With
future expansion of irrigation practices and dam construction expected (Alexandratos
and Bruinsma, 2012; Kibret et al., 2016; Anderson et al., 2018), their influence on

disease risk requires consideration.

2.4.3 Urbanisation

The majority of recent urbanisation has occurred in developing countries, where rapid
and unregulated urban settlements have caused a huge strain on public health
programmes. In 2016, 54% of the global population was reported to reside in urban
areas; a significant increase from 34% in 1960. This trend looks set to continue (The
World Bank, 2016) with 2.5 billion people predicted to augment the world’s urban
population by 2050, predominantly in Asia and Africa (United Nations, Department of
Economic and Social Affairs, 2014). Increasing numbers of people living in high
densities may lead to higher overall pathogen transmission risk for some MBDs

(Weaver and Reisen, 2010), while high levels of travel and trade in urban hubs can
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enable the spread of vectors and pathogens between population centres (Saker et
al., 2004; Weaver and Reisen, 2010; Gubler, 2011; Weaver, 2013). Nevertheless, the
impact of urbanisation on MBD risk is complex since evidence suggests both an

expansion of some diseases and contraction of others.

For instance, urban expansion has promoted the emergence of arboviruses
transmitted by Ae. aegypti, such as dengue, chikungunya and zika (Kwa, 2008;
Gubler, 2011; Weaver, 2013; Hotez, 2017) (Table 2.1), by influencing resource
availability and climatic factors that alter mosquito community ecology (Ladeau et al.,
2015). The phenomenon known as the urban heat island (UHI), whereby urban areas
experience warmer temperatures than surrounding rural areas (Imhoff et al., 2010),
may increase the speed of vector development (Ladeau et al., 2015). In addition, the
interplay between the structural complexity of urban landscapes and precipitation has
been associated with greater vector numbers and several dengue outbreaks in Asia
(Booth, 2018). Vectors such as Ae. aegypti and Ae. albopictus, are well-adapted to
urban areas (Brown et al., 2011), and breed in water containers, drains and gutters,
with limited competition or predation (Ladeau et al., 2015). However, the relative
impact of urbanisation on vector populations is unlikely to be geographically uniform
since urban environments represent a diverse spectrum of habitat mosaics which
vary in microclimatic features (Murdock et al., 2017) and socioeconomic status
(Ladeau et al., 2015).

In contrast, increased urban development has also been associated with the global
decrease in malaria over the past century (Qi et al., 2012; Tatem et al., 2013).
However, the underlying mechanisms remains unclear. Urbanisation has been
shown to reduce infectious disease burdens, likely via improved health care,
education and employment when compared with rural areas (Wood et al., 2017).
Nevertheless, reductions in disease risk may mask strong inequalities that exist
within urban populations, especially in low and middle-income countries where urban
communities with high levels of poverty show higher disease transmission than

nearby rural communities (Saker et al., 2004).
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2.5 Socioeconomics and mosquito-borne disease risk

Socioeconomic factors, are increasingly recognised as further important drivers of
MBD risk (Gallup and Sachs, 2001; Mulligan et al., 2015; Oviedo-Pastrana et al.,
2017). For malaria, there is a strong negative association between reported disease
risk and national gross domestic product per capita (GDPpc) (Gallup and Sachs,
2001). This association may reflect either high rates of malaria transmission in
impoverished settings or the development of poverty due to the burden of malaria on
economic growth, or a combination of the two processes (Gallup and Sachs, 2001;
Sachs and Malaney, 2002). Although poverty has been cited as an important factor in
the spread of several arboviruses (WHO, 2010; Oviedo-Pastrana et al., 2017), there
is a paucity of literature on this topic to support this hypothesis (Mulligan et al., 2015).
The economic burden associated with MBDs includes direct costs of health provision
and control programmes (i.e., vaccination and vector control), and indirect costs (i.e.,
impacts on education, demographics and human movement) (Gallup and Sachs,
2001; Sachs and Malaney, 2002). Furthermore, macroeconomic costs may occur
due to the influence of disease on foreign investment, trade and tourism (Sachs and
Malaney, 2002).

Sometimes these factors combine to impede economic development and strengthen
the relationship between poverty and disease (Sachs and Malaney, 2002; Alsan et
al., 2012; Ngonghala et al., 2017) leading to ‘poverty traps’; a self-reinforcing
mechanism enabling poverty and diseases to persist (Bowles, Durlauf and Hoff,
2006). This may be accelerated by the development of synergistic diseases referred
to as syndemics, as seen with LF and HIV in East Africa (Singer and Bulled, 2013).
Escaping from these traps is particularly difficult for underprivileged rural populations
who generally rely on subsistence agriculture, have poor access to healthcare and
suffer high rates of infectious diseases. A further complexity arises when disease risk
is a function of underlying production systems, e.g., livestock are a major feeding
resource for Rift Valley Fever vectors and rice paddies are a major habitat
component for JEV vectors. Since the currency of the rural poor is often biological
(i.e., crops and livestock, human health and nutrition) and the dynamics of this
currency can exist within ecological systems, economic development may be tied to

ecological processes (Ngonghala et al., 2017). Models representing this relationship
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show that ‘poverty traps’ are features of coupled ecological-economic systems and
within these systems, infectious diseases can limit economic growth (Ngonghala et
al., 2017).

External intervention (e.g., use of federal funds or international aid) can allow areas
with high endemic disease burden to escape disease-poverty feedbacks (Bloom,
Canning and Sevilla, 2004). This economic development may then act to reduce
contact between people and mosquitoes via vector protection, improved housing and
environmental management (e.g., larvicide treatment, vector habitat destruction)
(Tolle, 2009; Kilpatrick and Randolph, 2012). Moreover, there is often a reduction in
hazardous behaviours such as accessing high risk areas for resource exploitation or
settlement (Lambin et al., 2010). While the weight of evidence suggests economic
growth reduces MBD risk, it also results in increased movement of people, animals
and commodities, with accompanying pathogens and vectors via travel and trade
(Patz et al., 2000; Gubler, 2011; Nunes et al., 2014; Kampen et al., 2016).

2.6 Theinterplay between global change processes

Despite growing convergence in the field of MBD research that considers interactions
between global change processes (Campbell-Lendrum et al., 2015), these dynamics
and potential resulting trade-offs that either positively or negatively impact global
health (Whitmee et al., 2015), are often not represented in models. Below, | outline
the impact of these interactions on the global distribution of dengue which has
dramatically expanded over the last 30 years and malaria which has contracted in the
same period (Figure 2.2). This comparison helps to illustrate the fact that climate is

just one part of an overall mechanism that is changing the epidemiology of MBDs.
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Figure 2.2. Percentage change in dengue cases and malaria deaths between 1993 and
2013 per WHO region overlaying annual mean land temperature (°C) change within the
same period.

The figure demonstrates that despite changes in temperature over the period 1993-2013,
disease risk for two mosquito-borne diseases diverged. This simple graphical interpretation
emphasises that climate is not the only factor driving mosquito-borne disease risk however,
the metrics of disease risk (i.e., cases versus deaths) used are different and differences in
disease system ecology (e.g., ecology of pathogens and vectors) are not considered. WHO
regions include Latin America, Caribbean, North America, North Africa and Middle East,
South and Southeast Asia, Central and East Asia, Oceania, Sub-Saharan Africa. Climatic
data was accessed via the Climatic Research Unit and case data retrieved from the Global
Burden of Disease Survey 2013 (Stanaway et al., 2016; Abajobir et al., 2017).

2.6.1 Dengue

Although climate change is known to directly influence dengue transmission, Messina
et al. (2015) suggested that other global change processes and their interactions with
climate are likely to have a greater effect in the more immediate future. The rapid
global emergence of dengue within the past 50 years (WHO, 2012) is related to

interacting drivers including urbanisation, socioeconomics, climate change, travel and
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trade (Guzman and Harris, 2015; Ebi and Nealon, 2016). For instance, the significant
expansion of urban areas after World War Il, especially in Asia, meant large numbers
of people migrated into cities, often residing in housing with no sanitation or running
water (Gubler, 2011). These factors, combined with poor health-care infrastructure
meant that by the 1980s, dengue virus had escalated from causing sporadic
epidemics to being a leading cause of morbidity and mortality in Southeast Asia
(Gubler, 2011). However, the expansion of dengue was preceded by the spread of its
principal vectors, Ae. aegypti and Ae. albopictus. Originally zoophilic and sylvatic,
these mosquitoes became domesticated and were introduced to global urban hubs
via travel and trade (Brown et al., 2011; Kraemer et al., 2015). Local populations of
dengue vectors then increased in urban landscapes due to the higher numbers of
human hosts and the abundance of suitable breeding habitats (Kraemer et al., 2015;
Ladeau et al., 2015). Furthermore, complex interplay between UHI, pesticide use and
vector competition have been reported to impact vector competence and influence

dengue transmission (Ladeau et al., 2015).

2.6.2 Malaria

Much research has pointed to interactions between malaria transmission, land
conversion, socioeconomics and human movement (Stratton et al., 2008; Baeza et
al., 2011; Baeza et al., 2017). For instance, a recent study coupled MBD dynamics
with socioeconomic outcomes that occurred during land transitions (Baeza et al.,
2017) and found it was common for an initial increase in malaria transmission to
occur after land-use change, followed by either a further rise or a decline in
transmission. This is postulated to arise due to ecological changes that promote
transmission (e.g., altered breeding sites and human-vector contact rates) occurring
at a much faster rate than economic changes which can reduce transmission risk
(e.g., improved housing and public health infrastructure). This analysis provided a
theoretical explanation for empirical observations of higher malaria risk during the
early stages of irrigation schemes compared with well-established irrigated land
(Lindblade et al., 2000; Baeza et al., 2011) and highlighted the need to consider both
wide-ranging sets of underlying drivers and appropriate timescales on which each

driver acts on a system.

52



Lydia Franklinos — Effects of global change on mosquito-borne disease (doctoral thesis)

The interacting effects of climate change and socioeconomic factors are also
predicted to dramatically influence malaria risk over longer timescales. A study found
that the projected population at risk in 2050 was estimated to be 5.2 billion when only
climatic effects were considered, 1.74 billion when only GDP effects were considered
and 1.95 billion when both factors were considered (Béguin et al., 2011). This
indicates that climate change may act to negate the continued contraction in malaria
expected with economic development. However, feedback loops between climate
change and economic development need to be better understood to improve

predictions.

2.7 Recommendations for future research

Although the effects of climate change on MBD risk are significant, the influence of
other global change processes and their interactions occur over shorter timescales
and therefore are likely to have greater impact in the immediate future (Millennium
Ecosystem Assessment, 2005). Considering the effect of climate change in isolation
may result in inaccurate predictions of MBD risk which may influence the formulation
of robust policy recommendations for these emerging diseases. This is compounded
by the fact that many studies do not account for the multiple sources of uncertainty in
their predictions (Caminade et al., 2014; Harris et al., 2014) including the data (e.g.,
health, environmental and socioeconomic), future global change scenarios (e.g.,

climate emission scenarios), and the structure of models and their outputs.
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Figure 2.3. A system dynamics approach to understanding MBD risk.

A conceptual model to show a system approach to understanding MBD risk whereby public
health outcomes are influenced by complex interactions between environmental and
socioeconomic systems. For disease transmission to occur requires the environmental niche
of the pathogen, vector and vertebrate host to overlap. The environmental niches of these
groups are influenced by the wider physical environment which varies in habitat quality and
composition of vector and host (animal and human) communities. Acting on these
environmental systems are major global change drivers such as land-use type, climate
change, socioeconomic conditions, travel, and trade that interact to influence MBD risk.

| advocate future research to adopt a holistic system dynamics approach (Figure 2.3)
whereby the relationships and the feedbacks between socioeconomic and
environmental systems are considered (Pongsiri et al., 2017). However, to achieve
this, several research gaps need to be addressed: Firstly, enhanced surveillance and
evaluation of public health measures is needed to improve health data and define the
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factors that promote disease risk. Secondly, empirical research is required to
describe the relationships between vectors, pathogens and global change processes
to improve parameterisation of MBD risk models. Thirdly, more high resolution, large-
scale datasets for other global change processes are needed to match the quantity of
climatic data available. Further, research is required to understand the scale at which
different global change processes influence MBD risk, and how to incorporate
multiple scales into MBD transmission models (Caminade et al., 2014; Parham et al.,
2015; Booth, 2018). Addressing these gaps requires improved funding for empirical
research and long-term surveillance at varying geographic scales, and enhanced
collaboration between researchers working within different disciplines of MBD
research. In addition, greater funding for transdisciplinary studies is required to
overcome unilateral modelling approaches and improve our understanding of disease
risk. The ever-increasing availability of ‘big data’, sensor technology and innovative
software, means researchers have the ability to understand environmental
heterogeneity and global change over multiple spatial and temporal scales, including
from real-time perspectives (Hay et al., 2013; Kraemer et al., 2016; Fleming et al.,
2017). High-resolution satellite remote sensing (RS) data are available for variables
including land-use, climate and human populations at a global scale over large time
periods. For example, current Sentinel satellite RS data products are available
weekly at 10 metre resolution and can be produced into environmental datasets such
as land cover products via machine learning approaches (Chen et al., 2020;
European Space Agency, 2022). Mobile phone data has also been used to map
patterns and processes in human populations (Deville et al., 2014; Lai et al., 2019),
and to examine the effect of human movement on disease transmission data
(Wesolowski et al., 2015; Engebretsen et al., 2020). For example, human mobility
estimates generated from mobile phone data can accurately predict the distribution
and timing of dengue epidemics in Pakistan (Wesolowski et al., 2015). In addition,
citizen science projects are engaging members of the public to record data such as
mosquito occurrence via applications on their mobile phones (Mukundarajan et al.,
2017; Vasconcelos et al., 2019; Sinka et al., 2021).
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2.8 Conclusion

Previous MBD research has tended to focus on unilateral climate change analyses
despite the growing evidence that other global change processes are important
determinants of disease risk. Adopting a system dynamics approach, whereby
relationships between socioeconomic and environmental drivers are considered, may
improve future MBD projections and facilitate stakeholder engagement by
demonstrating the effectiveness of common goals in a changing world. Enhanced
funding for transdisciplinary research and new opportunities in data availability and
analyses will enable a better understanding of the interacting mechanisms that drive
disease transmission which will help to guide interventions and safeguard global
health (Pongsiri et al., 2017).
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Chapter 3:
Joint spatiotemporal modelling reveals seasonally dynamic

patterns of Japanese encephalitis vector abundance across India

The rest of the thesis focuses on a case study disease, Japanese encephalitis (JE),
an important mosquito-borne disease which is a leading cause of viral
encephalopathy in Asia. In this chapter | develop a novel modelling approach to
predict seasonal vector abundance for the predominant JE vector across India, as

well as to examine the environmental drivers of these patterns.

3.1 Abstract

Predicting vector abundance and seasonality, key components of mosquito-borne
disease (MBD) hazard, is essential in the identification of the hotspots of MBD risk
and the effective implementation of targeted interventions. Japanese encephalitis
(JE), an important MBD, is a leading cause of viral encephalopathy in Asia with
100,000 cases estimated annually, but data on the principal vector Culex
tritaeniorhynchus is lacking. | developed a Bayesian joint-likelihood model that
combined information from available vector occurrence and abundance data to
predict seasonal vector abundance for C. tritaeniorhynchus (a constituent of JE
hazard) across India, as well as to examine the environmental drivers of these
patterns. Using data collated from 57 locations from 24 studies, | find distinct
seasonal and spatial patterns of JE vector abundance are influenced by climatic and
land-use factors. Lagged precipitation, temperature and land-use intensity metrics for
rice crop cultivation were the main drivers of vector abundance, independent of
seasonal, or spatial variation. The inclusion of environmental factors and a seasonal
term improved model prediction accuracy (mean absolute error [MAE] for random
cross validation = 0.42) compared to a baseline model representative of static hazard
predictions (MAE = 0.51), signalling the importance of seasonal environmental
conditions in predicting JE vector abundance. Vector abundance varied widely
across India with high abundance predicted in northern, north-eastern, eastern, and
southern regions, although this ranged from seasonal (e.g., Uttar Pradesh, West
Bengal) to perennial (e.g., Assam, Tamil Nadu). One-month lagged predicted vector
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abundance was a significant predictor of JE outbreaks (odds ratio 2.45, 95%
confidence interval: 1.52-4.08), highlighting the possible development of vector
abundance as a proxy for JE hazard. | demonstrate a novel approach that leverages
information from sparse vector surveillance data to predict seasonal vector
abundance (a key component of JE hazard) over large spatial scales, and thereby
provided decision-makers with improved guidance for targeting vector surveillance

and control efforts.

3.2 Introduction

Mosquito-borne diseases (MBDs) pose a substantial global health concern due to
their ongoing geographic expansion and increasing incidence (WHO, 2017,
Franklinos et al., 2019). Identifying hotspots of MBD risk is critical in informing
effective interventions and safeguarding public health (Smith, Dushoff and McKenzie,
2004). This is particularly important for understudied diseases, such as neglected
tropical diseases, because resources for disease surveillance and control are often
limited (World Health Organization and Department of Control of Neglected Tropical
Diseases, 2017). MBD risk can be understood as the likelihood of an outbreak due to
exposure of a susceptible population to an infected mosquito vector (hazard)
(Hosseini et al., 2017). Defining areas of MBD hazard requires knowledge of
pathogen prevalence in reservoir host and vector populations but these data are
often not available. Therefore, models that predict how vector populations may vary
over space and time, thereby estimating a key component of hazard, have become
vital tools in MBD epidemiology (Kraemer et al., 2016; Tjaden et al., 2018).
Nevertheless, considerable costs associated with vector sampling (ECDC and EFSA,
2018) have resulted in the limited availability of long-term vector surveillance
datasets over large spatial scales, hindering the ability to predict vector abundance

accurately and inform interventions.

Vector abundance (i.e., the number of individuals in a site at a given time) and
seasonality (i.e., intra-annual change in abundance) are important contributors to
pathogen establishment, persistence and transmission (ECDC and EFSA, 2018;

Tjaden et al., 2018; Liu-Helmersson et al., 2019). For example, regions with high
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vector abundance and a low seasonality (i.e., long periods when adult vectors are
active) will lead to increased likelihood of pathogen establishment and persistence
(ECDC and EFSA, 2018). Long periods of high vector abundance may also increase
the likelihood of pathogen transmission between vectors and hosts due to increased
contact rates that could lead to pathogen exposure ( e.g., via vector feeding) (White
et al., 2017; ECDC and EFSA, 2018). Despite the epidemiological importance of
vector abundance, most commonly available vector surveillance data consist of
categorical information on occurrence (i.e., presence/absence) and rarely provide

guantitative information on abundance (Rund et al., 2019).

The relative availability of vector occurrence data has contributed to the popularity of
species distribution models (SDMs) in MBD research (Kraemer et al., 2016; Tjaden
et al., 2018; Johnson, Escobar and Zambrana-Torrelio, 2019). These statistical
models typically correlate the presence of a species at multiple locations with
environmental covariates to predict species distributions (Elith and Leathwick, 2009).
Although they provide valuable information on potential vector geographic
distributions, knowledge of where vectors can occur is insufficient to provide an
accurate estimation of MBD hazard (ECDC and EFSA, 2018) particularly because
these models do not consider spatial and temporal dynamics (Becker et al., 2010). In
addition, for widely-used SDM approaches such as boosted regression tree (BRT)
models and MaxEnt, uncertainty estimates are produced by bootstrapping data which
can be computationally prohibitive (Elith, Burgman and Regan, 2002; Golding and
Purse, 2016). Without predictive uncertainty metrics, results may be misleading for
decision-makers since it may be difficult to distinguish between regions with accurate
predictions and those that have a high degree of uncertainty (Messina et al., 2019).
Alternatively, seasonal vector abundance has been estimated using mechanistic
models of vector populations based on a system of differential equations depicting
each life stage (White et al., 2017; Ewing et al., 2019). However, these models rely
on large amounts of experimental or empirical data (Tjaden et al., 2018) which can
be expensive to obtain and are often sparse for many vector species (Mordecai et al.,
2019). The lack of long-term abundance data (WHO, 2017; Liu-Helmersson et al.,
2019) has also meant that statistical models of seasonal vector abundance often
exist for local (Walsh et al., 2008; Chaves et al., 2012; Jian et al., 2014) rather than

for national or regional geographic scales. Overall, there is a need for improved
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estimates of components of MBD hazard which also account for uncertainty to
enable a better understanding of seasonal patterns in the risk of disease

transmission.

One of the most important yet relatively understudied MBDs is Japanese encephalitis
(JE), the leading cause of viral encephalopathy in Asia (LaBeaud, 2008; G. L.
Campbell et al., 2011; Quan et al., 2020). JE accounts for over 100,000 human
cases and 25,000 deaths annually, primarily affecting children and those living in
rural, agricultural areas (Baig et al., 2013; Quan et al., 2020). Although the disease is
endemic in 24 countries (Quan et al., 2020), the majority (87%) of cases in Asia are
reported from India, Nepal, China and Vietnam (Heffelfinger et al., 2017; Lindquist,
2018). The causative pathogen, Japanese encephalitis virus (JEV) is maintained in
an enzootic transmission cycle between mosquitoes and a range of amplifying hosts
including domestic pigs and ardeid wading birds (e.g., herons and egrets) (Le Flohic
et al., 2013). Agricultural practices such as rice cultivation and pig breeding provide
an ideal environment for human exposure to JEV, but other factors such as
population immunity due to vaccination will also influence the risk of disease
outbreaks (Tian et al., 2015). The virus is predominantly transmitted by the mosquito
vector Culex tritaeniorhynchus Giles, 1901 (Diptera: Culicidae) (Pearce et al., 2018)
and JE outbreaks are reported to be strongly associated with vector abundance
(Wada et al., 1975; Matsuzaki, 1990; Kim et al., 2014). Despite C. tritaeniorhynchus
being a major threat to human health and wellbeing, there are limited surveillance
data for this species (Longbottom et al., 2017) which has impeded knowledge on

spatiotemporal trends in vector abundance, a constituent of JE hazard.

C. tritaeniorhynchus population dynamics are strongly linked to climatic conditions,
such as temperature and rainfall (Suryanarayana Murty et al., 2002; Suryanarayana
Murty, Srinivasa Rao and Arunachalam, 2010), and to anthropogenic activities that
increase standing water, such as irrigated agriculture (Keiser et al., 2005b; Sabesan,
Raju Konuganti and Perumal, 2008; Raju et al., 2016, 2018). Experimental studies on
other Culex species have found important life history traits such as development rate
and survival generally peak at 15.7-38.0°C (mean thermal optimum = 28.4°C) and
then decline to zero for thermal minima (mean = 9.5°C) and maxima (mean = 39.5°C)

(Mordecai et al., 2019). Rainfall can both positively influence C. tritaeniorhynchus
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abundance via the creation of standing water for vector breeding (Reisen, Aslamkhan
and Basia, 1976; Vythilingam et al., 1997; Suryanarayana Murty, Srinivasa Rao and
Arunachalam, 2010) and negatively impact abundance during the monsoon
(Balasubramanian and Nikhil, 2015) via the destruction of breeding sites (ICMR,
2001). Irrigated agriculture provides suitable habitat for vector development and C.
tritaeniorhynchus is reported to breed preferentially in rice paddy fields (Keiser et al.,
2005b; Sabesan, Raju Konuganti and Perumal, 2008). Indeed, previous studies have
shown that vector abundance is positively associated with rice field density (Richards
et al., 2010), rice crop growth stage (Raju et al., 2016, 2018) and standing water
availability (Rajagopalan and Panicker, 1978; Keiser et al., 2005b). Interestingly, the
availability of standing water due to irrigation practices may lead to a reduction in
vector seasonality (i.e., by extending vector breeding seasons), especially in arid
regions which would otherwise be unable to sustain vector development during
summer months (Mukhtar et al., 2003; Baeza et al., 2011; Bashar et al., 2016; Raju
et al., 2016, 2018). Although environmental conditions are known to underpin the
seasonal dynamics of many vector populations (Lord, 2004; Ewing et al., 2019), the
importance of these factors in driving broad-scale spatial and temporal patterns of JE

vector populations remains poorly defined.

Previous studies have investigated the spatial distribution of C. tritaeniorhynchus
occurrence using SDMs (Masuoka et al., 2010; Miller et al., 2012; Longbottom et al.,
2017; Samy et al., 2018) but, there is a paucity of data on seasonal vector
abundance. Bayesian hierarchical modelling approaches have been used widely for
other animal species to estimate biodiversity trends by integrating multiple data types
in a single estimator (Pagel et al., 2014; Humphreys et al., 2019). This joint-likelihood
approach has also been used in MBD research to explicitly account for differences in
data quality and structure (i.e., different probability distributions) and can handle and
guantify sources of uncertainty associated with each data type (Amoah, Diggle and
Giorgi, 2020; Lucas et al., 2021). Here, | use this approach to develop a joint-
likelihood Bayesian hierarchical model that leverages spatial information from vector
occurrence probability to estimate seasonal vector abundance for principal JE vector,
C. tritaeniorhynchus across India. Firstly, my study aims to quantify the importance of
different environmental drivers of C. tritaeniorhynchus abundance — a key component

of JE hazard. | hypothesise that a critical driver of vector abundance is standing
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water provided by rice crop irrigation practices and periods of heavy rainfall during
the winter and monsoon seasons. Secondly, | aim to construct seasonal vector
abundance maps for India that account for uncertainty in predictions. Thirdly, | use
logistic regression to test whether there is a relationship between mosquito
abundance estimates and JE cases and discuss the potential for vector abundance
to be used as a proxy for JE hazard. The purpose of this research is to provide
decision-makers with useful information that will assist in their resource allocation for
intervention strategies and highlight areas to target for future vector surveillance.
India is used as a case study since it has one of the highest JE burdens in Asia (Baig
et al., 2013; Heffelfinger et al., 2017; Lindquist, 2018) and reports both endemic and
epidemic epidemiological patterns (Vaughn and Hoke, 1992; Misra and Kalita, 2010).

3.3 Materials and methods

3.3.1 Datasets

3.3.1.1 Vector data

| assembled a database of geo-referenced, spatially, and temporally unique C.
tritaeniorhynchus vector occurrence and abundance records in India from published
literature. A systematic literature search was conducted in PubMed and Web of
Science using the search terms “Culex tritaeniorhynchus” and “India”. The search
was limited to articles published in English between 15t January 1990 and 31t
December 2017 and returned 101 unique citations. Article abstracts were screened
to meet the following criteria for inclusion; (i) the reported study was undertaken after
1990, (ii) surveys provided species-level information at the studied location, and (iii)
the surveys were conducted in the mainland of India. The full text articles were then
reviewed and excluded if they pooled observations for more than one month since
this would increase uncertainty in the associations between vector occurrence and
abundance and predictor variables. The resulting 24 studies that met the inclusion
criteria were used to build the dataset. The database included 340 unique records of
adult vectors which ranged from 1990-2012 from 57 sampling locations resulting in
data from 352 location-months (see Appendix 2 Table S3.1). Of the 340 unique
records, 73 were occurrence-only records and 267 included occurrence and
abundance data (Figure 3.1). Records that included occurrence and abundance data
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were used twice in the analysis; once as occurrence data and once as abundance
data (total occurrence data n= 340, total abundance data n= 267) (see Appendix 2
Table S3.1). The study period was chosen to maximise the number of vector
surveillance records whilst enabling the use of high-resolution land cover datasets
that were available from 1990s. | built on previous C. tritaeniorhynchus occurrence
datasets developed by Miller et al., (2012) and Longbottom et al., (Longbottom et al.,
2017) to include information on mosquito presence, absence, and abundance,
collection method, collection year and month, and habitat descriptions. Mosquito
sampling locations in each study were identified as point locations. | calculated effort-
corrected abundance values of C. tritaeniorhynchus from the raw measurement
values by aggregating monthly counts and standardising them to survey effort (one
survey hour) abundance measure for each month. Most abundance data (86%;
n=228) were recorded from the state of Tamil Nadu (Figure 3.1A) and only four
studies performed continuous abundance measurements over consecutive months
(see Appendix 2 Table S3.1). Survey effort (one survey hour) vector abundance
measures were transformed to logscale to conform to normality and ranged from O to
6.49 (0 to 655 true scale) with a mean of 3.61. The occurrence and abundance data
used in the models were evenly distributed across all study months (Figure 3.1B).
However, there is a lack of vector data from 1992 to 1998 and most abundance data
were recorded from 2006 to 2012 (Figure 3.1C).

3.3.1.2 Additional inferred absence vector data

| randomly generated additional absence data for regions above 3500m since to my
knowledge, this is above the altitude that C. tritaeniorhynchus mosquitoes have been
recorded (Devi and Jauhari, 2004). To limit artefactual spatial and temporal
autocorrelation in model residuals, | limited these data to a total of 20 records from
12 locations which were randomly selected from high altitude regions in the states of
Arunachal Pradesh, Himachal Pradesh, Jammu and Kashmir, and Sikkim (Figure

3.1A) and randomly assigned a date from the study period.
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Figure 3.1. Spatial and temporal distribution of vector surveillance dataset used in
model.

(A) Points show the geographical sampling locations (n= 57) of the C. tritaeniorhynchus
records across India*, with occurrence-only records coloured orange (n = 74), records which
included occurrence and abundance data in green (n = 266), and pseudoabsence records in
purple (n = 20). Stacked barplots show the temporal distribution of the total vector
occurrence (orange) and abundance data (green) used in the analysis per month (B) and
year (C). *Abbreviations for Indian states and union territories: AP - Andhra Pradesh, AR -
Arunachal Pradesh, AS - Assam, BR - Bihar, CH — Chandigarh, CT- Chhattisgarh, DD -
Daman and Diu, DL - Delhi, DN - Dadra and Nagar Haveli, GA — Goa, GJ — Gujarat, HP -
Himachal Pradesh, HR - Haryana, JH - Jharkhand, JK - Jammu and Kashmir, KA -
Karnataka, KL — Kerala, MH - Maharashtra, ML - Meghalaya, MN - Manipur, MP - Madhya
Pradesh, MZ - Mizoram, NL - Nagaland, OR - Odisha, PJ - Punjab, PY - Puducherry, RJ -
Rajasthan, SK - Sikkim, TL — Telangana, TN — Tamil Nadu, TR - Tripura, UP - Uttar Pradesh,
UT - Uttarakhand, WB — West Bengal.
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3.3.1.3 Seasonal, environmental, and land-use data

| selected environmental variables hypothesised or reported to influence the
presence or abundance of C. tritaeniorhynchus populations (see Appendix 2 Table
S3.2 and Figure S3.1). For instance, temperature is known to influence the
development and survival rates of mosquito vectors and the availability of standing
water provided from precipitation or irrigated agricultural practices is required for
mosquito breeding (Niaz and Reisen, 1981; Bashar et al., 2016; Raju et al., 2018).
The full suite of covariates tested across all analyses, data sources and associated
hypotheses, including those considered but then dropped from the model, are

described as follows:

Climate variability was incorporated through inclusion of TerraClimate (Abatzoglou et
al., 2018) high-spatial resolution rasters (1/24°, ~4-km) for monthly cumulative
precipitation (mm), monthly maximum and minimum temperatures (°C). | calculated
monthly mean temperature (°C) from the maximum and minimum temperature
datasets. Mean monthly precipitation was log transformed to represent the nonlinear
effect reported between rainfall and vector abundance (L D Valdez et al., 2017). To
represent the lag association between weather conditions and mosquito abundance
(Tian et al., 2015), | also calculated average temperature and precipitation data for
the two months prior to the vector observation (henceforth referred to as two-month
lagged variables in this study) to account for the period for mosquito larval habitat to

increase and the development period of the mosquito.

| obtained annual land cover data from the European Space Agency (ESA) Climate
Change Initiative Land Cover dataset (version 3.14) for 1992-2012 (ESA;
http://maps.elie.ucl.ac.be/CCl/viewer/index.php) with a spatial resolution of 300m.

The 37 original land cover classes were reclassified into six broad groups
(agricultural, mixed agricultural, forest, mixed vegetation, urban and water) since the
land cover types associated with the vector surveillance data were not varied enough
to evaluate the importance of more diverse land classes (i.e., rainfed versus irrigated
cropland). Zonal statistics function was used to determine the percent cover of each
of land cover class within 1km buffer around each location, with the buffer size based
on previous analyses (Trawinski and Mackay, 2010). Since ESA land cover data

were missing for 1990 and 1991, | assessed changes in the proportion of land cover
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classes for the period 1992 to 1995 and found strong significant correlation between
the years (Mantel statistic R: 0.99, p = 0.001), so | used land cover data for 1992 for
the missing years. Agricultural land-use intensity can be assessed via three
categories: input metrics (e.g., irrigation), output metrics (e.g., yields) and system
level metrics (e.g., actual vs. attainable yield) (Kehoe et al., 2015). Due to the strong
positive associations reported between C. tritaeniorhynchus abundance and rice
paddy cultivation, | used the RiceAtlas database of global rice production (Laborte et
al., 2017) to extract district-level data for the agricultural intensification input metric of
total annual rice area cultivated (hectares) and for the output metrics of total annual
rice produced (tonnes) and average number of crops harvested per year. To assess
seasonal variation in rice cropping practices, district-level data on the rice planting
and harvesting months were also extracted from the RiceAtlas dataset.

All raster data layers were manipulated and resampled to a 0.208° (~23km) grid cell
size using a World Geodetic System 84 projection using the raster package in R
(Hijmans and van Etten, 2014). | examined all covariates for collinearity and excluded
covariates that were collinear with one or more others (Pearson correlation

coefficient >0.8).

3.3.1.4 Japanese encephalitis human case data

Monthly JE human cases recorded were retrieved from the Indian Government’s
Ministry of Health and Family Welfare (Ministry of Health & Family Welfare,
Government of India, 2020). Data were obtained for the period January 2009 to
December 2015 and were converted to geographic point locations (n= 123) from their
village level description using online gazetteers (e.g., Google Maps). The data
comprised of the number of confirmed cases rather than suspected cases since
clinical signs for JE may overlap with several other diseases (Solomon et al., 2000).
Confirmed cases correspond to those confirmed by laboratory tests using JE-
Enzyme-linked immunosorbent assay (ELISA) on serum or cerebrospinal fluid

samples.
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3.3.2 Statistical analysis

Statistical modelling was conducted using Bayesian hierarchical regression using
Integrated Nested Laplace Approximation (INLA). This framework enables the
development of spatiotemporal models that address data sparsity and spatial bias
whilst also being computationally tractable (Rue, Martino and Chopin, 2009; Redding,

Lucas, Blackburn and Jones, 2017).

3.3.2.1 Model specification

| developed a joint-likelihood Bayesian spatiotemporal model of C. tritaeniorhynchus
with separate likelihoods for occurrence and abundance data. The first model tier
estimates vector occurrence probability with species presence/absence (0, 1) as
response y,, using a Binomial distribution with a logit link function, such that p;
denotes the expected probability of vector occurrence and n; is the observed survey

sample size at observation i:
(1) Vpa ~ Binom(pi,ni)

p; is modelled as a function of environmental covariates and spatial, seasonal, and

random effects:

(2) logit(p) = @ + apg + Yie1 BiXii + ti+ Vi + wp + v + 6

where a is the intercept; a,, is an occurrence data specific intercept; X is a matrix of

the environmental covariates at each observation, with vector of linear coefficients g;
t; is a nonlinear effect for mean monthly temperature smoothed using a second-order
random walk to represent expected nonlinear relationships between temperature and
vector occurrence and abundance (Mordecai et al., 2019); seasonality was included
as an effect of reporting month specified as a second-order random walk ( y;); and
spatial variation was included using state-level spatially-structured (conditional
autoregressive; v;) and unstructured i.i.d. (u;) effects jointly specified as a Besag-
York-Mollie (BYM) model (Besag, York and Mollié, 1991). Finally, §; is an

independent, identically distributed (i.i.d.) random effect of source study to enable the
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model to account for between-study variation in sampling effort that might otherwise

confound inferences.

The second tier in the joint-likelihood model estimated relative vector abundance as
response variable y,,,, USing a Gaussian distribution such that y; denotes the

expected mean of vector abundance with standard deviation, o:
3) Yabun ~ Norm(,ui’a)

The same shared covariates and spatial, seasonal, and random effects parameters

were included as for the first-tier model apart from the occurrence specific intercept:

(4) exp(u) = a+ XRcy BrXpi +ti+ vi+ wi+ v +6;

Prior to being included in the model, all continuous predictor covariates were
standardised (to mean= 0, standard deviation [SD] =1) and log vector abundance
was rescaled from 0-1 (to preserve zero as a reference point) to help with assigning
model priors (McElreath, 2020a). Weakly informative prior probability distributions
(priors) were assigned for the intercept, « ~ N (0,0.6) and fixed effects, g ~ N (0,0.3)
to constrain the position and scale of the outcome of interest (y,pun) t0 fall within a
reasonable range. The intercept for occurrence data a,,, is a single, fixed parameter
that was only added in the first tier of the model when modelling occurrence data. It
acts as a varying intercept so that all occurrence data are modelled as a separate
cluster to abundance data and therefore allows some flexibility in the joint modelling
of both data types. Fixed effects priors were centred on 0 to allow for positive or
negative relationships between environmental covariates and vector abundance. |
assigned penalized complexity (PC) priors (Simpson et al., 2017) to hyperparameters
of the month, state-level and study-level effects. PC priors were used to penalise the
complexity resulting from deviating from a simple base model. The PC priors are
defined such that the probability that a given hyperparameter (p) exceeds an upper

limit (po) is X (i.e., P(p> po) = x). The PC priors in the model include:
Seasonal effects: P (p;>0.05) =0.01
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Unstructured state-level effects: P (u;>0.175) = 0.01

Study-level random effects: P (5; >0.175) = 0.01

These values were chosen by comparing the variance of the effect variables and the
resulting difference in log vector abundance observed. For example, an i.i.d. effect
with a SD of 0.175 would typically (95% probability interval) yield intercepts between
-0.34 and 0.34. Transforming these values through a log link gives abundances
between 0.71 and 1.4 and therefore the effect allows a variation in abundance of
about 100%. | based the values on assumptions from the data that log vector
abundance may vary by up to 33% between one month and the previous two months
(order-two random walk), whereas it may vary by 100% between studies. A
conservative PC prior (mean 0.5, precision 0.667) was assigned to the structured
state-level effect to account for the assumption that the unstructured effect accounts

for more of the variability than the spatially structured effect.

3.3.2.2 Model selection

Collinearity was detected between temperature variables therefore only monthly
mean temperature was used in the final model to capture long term associations with
vector abundance (i.e., reduced effect of temperature extremes). | conducted model
selection on model covariates (all fixed and spatial, seasonal and study-level random
effects), evaluating their contribution to the model fit by removing each component in
turn from the full model and examining the effect on the Bayesian pointwise
diagnostic metric Watanabe-Akaike Information Criterion (WAIC) (Hooten and
Hobbs, 2015). | tested 17 environmental variables (see Appendix 2 Table S3.2). |
screened variables using a single pass whereby | removed each variable in turn from
the model and assessed the change in WAIC. Covariates that did not improve model
parsimony by a threshold of at least 2 WAIC units were excluded. | used this
screening procedure to remove variables which were not improving model parsimony
rather than searching for a best subset of variables as is performed in stepwise
selection. The models were examined for fit and adherence to assumptions which
included testing the model residuals for spatial autocorrelation using Moran’s | (Cliff
and Ord, 1973). Temporal autocorrelation could not be assessed since the data were

not sampled at regular intervals over the whole study period. In addition, to assess
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the influence of additional inferred absence data on model fit, | repeated the process
of randomly selecting 20 inferred absence data points 25 times and examined the
impact on WAIC.

| further evaluated the predictive ability of the models using random (10-fold) cross-
validation which involved fitting separate models holding out data from each fold in
turn. The random assignment of data to folds was chosen to represent the
spatiotemporal variation in predictor space in all folds. The spatial clustering in
abundance data meant that spatially structured cross-validation by state was not
used for model evaluation (Roberts et al., 2017). The final model was selected by
comparing models of increasing complexity, in terms of input variables and model
structure, to a baseline model which only included spatial effects and study-level
random effects. This baseline model represents static vector abundance predictions
that do not account for seasonality. | compared the baseline model to a seasonal
model which also included the addition of a seasonal effect to account for seasonality
in vector abundance and an environmental model which included spatial, seasonal,
and random effects and environmental covariates. The ability of the models to predict
log vector abundance (unscaled) was compared using the mean absolute error
(MAE) between the predicted posterior mean values and the corresponding observed
log vector abundance (Willmott and Matsuura, 2005) where lower values indicate a
smaller difference between the predictions and the observations. In addition, | used
conditional predictive ordinates (CPO) (Pettit, 1990) and predictive integral transform
(PIT) (Marshall and Spiegelhalter, 2003) as cross-validatory criterion for model
assessment. For CPO, a value is computed for each observation with small values
indicating a bad fitting of the model to that observation and the potential for it to be an
outlier. Predictive integral transform provides a version of CPO that is calibrated so
that values like between 0 and 1. A histogram of PIT values that appears
approximately uniform indicates the model represents the observation well. | also
compared the direction and magnitude of fixed effects for hold-out models to
examine the robustness of vector-environment relationships. The fixed effects
parameter estimates were assessed using the posterior mean and 95% credible
interval which is interpreted as the interval that covers the true parameter value with

a probability of 95%, given the evidence provided by the observed data.
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3.3.2.3 Spatiotemporal predictions of JE vector abundance and uncertainty

The best-fitting model was used to predict seasonal relative vector abundance
(logscale) per (0.208°) grid cell across India for the three main seasons: winter
(October to February), summer (March to May), monsoon (June to September). The
seasons were chosen for their distinct climatic characteristics with heavy rainfall in
central regions and the eastern coast during the winter, heavy rainfall in
southwestern and north-eastern India during monsoon and high temperatures with
little to no rainfall during summer (Kingwell-Banham, 2019). | evaluated the
uncertainty in model predictions by mapping the SD in estimated vector abundance
per grid cell for each season. A narrow SD (SD < 1) indicated low uncertainty and a
wide SD (SD > 1) indicated high uncertainty.

3.3.2.4 Model-outbreak data comparison

To examine whether predicted mosquito abundance is correlated to JE cases, |
compared observed human outbreaks of JE with model predictions for vector
abundance at the same geographic location and calendar month. | define a JE
outbreak as one or more confirmed or suspects cases of JE occurring in the same
village within the same month. | converted JE outbreak data to binomial
(presence/absence) data that a JE outbreak occurred in a particular geographic
location and calendar month. | randomly generated pseudoabsence JE case data for
1000 locations for the 12 months (n=12000) to assess the ability of the model to
correctly predict the probability that an outbreak occurred (which | describe as JE
outbreak probability). | fitted a logistic regression of the probability of JE outbreak
occurrence as a function of model-predicted vector abundance with and without a
one-month lag using gim in R (R Core Team, 2020) . A null model (i.e., intercept
only) was developed to represent predictions expected at random so that the effect of
vector abundance predictions in explaining JE outbreaks could be assessed via
comparing model Akaike Information Criterion (AIC) values. All data processing was
conducted in R v.4.0.3 (R Core Team, 2020) with the packages R-INLA
(http://r.inla.org) (Lindgren and Rue, 2015) and raster (Hijmans and van Etten, 2014).
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3.3.3 Data availability

The vector data underlying the results presented in this chapter are archived at
Figshare (https://figshare.com/s/377b76b6b79ffa2561cf). This dataset includes all
vector data collected including records that pooled observations for more than one

month. Sources for all freely available environmental datasets are described in
Appendix 2 Table S3.2. Health data are available from the Ministry of Health &
Family Welfare, Government of India:
https://www.idsp.nic.in/index4.php?lang=1&level=0&linkid=406&1id=3689.
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3.4 Results

3.4.1 Model selection

Table 1 shows model predictive accuracy statistics for a series of models of
increasing complexity. The most complex model structure (Model 3), which contained
spatial, seasonal, and random effects and environmental factors, achieved superior
model fit (AWAIC from baseline model = -77.53) (and see Appendix 2 Figure S3.2).
Comparison of out-of-sample predictive ability showed that the inclusion of
seasonality in the model (Model 2) improved predictions of vector abundance by
decreasing MAE by 15% (AMAE = -0.14) when compared to the baseline model
(Model 1). The addition of environmental covariates (Model 3) led to a further 40%
decrease in MAE when compared to seasonal Model 2 (AMAE = -0.32). As well as
spatial, seasonal, and random effects, the final selected environmental model (Model
3) included six covariates after accounting for collinearity and covariate selection as
described. The fixed effects in the final model included two-month lagged
precipitation, proportion of land under agricultural use in 1km radius, annual number
of rice crops, rice area cultivated, and rice produced per district and a nonlinear
function for mean temperature. The CPO and PIT histograms demonstrated that
addition of environmental covariates in Model 3 led to a better fit of the model to the
data and a superior representation of the observations when compared to the other
models (Appendix 2 Figure S3.3). Model residuals displayed no significant (p <0.05)
spatial autocorrelation among sites. The random selection of inferred absence data
points was found to have no substantial impact on the AWAIC values for the different
models (Appendix 2 Table S3.3).
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Table 3.1. Model selection results for models of increasing complexity.

The table details the structure of the joint-likelihood models and their corresponding within-
sample predictive accuracy assessed on Watanabe-Akaike Information Criterion (WAIC)
values. Best models were selected based on minimising WAIC while adhering to model
assumptions. Out-of-sample predictive accuracy was compared using mean absolute error
(MAE) statistic for random cross validation. Fixed effects included two-month lagged
precipitation, proportion of land under agricultural use in 1km radius and district-level
measures for annual number of rice crops and total rice area cultivated and rice produced
per year. Mean temperature was included as a second-order random walk function to
represent the nonlinear relationship between temperature and vector population dynamics.
Non-environmental effects considered were for month (M) and state-level spatial (ST) effects
specified as a BYM model and study-level (S) random effects.

Model Non- Environmental effects | WAIC MAE
environmental
effects
1 | Baseline ST, S - 722.15 0.95
model
2 | Seasonal M, ST, S - 651.14 0.81
model
3 | Environmen | M, ST, S Precipitation, 644.62 0.48
tal model Agricultural land
proportion,

Annual rice crops,
Annual rice area,
Annual rice production,
Nonlinear temperature
function

3.4.2 Associations between environmental variables and vector abundance

| found that C. tritaeniorhynchus abundance was associated with climatic and land-
use factors (Figure 3.2B). | found positive associations between vector abundance
and two-month lagged precipitation, number of rice crops and annual rice production.
The annual area under rice cultivation had a negative relationship with vector
abundance and the proportion of land under agricultural use had a weakly positive

but uncertain association. Annual rice area and annual rice production had relatively
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wide credible intervals (CIs) for their parameter estimates when compared to the
other covariates making the effect of these parameters on vector abundance more
uncertain. These fixed-effects estimates were robust to randomly structured
sensitivity tests (Appendix 2 Figure S3.4). | found that the inclusion of a nonlinear
effect for mean monthly temperature without a lag improved model predictive ability
when compared to the nonlinear effect with two-month lagged temperature (AWAIC =
-81.83). The resulting temperature function suggests an increase in vector
abundance from 9°C with a peak at around 23°C (Figure 3.2C). Cl widths were

narrow for this function at high temperature values.
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Figure 3.2. Spatiotemporal correlates of JE vector abundance across India averaged
over the period 1990-2012.

Map to show predicted C. tritaeniorhynchus abundance (maximum annual value) and vector
seasonality (intra-annual variance in abundance) (A). These measures were calculated from
the scaled abundance predictions and ranged from 0 to 7 logscale for maximum abundance
and 0 to 3 logscale for seasonality. The map displays areas of high perennial vector
abundance as orange, high seasonal vector abundance as pink, low perennial vector
abundance as green and low seasonal vector abundance as blue. The fixed-effect parameter
estimates and 95% credible intervals for the joint likelihood model (B) show that vector
abundance is associated with climatic and land-use variables. The nonlinear relationship
between monthly mean temperature and vector abundance for the observed range of
temperatures (°C) where 95% CI is shown shaded and peaks at around 23°C and then
declines. The reported thermal minima (9.5°C) for important Culex species life history traits
(Mordecai et al., 2019) is indicated with a dashed line.
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3.4.3 Spatiotemporal predictions of JE vector abundance and uncertainty

Spatially projecting the final model predictions revealed differences in predicted
areas of high (i.e., hotspots) or low (i.e., coldspots) C. tritaeniorhynchus abundance
between seasons (Figure 3.3). Peaks in vector abundance were found in the
northern, eastern, north-eastern, and southern regions, with highest levels predicted
during the winter months (October to February) and lowest levels during the summer
months (March to May). Hotspots of vector abundance were predicted with low
uncertainty (i.e., narrow SD) in northern, southern, and north-eastern India during the
winter (Figure 3.3A) and in north-eastern and southern India during the summer
(Figure 3.3B) and monsoon (June to September) seasons (Figure 3.3C). By contrast,
hotspots were predicted with high uncertainty (i.e., wide SD) for all seasons in the
northern state of Punjab, the eastern state of West Bengal and the south-eastern
state of Andhra Pradesh. Areas predicted with low vector abundance (i.e., coldspots)
were predicted throughout the year in the Himalayas, and in central and north-
western states, and eastern state of Odisha. Uncertainty in coldspot predictions was
low for the Himalayas throughout the year (likely as a result of inferred absence data)
whereas summer predictions for Odisha, central and north-western states and
monsoon predictions for Rajasthan were more uncertain (represented as increased
transparency in Figure 3.3). Assessing vector abundance and seasonality
simultaneously reveals hotspots of high perennial vector abundance in north-eastern
areas and the southern tip of the country (Figure 3.2A). Conversely, high seasonal

vector abundance is predicted in northern and southern regions (Figure 3.2A).
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Figure 3.3. Predicted seasonal abundance of C. tritaeniorhynchus across India for the
period 1990-2012.

Average vector abundance (logscale) for the (A) winter (October to February), (B) summer
(March to May) and (C) monsoon (June to September) seasons. The figure legend is scaled
from 0 to 7 logscale, with light yellow colours signifying low vector abundance and dark
purple emphasising high abundance. Uncertainty in predictions was estimated from standard
deviation (range 0-2 SD) and is represented in the maps by transparency (high uncertainty is
more transparent). The black circles represent the location and magnitude (i.e., number of
cases) for JE human outbreaks per season during the period 2009-2015 across India
(Ministry of Health & Family Welfare, Government of India, 2020).
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3.4.4 Model-outbreak data comparison

The results for the comparison between predicted mosquito abundance and JE
cases is summarised in Appendix 2 Table S3.4. Logistic regression of JE outbreak
probability as a function of model predicted vector abundance with a one-month lag
month showed superior predictive ability (AIC = 144.17) when compared to the same
analysis with vector abundance predicted in the same month as the outbreak (AIC =
147.66) and to the null model (AIC= 168.02). Both model-predicted vector abundance
with and without a one-month lag had a significant positive effect on human JE
outbreaks however, the lagged variable had a stronger association (odds ratio [OR]
2.45, 95% confidence interval: 1.52-4.08) than the variable without a lag (OR 2.25,
95% confidence interval: 1.35 -3.74) (see Appendix 2 Table S3.4). Plotting predicted
JE outbreak probability against log-scaled vector abundance for the best-fitting model
(Appendix 2 Figure S3.5) illustrates that the strong association between these
variables is non-linear and plateaus at high levels of vector abundance lagged by one

month.

3.5 Discussion

This study describes a novel approach for the prediction of spatiotemporal patterns in
C. tritaeniorhynchus abundance — a key component of JE hazard - using a joint-
likelihood modelling technique that leverages information from sparse vector
surveillance data. | show that the addition of environmental covariates in the model
substantially improved out-of-sample predictive ability, highlighting the importance of
environmental and climate data in driving JE vector abundance. This provides a
strong justification for producing spatiotemporal vector predictions to help focus
future work efforts and build towards accurate forecasts of JE risk. This framework
provides a powerful and flexible method which will help to define seasonal JE vector
abundance over large spatial scales and assist in guiding future surveillance efforts
where long-term and large spatial scale data are not available or cannot be
practically acquired. This analysis builds on previous correlative studies of C.
tritaeniorhynchus which have mapped vector occurrence but have overlooked

seasonal variation in population dynamics and have not accounted for uncertainty
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within the predictions (Masuoka et al., 2010; Miller et al., 2012; Longbottom et al.,
2017; Samy et al., 2018).

A distinct temporal pattern was observed across India in predicted vector abundance,
with peaks in the winter (October to February), reductions during the summer (March
to May) and increased vector abundance again during the monsoon (June to
September). This temporal pattern can be explained by seasonality in climatic factors
during the year which supports findings in previous studies (Reisen, Aslamkhan and
Basia, 1976; Murty, Rao and Arunachalam, 2010; Kumari and Joshi, 2012) and my
hypothesis that vector abundance will be strongly influenced by seasonal rainfall.
During the monsoon, heavy rainfall moving in a south-westerly direction across the
country has been reported to enhance the availability of vector breeding habitats
(Balasubramanian and Nikhil, 2015) and causes a reduction in local temperatures
(Das Bhowmik, Suchetana and Lu, 2019) which provides suitable environments for
vector development. The peaks in vector abundance observed during the winter
months probably reflect the post-monsoon rice cultivation period when water
availability is high in the paddy fields (Shukla, Chakraborty and Joshi, 2017). This
translates to the strong positive association between lagged precipitation and JE
vector abundance found in this analysis and in other studies (Tian et al., 2015).
Conversely, high temperatures and low rainfall during the summer months probably
limits vector survival and breeding (Murty, Rao and Arunachalam, 2010), especially
in areas with low levels of irrigated agriculture. Climatic conditions will also influence
areas with predicted low perennial vector abundance such as arid regions in the
northwest and northern states in the Himalayas which record temperatures beyond
the thermal limit for Culex species vectors (Mordecai et al., 2019).

In addition to precipitation and temperature, land-use and rice cultivation metrics
were identified as important drivers of broad-scale spatiotemporal patterns of vector
abundance. The importance of land-use factors is illustrated by comparing hotspots
of JE vector abundance in southern and north-eastern India which have high levels of
irrigated agriculture despite differing climates (i.e., tropical in south, temperate in
northeast) (Beck et al., 2018). Regions with high proportions of agricultural land
allocated to intensive irrigated agriculture provide suitable vector breeding habitats

for extended periods which undoubtedly influence vector abundance and seasonality.
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Indeed, regions that cultivate rice biannually report lower vector seasonality
compared with those that have a single annual crop (Gajanana et al., 1997). The
positive relationship between land-use intensity metrics for rice crop cultivation (i.e.,
number of rice crops cultivated and amount of rice produced per year) and vector
abundance detected in this study, supports previous research that has found a strong
positive association between vector abundance and rice irrigation practices at local
scales (Kanojia, Shetty and Geevarghese, 2003; Keiser et al., 2005b; Richards et al.,
2010; Raju et al., 2018). Surprisingly, | found that the annual area under rice
cultivation was negatively associated with vector abundance, albeit with wide Cls.
This result may be spurious due to data quality issues or could be explained by
unmeasured underlying factors such as agrichemical use (i.e., fertilisers and
pesticides) (Kibuthu et al., 2016), methods of irrigation (i.e., surface, sprinkler or drip
irrigation) or use of fallow periods between crops which may lead to changes in local
ecology (e.g., biotic interactions such as competition and predation) (Ohba, Matsuo
and Takagi, 2013). Indeed, local changes in ecology due to rice crop phenology are
also likely to influence the presence of JE hosts since wading bird use irrigated rice
paddies as feeding habitat (Elphick, 2015) and fallow fields may be used to graze
livestock. Understanding these relationships would require improved understanding
of rice crop phenology together with biodiversity monitoring in rice fields. My findings
highlight the strong association between land-use practices and JE vector
abundance which may have implications for the predicted expansion of flooded areas
for rice cultivation needed to improve food security (Keiser et al., 2005b;
Alexandratos and Bruinsma, 2012) and the ongoing intensification of rice production
in India (Song et al., 2018).

Spatiotemporal patterns in JE vector abundance varied widely across India with
seasonal hotspots predicted in northern, eastern, and southern regions and perennial
hotspots predicted in north-eastern regions and the southern tip of India (Figure 3.2).
These results support the spatial pattern in endemic regions of India which report
particularly high endemicity in the states of Uttar Pradesh in the north, Bihar and
West Bengal in the east, Assam in the northeast, and Tamil Nadu in the south
(Government of India, 2014). In addition, vector abundance predictions reflected the
described seasonality in JE transmission with increased outbreaks reported during

the monsoon and winter seasons (Figure 3.3). However, predicted seasonal hotspots
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in the southeast did not correspond to high cases, which could reflect factors not
accounted for in the analysis such as unmeasured environmental factors affecting
transmission, spatial biases in different datasets or differing vaccination and vector
control measures. In addition, it may also reflect the importance of vertical
transmission for this disease which is selected for when there is seasonality in vector
abundance (Lequime, Paul and Lambrechts, 2016). | found a positive correlation
between one-month lagged vector abundance predictions and the occurrence of
human JE outbreaks when using a simple correlative analysis. This analysis
assumes that the location of the vector abundance will also be the location in which
exposure occurred which may be inaccurate. Indeed, to fully gauge the strength of
this association and assess the usefulness of vector abundance as potential proxy
for JE hazard would require a more complex model that accounts for temporal and
spatial autocorrelation in model residuals and uncertainty in the model. The
development of a reliable proxy for JE hazard would be invaluable since data on
pathogen prevalence in both animal reservoir host populations and vector
populations that is required to define areas of JE hazard remains scarce. The further
translation of hazard to disease risk requires additional knowledge about the potential
exposure and susceptibility of human populations. For example, data on human
demography, socioeconomics and vaccination coverage will provide information on
contact with pathogens (exposure) and likelihood of infection (susceptibility)
(Hosseini et al., 2017). Furthermore, potential lags between peak vector abundance
and human cases that occur due to transmission dynamics or timeliness of reporting
need to be considered (Parham et al., 2015). Indeed, future studies could extend this
analysis by including further information on hazard, exposure, and vulnerability of
human populations as well as any potential time lags to determine spatiotemporal

predictions of JE risk (Johnson, Escobar and Zambrana-Torrelio, 2019).

A significant limitation of this study was related to the spatial and temporal biases of
available C. tritaeniorhynchus surveillance data which is probably connected to the
high costs associated with vector sampling studies (ECDC and EFSA, 2018).
Although data paucity leads to less accurate predictions in data-poor regions, |
accounted for this by presenting the level of uncertainty within predictions on the
vector abundance maps. Furthermore, it should be acknowledged that model

predictions will not provide accurate data at the local level, instead they reveal broad
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scale ecological patterns that can help to direct future research efforts. In addition,
the generation of additional absence data assumes that vectors do not occur at
altitudes above 3500m which may need to be reviewed overtime in future
surveillance studies and the influence of expected climate change (Rocklév and
Dubrow, 2020). This study highlights the need for improved vector surveillance for
JE, with the potential for future surveillance efforts to be targeted in those areas with
high predicted vector abundance. This would help validate my results with the use of
independent data and improve predictions in areas that have not been surveyed. In
addition, | found that despite JE vector abundance predictions being relatively focal
(Figure 3.2), the spatiotemporal distribution of vector sampling in the data were more
evenly distributed across India (Figure 3.1), suggesting that spatial bias is not driving
model predictions (Figure 3.3).

A further limitation of this study was the coarse spatial resolution of rice cultivation
data used in the model (Laborte et al., 2017). The data were provided at district-level
which may have been too coarse to detect an accurate relationship between land-
use intensity metrics and vector abundance (Parham et al., 2015) and may have
prevented the detection of a correlation between vector abundance and rice cropping
calendar data (Raju et al., 2016). Future studies could explore the use of vegetation
datasets such as normalized difference vegetation index (NDVI) at high spatial and
temporal resolution to provide more accurate information on rice cultivation metrics
(Huang et al., 2014) and rice crop phenology (Onojeghuo et al., 2018) in India.
Investigating the lagged effects of these land-use factors on vector abundance (Tian
et al., 2015) may also help to elucidate the unexpected negative association between
area for rice crop cultivation and vector abundance. In addition, despite the results of
this study highlight the importance of environmental factors on vector abundance, the
observational datasets and correlative analytic methods used do not enable the
identification of underlying causal mechanisms (Hernan, 2018; Kraemer, Reiner and
Bhatt, 2019). This means the generalisability of these ecological associations across
time and space may be inaccurate (Washburne et al., 2019) and it precluded the

ability to investigate the effects of insecticide control (White et al., 2017).

Despite these limitations, this work provides a framework to help monitor and predict

the seasonal abundance of JE vectors which will be crucial for public health bodies in
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their objective “to strengthen surveillance, (and) vector control” (Government of India,
2014). In line with other vector studies, this analysis combines datasets from multiple
sources to address issues of limited data coverage and to produce maps for public
health decision-making (Ribeiro et al., 2019). Current management for JE varies
regionally across India depending on socioeconomic factors and whether areas have
historically recorded high cases (Government of India, 2014). With ongoing
environmental change, | believe the Indian public health bodies cannot afford to
continue to focus their vector surveillance efforts on currently endemic regions, and
instead need to establish a broader scanning surveillance system which can assist in
the development of early warning signals for the prediction and mitigation of JE
outbreaks nationally. The maps produced in this study will be especially useful for the
guidance of public health actions in targeting future vector surveillance in
understudied regions previously predicted, with varying uncertainty, to have high
vector abundance. My data could be used to inform the model and improve and
update predictions. My work may also be used to improve the effectiveness of vector
control measures especially in areas predicted to have high seasonal vector
abundance, instead of being employed solely during JE outbreaks, as is current

practice (Government of India, 2014)..

In this study | provided estimates of the variation in vector abundance across space
and time by leveraging different types of data sources for C. tritaeniorhynchus, an
understudied JE vector. | showed that distinct spatiotemporal patterns of JE vector
abundance were driven by seasonality and environmental factors and so
demonstrated the limitations of previously available static vector distribution maps
estimating vector occurrence across large geographic ranges (Miller et al., 2012;
Longbottom et al., 2017; Samy et al., 2018). In addition, | showed that model
predictions of vector abundance were positively correlated with JE outbreaks,
highlighting the possible development of vector abundance as a proxy for JE hazard.
| propose that the joint-likelihood model used in my research will be easily adaptable
for other mosquito vectors and enable other vector abundance estimations to be
made from limited vector surveillance data. Furthermore, this novel approach can be
used to help guide future vector surveillance programmes by targeting data
collection. Understanding the timing and drivers of patterns in vector abundance and

seasonality offers important insights into how and when intervention measures
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should be applied to reduce JE risk and how disease risk may vary with future

environmental changes.
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Chapter 4:
Climate, land-use and socioeconomic factors predict

spatiotemporal dynamics of Japanese encephalitis risk

In this chapter | conduct spatial and temporal epidemiological analyses of systematic,
multiyear Japanese encephalitis (JE) surveillance data (northeast India 2009-2019),
to identify the socio-ecological correlates of observed JE occurrence, predict
endemic areas of JE transmission, and evaluate whether environmental factors and

vaccination coverage can be used to predict temporal trends in JE incidence.

4.1 Abstract

Japanese encephalitis (JE) is the leading cause of child viral encephalopathy in Asia
however, public health interventions remain hampered by limited understanding of
the geographic distribution, timing and intensity of outbreaks and its underlying
drivers. In this chapter, | used a spatial Bayesian hierarchical model to determine the
association between socio-ecological variables and JE outbreak occurrence and to
predict areas of endemic transmission. The model was applied to a binary outbreak
indicator for 115 districts in northeast India between 2009 and 2019. | also extended
the model temporally to predict the magnitude and timing of JE incidence in four
endemic districts using environmental variables. | found that the spatial pattern of JE
outbreak occurrence was significantly associated with the proportion of agricultural
land, the poverty prevalence and the temperature suitability. The best-performing
predictive spatial model of JE outbreak occurrence included linear effects of the
proportion of agricultural land, precipitation, poverty, and healthcare access, and, a
nonlinear effect of maximum temperature. The inclusion of these covariates improved
out-of-sample (OOS) predictive error (Brier score = 0.063) when compared to a
baseline model including just random effects (Brier score = 0.065). Twenty-four
districts were predicted endemic despite low or absent reported cases and would
benefit from an increased surveillance effort. Temporal predictive models of JE
incidence in endemic states showed that the inclusion of nonlinear lagged climatic
and land-use variables improved predictive accuracy (Root mean square error
[RMSE] for random cross validation = 33.83) over a baseline model (RMSE = 53.37).
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The inclusion of vaccination coverage information with a two-month lag further
improved model predictive accuracy (RMSE = 28.80), suggesting that it has the
potential for forecasting JE incidence in endemic areas and may be useful in
informing vaccination programmes. This study emphasises the sensitivity of JE to
environmental and socioeconomic conditions and highlights the importance of
focusing surveillance efforts in areas outside established JE transmission zones to
further our understanding of this understudied disease and help inform effective
public health interventions.

4.2 Introduction

Japanese encephalitis is the leading cause of viral encephalopathy in children,
accounting for over 100,000 cases and 25,000 deaths annually, and primarily affects
people living in rural, economically deprived areas (Baig et al., 2013; Quan et al.,
2020). The causative pathogen, Japanese encephalitis virus (JEV), is maintained in
an enzootic transmission cycle between mosquito vectors (van den Hurk, Ritchie and
Mackenzie, 2009; Pearce et al., 2018) and vertebrate reservoir hosts including
domestic pigs and ardeid wading birds (e.g. herons and egrets) (Buescher et al.,
1959; van den Hurk, Ritchie and Mackenzie, 2009; Le Flohic et al., 2013). The
dynamics of JEV transmission are influenced by ecological interactions involving the
environment, vectors and reservoir hosts and human socioeconomic factors that
determine pathogen exposure and susceptibility to infection. Although susceptible to
the virus, humans are considered ‘dead-end’ hosts since they do not mount sufficient
viraemia to infect mosquitoes. Since JEV was first isolated in Japan in 1935, it has
spread across the region (Mackenzie, Gubler and Petersen, 2004) and now is
endemic in 24 Asian and Western Pacific countries, exposing over 3 billion people to
infection risk (Erlanger et al., 2009; G. L. Campbell et al., 2011; WHO, 2015a).
However, 87% of JE cases in Asia are reported from just four countries: India, Nepal,
China, and Vietnam (Heffelfinger et al., 2017; Lindquist, 2018). In India, increasing
JE incidence has been reported regionally over the past few decades particularly in
the northeast (Sabesan, Raju Konuganti and Perumal, 2008; Kumari and Joshi,
2012; Dhiman, 2014; Ahmad et al., 2015; Dev, Sharma and Barman, 2015; Kulkarni
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et al., 2018) despite national vaccination efforts, prompting the classification of JE as

a national emerging public health problem (Government of India, 2014).

India introduced a JE vaccination campaign in 2006 which first targeted 11 districts
with high reported cases in the states of West Bengal, Assam, Karnataka and Uttar
Pradesh (Government of India, 2014). From 2006 to 2011 the vaccination campaign
gradually integrated into the Universal Immunisation Programme and increased its
remit to cover 113 districts in 15 states that reported JE transmission (Government of
India, 2014). Children in both rural and urban areas of the operational districts were
targeted and the campaign achieved an average reported vaccination coverage rate
of 82% (Ghosh, Haldar and Jacobson, 2022). From 2011, JE vaccination has been
expanded to target further districts that are identified as endemic using the criteria of
number of cases reported (i.e., suspected or confirmed JE), incidence of JE,
serological evidence or epidemiological links to known areas of transmission
(Government of India, 2014). The SA 14-14-2 live attenuated JE vaccine was
originally administered as a single dose to children aged 1-15 years (Tandale et al.,
2018) and from 2013 it was administered in two-doses to children at nine months and
then at 16-24 months (Government of India, 2014). Though the vaccine is reported to
be 97.5% for a two-dose regimen (Hennessy et al., 1996), studies have reported
vaccine efficacy of 30% - 40% in India (Vashishtha and Ramachandran, 2015;
Tandale et al., 2018). Possible explanations for this may include challenges with cold
chain transport (Saikia, 2017), differences in circulating JEV genotypes in India
(Schuh et al., 2013) or cross-reactive immunity to other flaviviruses. In addition,
studies have shown JE vaccination coverage is lower than reported (Murhekar et al.,
2017). Poor JE surveillance data and a lack of trust in the Indian public health system
are substantial challenges to the success of the national vaccination strategy
(Government of India, 2014; Singh et al., 2015; Saikia, 2017).

Risk factors for JE include environmental conditions due to their influence on the
ecology of the vectors and hosts (Keiser et al., 2005b; Erlanger et al., 2009; Borah et
al., 2013; Le Flohic et al., 2013) and socioeconomic factors due to their impact on
human exposure and susceptibility to disease (Badari, 1985; Luo et al., 1995; Sarkar
et al., 2012; Hosseini et al., 2017). Climatic conditions are reported to contribute to

the timing and magnitude of JE transmission (Dev, Sharma and Barman, 2015;
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Medhi et al., 2017; Tu et al., 2021), due to the influence on mosquito vector
abundance and seasonality (Le Flohic et al., 2013) (Chapter 3). For example,
ambient temperature can impact mosquito-borne disease (MBD) transmission in
multiple ways including effects on mosquito lifespan and the extrinsic incubation
period (i.e., period between mosquito ingesting an infectious blood meal and
becoming infectious) (Mordecai et al., 2019). Although thermal response data have
been generated for several vector species and their pathogens (Mordecai et al.,
2019), this information is not readily available for JE vectors which limits our ability to
understand the effect of temperature on the disease. One recent study investigated
the impact of temperature on JEV infection of UK Culex pipiens vectors however, this
laboratory-estimated thermal performance was not validated by measurements in the
field (Folly et al., 2021).

In India, JE outbreaks typically coincide with the monsoon (June to September) and
winter periods (October to February) (Dev, Sharma and Barman, 2015; Medhi et al.,
2017; Kulkarni et al., 2018). Increased rainfall during the monsoon promotes vector
and wading bird habitats particularly in rural areas (Sabesan, Raju Konuganti and
Perumal, 2008). Conversely, heavy rainfall can result in vector larvae being washed
away (ICMR, 2001). Another risk factor for JE transmission is agricultural land-use,
specifically rice paddy cultivation (Keiser et al., 2005b; Sabesan, Raju Konuganti and
Perumal, 2008) since it provides the preferred breeding habitat for JE vectors
(Rajagopalan and Panicker, 1978; Richards et al., 2010; Raju et al., 2016, 2018),
wildlife host feeding habitat (Solomon, 2006; Misra and Kalita, 2010; Le Flohic et al.,
2013; Elphick, 2015) and human exposure to infected vectors (Richards et al., 2010;
Shah et al., 2019). In addition, studies have shown that pig farming is associated with
increased JE transmission since pigs are an important reservoir and an amplifying
host (Keiser et al., 2005b; Datey et al., 2020). However, studies on the importance of
various hosts in India remain limited (Desingu et al., 2016; Datey et al., 2020).
Moreover, current knowledge on JEV transmission ecology is strongly influenced by
the first investigations undertaken in the 1950s in Japan (Buescher, Scherer,
Rosenberg, et al., 1959; Scherer and Buescher, 1959; Scherer, Buescher and
McClure, 1959). For example, it was during this research that Cx. tritaeniorhynchus
was implied as the primary vector (Lord, Gurley and Pulliam, 2015) which has

resulted in irrigated agriculture being regarded as an important driver since it is the
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preferred habitat for this species. The results from this initial research are a product
of that location and time and therefore may not be generalisable to other contexts
(Lord, Gurley and Pulliam, 2015).

Socioeconomic status, religion (i.e., prohibition of pork) and living conditions are also
reported risk factors for the disease, with increased cases being reported in
economically deprived populations (Luo et al., 1995; Halstead and Jacobson, 2003;
Sarkar et al., 2012). However, these associations have been detected from
retrospective observational studies without controlling for confounding factors or
identifying underlying mechanisms. One potential mechanism linking economic
status with JE risk is that increased resources enable the funding of interventions and
vaccination programs leading to a reduction in JE risk as seen in Japan, Korea and
Taiwan (Halstead and Jacobson, 2003). Although vaccination programmes and
public health interventions are important determinants of JE transmission (Muniaraj
and Rajamannar, 2019; Quan et al., 2020), their success also relies on effective
targeting; something which has been disputed in India (Bagcchi, 2014; Vashishtha
and Ramachandran, 2015; Murhekar et al., 2017). Overall, the complexity and
variability of socioeconomic factors and insufficient knowledge of the scale at which
these processes act (Caminade et al., 2014; Parham et al., 2015; Booth, 2018) has

impaired understanding of their impact on JE risk.

Despite improvements in JE surveillance data, comprehensive records are not widely
available and laboratory confirmation has proved difficult. Therefore, the exact global
incidence and burden of disease are not fully understood (Sabesan, Raju Konuganti
and Perumal, 2008; WHO, 2015b; Quan et al., 2020). In 2007, the Indian
Government initiated a national JE surveillance programme (Government of India,
2014) but, the high ratio of clinical to subclinical infections (1:250) (WHO, 2015b)
means reported cases are not likely to represent the true number of infections
(Government of India, 2014). Furthermore, since JE cannot be distinguished clinically
from other causes of encephalitis (e.g., malaria, dengue, scrub typhus),
underreporting of cases in non-endemic areas is thought to occur, especially where
the other diseases are common (McNaughton, Singh and Khan, 2018). This scenario
is further impacted by the limited healthcare resources in India, which results in a

high proportion of health costs having to be met by the patient (WHO, 2020b) and so
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comprehensive diagnostic tests may not be performed. The paucity of JE
surveillance data from India has impacted our understanding of potential endemic
areas (Sabesan, Raju Konuganti and Perumal, 2008) and important drivers of this
disease. Consequently, the national goal of “reducing morbidity, mortality and

disability in children due to JE” has been compromised (Government of India, 2014).

In this study, | aim to address these gaps in data by using a long-term JE
surveillance dataset to identify socio-ecological drivers of spatial JE outbreak
occurrence and to predict the endemic area of JE transmission in northeast India
between 2009 and 2019. Additionally, I aim to evaluate whether climatic variability,
land-use factors and vaccination coverage can be used to predict the timing and

magnitude of JE incidence in a subset of endemic districts.

4.3 Materials and methods

4.3.1 Study area

India is the second most populous country in the world, with a population of over 1.3
billion people. The country consists of 28 states and eight union territories (Figure
4.1) and currently has 742 districts, which have increased from the 640 districts listed
in the last census (Government of India, 2011). India experiences a wide range of
biomes and climate systems including tropical areas in the south and temperate and
alpine (Himalayas) areas in the north (Zhang et al., 2017) (Appendix 3 Figure S4.1).
Although monsoon rainfall contributes to approximately 75% of the annual
precipitation across India, there is considerable spatiotemporal variability
(Guhathakurta and Rajeevan, 2008; Kishore et al., 2016). Rainfall patterns are
modulated by the topography of the western Ghats and the Himalayas (Kishore et al.,
2016), leading to high precipitation along the west coast and northeast regions of
India and minimal precipitation in the northwest and southeast (Hrudya, Varikoden
and Vishnu, 2021). Comparatively, the east coast (i.e., states of Odisha, Andhra
Pradesh and Tamil Nadu) has two rainfall peaks, one in July—August and one in
October—November (Kishore et al., 2016). The second peak is due to the northeast
monsoon (during October—December) which predominantly affects the east coast

districts of India, providing 30—60% of their annual rainfall (Rajeevan et al., 2012).
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| focused my research in the endemic region of northeast India (Government of India,
2014) which is projected to undergo substantial changes in climate and land-use
(Ravindranath et al., 2011; Dutta, 2014; Prokop, 2020). The region includes the
states of West Bengal, Sikkim, Assam, Arunachal Pradesh, Meghalaya, Nagaland,
Tripura, Mizoram and Manipur (Figure 1), and shares international borders with Tibet,
Bhutan, Nepal, Myanmar and Bangladesh. The region is divided into tropical,
temperate and cold climates (Beck et al., 2018) (Appendix 3 Figure S4.1A) and is
recognised for its social marginality, inaccessibility, cultural and ethnical diversity,
and rich biodiversity (Roy et al., 2015). It is predominantly agrarian with paddy rice
the primary crop, and over 70% of the population are engaged in the agricultural
sector (Roy et al., 2015; FAO, 2020).
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Figure 4.1. Map of India indicating states and union territories*.
The northeast region described in this study (nine states) is highlight in brown.

*Abbreviations for Indian states and union territories: AP - Andhra Pradesh, AR - Arunachal
Pradesh, AS - Assam, BR - Bihar, CH — Chandigarh, CT- Chhattisgarh, DD - Daman and
Diu, DL - Delhi, DN - Dadra and Nagar Haveli, GA — Goa, GJ — Gujarat, HP - Himachal
Pradesh, HR - Haryana, JH - Jharkhand, JK - Jammu and Kashmir, KA - Karnataka, KL —
Kerala, MH - Maharashtra, ML - Meghalaya, MN - Manipur, MP - Madhya Pradesh, MZ -
Mizoram, NL - Nagaland, OR - Odisha, PJ - Punjab, PY - Puducherry, RJ - Rajasthan, SK -
Sikkim, TL — Telangana, TN — Tamil Nadu, TR - Tripura, UP - Uttar Pradesh, UT -
Uttarakhand, WB — West Bengal.
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4.3.2 Datasets

4.3.2.1 Human Japanese encephalitis surveillance data

| obtained reported counts of suspected and confirmed human cases and deaths
attributed to JE between 1st January 2009 and 315t December 2019, from across
India (n=388). Weekly reports were provided at district level under the Indian
government’s Integrated Disease Surveillance Programme (IDSP) (Government of
India, 2021b). IDSP requires weekly online reporting of suspected and confirmed
cases of selected diseases, including JE, from each district; the information is
reported by health workers, medical officers and laboratory technicians and is
reviewed by a committee of epidemiologists and experts (Government of India,
2022). Prior to clinical confirmation of JE, suspected cases are reported under the
umbrella term ‘acute encephalitis syndrome’ (AES) which is defined by the National
Vector Borne Disease Control Programme as a person of any age, at any time of
year with the acute onset of fever and a change in mental status and/or new onset of
seizures (Kumari and Joshi, 2012). The clinical confirmation of the presence of JEV
is done by testing the serum and/or cerebrospinal fluid samples of suspected cases
by immunoglobulin (Ig)M enzyme-linked immunosorbent assay (ELISA) (Kumari and
Joshi, 2012). Cases were aggregated by month of first symptom and district of
residence to reduce zero-inflation in the data. | calculated JE incidence per 100,000
by dividing the monthly cases by population estimates for each district reported in the

most recent census (Government of India, 2011).

Due to the systematic form-based reporting of JE cases (Government of India, 2022)
and the classification of JE as a notifiable disease (i.e., required by law to be
reported to government authorities) since 2016 (Kulkarni et al., 2018), | assumed that
no new cases had been detected when a district did not report any information for
JE. To ensure | had monthly reported measures, reports were excluded if cases were
reported as a cumulative number over a month duration from the start of outbreak
date (n=102). In addition, data were only included if they provided district-wise case
information (i.e., data reported at the level of state or multiple districts were
excluded). Therefore another 21 reports were excluded (i.e., total = 265 [388 — (102
+ 21)]). Reports of suspected JE which were later confirmed as negative for the virus

were included in the dataset as confirmed negative cases. Between 2009 and 2019,
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several new districts were created in India. To ensure data were consistent over the
study period, | aggregated data to the 640 districts that were present in 2011 by

combining the new districts with their parent districts

Since JE cases are relatively focal in India (Appendix 3 Figure S4.2), | decided to
focus my analysis on the northeast region (nine states, 115 districts) of the country
where many cases are reported (n=138/265), to better understand the processes
driving transmission. Additional sources of human JE surveillance data for the
northeast region of India were obtained from National Centre for Disease Control’s
(NCDC) Media Scanning and Verification Cell which monitors global and national
media for health alerts (Sharma et al., 2012), the India Health Management
Information System (HMIS) data (Government of India, 2021a) and ProMED
(International Society for Infectious Diseases, 2021). | also supplemented the data
with published literature on JE outbreaks in the region. | performed a systematic
literature search on PubMed using the search terms “Japanese encephalitis +
(Arunachal Pradesh and/or Assam and/or Manipur and/or Meghalaya and/or
Mizoram and/or Nagaland and/or Sikkim and/or Tripura and/or West Bengal” and
selected a published data range from 2009 to present day, selecting journal articles
published in English. These search terms provided 43 unique results, of which five
articles were relevant after review. Case data were collected from all supplementary
sources in the same method as described for the original surveillance data (Appendix
3 Table S4.1).

Due to the issue of variation in sampling effort when using multiple sources, | decided
to use the single source of IDSP data to model spatial JE outbreak occurrence since
fewer data were required to specify an outbreak occurrence. However, this single
source did not provide enough non-zero data to model the seasonal JE incidence.
Therefore, for the temporal model | first selected four neighbouring districts with the
most data (i.e., Dibrugarh, Jorhat, Sivasagar and Tinsukia in Assam). | then
supplemented IDSP data with data from supplementary sources for these districts.
To reduce the potential for double counting and inflation of case numbers when using
multiple sources, | only included supplementary data from a single source for months
in which no data were reported in the IDSP dataset. The source of supplementary

data was selected according to perceived case standardisation with Indian
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government sources (i.e., HMIS data, NCDC data), followed by ProMED data and
finally, published literature. The resulting temporal dataset of reported cases for the
four districts of Assam included n=103 datapoints (IDSP [n=19], HMIS [n=32], NCDC
[n=2], MED [n=15] and published studies [n=35]).

4.3.2.2 Meteorological data

Monthly mean daily minimum temperature (Tmin, °C), maximum temperature (Tmax,
°C), precipitation (mm) and the Palmer drought severity index (PDSI) were obtained
from Terraclimate (Abatzoglou et al., 2018) for the period January 2009 to December
2019. The raster datasets were aggregated to each district using the exactextractr
package in R (version 0.7.1) (Baston, 2021), by calculating the mean of the grid cells
within each district, weighted by the fraction of the cell that lay within the district. The
northeast region of India has clear seasonality in temperatures with cool winters,
often falling below the thermal optima for Flavivirus transmission (between 23.9—
26.4°C for Culex species. (Mordecai et al., 2019) and below temperatures reported
for optimal JEV transmission for predominant vector Culex tritaeniorhynchus (Tu et
al., 2021). The region receives an average annual rainfall of 2000 mm, accounting for
about 10% of the country’s total precipitation (Roy et al., 2015) which primarily occurs
during the summer monsoon (Guhathakurta and Rajeevan, 2008; Mahanta, Sarma
and Choudhury, 2013). | used PDSI to determine the effect of unusually wet or dry
periods on JE transmission since it provides a measure of drought or wetness
conditions relative to the historical average by using soil moisture levels, expected
evapotranspiration rate and precipitation (Alley, 1984; The National Center for

Atmospheric Research, 2020).

4.3.2.3 Land-use type
| obtained annual land cover data from the European Space Agency (ESA) Climate
Change Initiative Land Cover dataset (version 2.1.1) for 2009-2019 (ESA,;

http://maps.elie.ucl.ac.be/CCl/viewer/index.php). Data on the proportion of individual

agricultural and natural land cover classes were extracted for each district from the
datasets using the raster package in R (version 3.4.5) (Hijmans et al., 2020). | also
extracted data on seasonal proportion of land under rice paddy cultivation for

northeast India in 2017 (Singha et al., 2019). To provide more accurate information

on natural vegetation and crop cultivation dynamics (Onojeghuo et al., 2018),
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monthly mean Normalized Difference Vegetation Index (NDVI) data were extracted
from MODIS (Didan, 2015) for the period January 2009 to December 2019. The
raster datasets were aggregated to each district using the exactextractr package as
described for meteorological variables.

4.3.2.4 Animal reservoir host data

| used Gridded Livestock of the World (version 3) data for domestic pig population
density in 2010 (Gilbert et al., 2018) to calculate the mean number of pigs per grid
cell in each district using the raster package. To estimate the geographical
distribution of sylvatic reservoir host presence, | fitted species distribution models
with Bayesian additive regression trees (Carlson, 2020) to Intermediate egret (Ardea
intermedia), Little egret (Egretta garzetta), Cattle egret (Bubulcus ibis), Indian pond
heron (Ardeola grayii) , and Black-crowned night heron (Nycticorax nycticorax)
occurrence data from January 2009 to December 2019 identified from ebird (eBird,
2021) and Global Biodiversity Information Facility (GBIF) (GBIF, 2021f, 2021d,
2021b, 2021i, 2021e, 2021g, 2021h, 2021a, 2021c), using the embarcadero package
in R (Carlson, 2021) (see Appendix 3 Text S4.1. for full method and Figures S4.3,
S4.3, S4.5, S4.6 and S4.7 for results). | then extracted the mean predicted probability

of presence for each species per district using the raster package.

4.3.2.5 Human socioeconomic and vaccine coverage data

| retrieved data on human socioeconomic factors hypothesised to influence JE
transmission (see Appendix 3 Table S4.2). District-level data on the total human
population of residents, the population living in rural areas, the number of children
under six years old and the population practicing major religions (i.e., Hindus,
Muslims, Sikh, Buddhists, Jain, Christians) were obtained from the 2011 census
(Government of India, 2011). | retrieved data on the number of residents in each
district living in poverty as defined by the Multidimensional Poverty Index (MPI)
recorded for India in 2016 (Alkire, Oldiges and Kanagaratnam, 2018) which tracks
poverty across several indicators of health, education and living standards. These
socioeconomic covariates were then converted to proportions of the total population
per district in 2011 (e.g., proportion of the population living in rural areas per district,
proportion of the population under 6 years old) to make interpretation and

comparison of model coefficients easier. Data on healthcare access (i.e., number of
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primary health centres and first referral units) were retrieved from annual district-wise
estimates for 2010-2018, reported by the Indian Government’s HMIS (Institute for
Health Metrics and Evaluation, 2021). | calculated average healthcare access per
capita for each district by dividing the number of healthcare centres per district by
district-wise data on the total human population of residents from the 2011 census. |
used data from 2010 to represent missing healthcare access data for 2009, and data

from 2018 were used for missing data in 2019.

Vaccination is predominantly administered during routine childhood immunisation
targeting infants aged around nine months old in at-risk endemic states (Muniaraj
and Rajamannar, 2019). Data on routine infant vaccination coverage were retrieved
from annual district-wise estimates for 2009-2019, reported by the Indian
Government’s HMIS (Institute for Health Metrics and Evaluation, 2021). | used this
data to calculate the proportion of the population who had received a JE vaccine for
each district per year. | used data from 2010 to represent missing data for 2009, and

data from 2018 were used for missing data in 2019.

The full suite of covariates considered in this analysis, data sources and associated
hypotheses are described in Appendix 3 Table S4.2. All calculations were made
using a World Geodetic (WGS84) geographic coordinate system and R software
version 4.0.3 (R Core Team, 2020) through RStudio (RStudio Team, 2020).

4.3.2.6 Data availability

The case data underlying the results presented in this chapter are archived at
Figshare (https://figshare.com/s/e24f74c13f934a82c689). Sources for all freely
available environmental datasets are described in Appendix 3 Table S4.2. Health

data are available from the Ministry of Health & Family Welfare, Government of India:
https://www.idsp.nic.in/index4.php?lang=1&level=0&linkid=406&lid=3689.
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4.3.3 Statistical analysis

Statistical model inference and selection were conducted using Bayesian hierarchical
regression using Integrated Nested Laplace Approximation (INLA) in R (Rue, Martino
and Chopin, 2009; Lindgren and Rue, 2015). This framework enables the
development of spatially and temporally-structured regression models that address
data sparsity and spatial bias whilst also being computationally tractable (Rue,
Martino and Chopin, 2009; Redding et al., 2017).

4.3.3.1 Evaluative spatial model of JE outbreak occurrence in northeast India

To define the endemic area for JE and determine the spatial, socio-ecological
correlates of disease in northeast India, | aggregated JE cases by districts and
created a binary JE outbreak indicator. Initially | used a threshold of one per district-
year to define a JE outbreak occurrence. | also modelled an alternative outbreak
threshold of three confirmed cases per district-year. | developed a binomial spatial
Bayesian hierarchical model using the binary outbreak indicator as the response
variable for 115 districts in nine states in the northeast of India from January 2009 to
December 2019. | modelled annual JE outbreak occurrence (n=115 districts over 11
years) where Y; . is the binary presence (1) or absence (0) of a JE outbreak in district

i during year t, and p; , denotes the probability of JE outbreak occurrence, such that:

Yie ~ Bem(Pi,t) (1)

JE outbreak occurrence (p;.) is modelled as a function of socio-ecological covariates

and random effects:
logit(pi,t) = a+ Z ' B]X]‘,_ + stk‘i + Yi + Uu; + U; (2)
j

where, a is the intercept; X is a matrix of socio-ecological covariates with linear
coefficients given by ; &, ; are nonlinear effects for climatic predictors (specified as
second-order random walks); interannual variability is included as an effect of
reporting year specified as a first-order random walk (y;); and spatial reporting trends
at district level are accounted for using spatially-structured (conditional

autoregressive;(v;) and unstructured i.i.d. (independent and identically distributed)
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(u;) random effects jointly specified as a Besag-York-Mollie model. | considered the
following linear coefficients (f) that are hypothesised to influence JE transmission
(see Appendix 3 Table S4.2): annual mean precipitation, annual mean Tmax, annual
mean Tmin, probability of presence for sylvatic reservoir hosts (for individual species
and combined), mean pig population density, proportion rainfed and irrigated
agricultural land cover, proportion water bodies land cover, proportion mosaic
vegetation land cover, proportion of the human population living in rural areas,
proportion of population working in agriculture, proportion of the population under 6
years old, healthcare access per capita and proportion of the population living in
poverty. | also considered nonlinear (random walk) terms for temperature and
precipitation covariates because past studies of climatic factors and JE incidence
suggest that these relationships may be nonlinear (Liu et al., 2020; Tu et al., 2021).
Continuous covariates were rescaled using the z-score (to mean 0, s.d. 1) prior to
fitting linear fixed effects. Weakly informative prior probability distributions (priors)
were assigned for the intercept, a ~ N (0,1.5) and fixed effects, f ~ N (0,0.5) to
constrain the position and scale of the outcome to fall within a reasonable range. |
assigned penalized complexity (PC) priors (Simpson et al., 2017) to hyperparameters
of the year and district-level effects and the nonlinear climatic covariates to penalise

the complexity resulting from deviating from a simple base model.

| first constructed a baseline model comprising year and district-level spatial random
effects to allow for interannual variability in unobserved factors (e.g., public health
funding, vector control measures) and dependency structures (e.g., shared
environmental and socioeconomic factors) between districts. | then conducted
univariate selection on model covariates, examining the effect of each covariate on
model adequacy measures, including the widely-applicable information criterion
(WAIC) which balances model accuracy with complexity by penalising for the number
of effective parameters in the model (McElreath, 2020b), and the mean cross-
validated log score which measures the predictive power of the model when
excluding each datapoint in turn (Gneiting and Raftery, 2007). For both measures,
smaller values indicate better fitting models. Any covariates that did not improve both
measures of model adequacy when compared to the baseline were excluded. For
temperature and precipitation variables, | included linear and nonlinear effects in the

univariate analysis to see which effects would perform best. | excluded covariates
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that were highly collinear with one or more other others (Pearson correlation
coefficient >0.8) and omitted potential collider variables (i.e., causally influenced by
two or more variables) which might block associations between other variables. The
remaining covariates were included in a full model on which | conducted multivariate
selection by removing each covariate in turn and excluding any that did not improve
fit by a threshold of at least five WAIC units. All posterior parameter distributions and
residuals were examined for adherence to distributional assumptions. The fixed
effects parameter estimates were assessed using the posterior mean and 95%
credible intervals (Cls) which represents the interval that covers the true parameter
value with a probability of 95%, given the evidence provided by the observed data. |
examined the robustness of the relationships by evaluating the sensitivity of the
model to k-fold cross validation by comparing the direction and magnitude of fixed
and nonlinear effects for hold-out models. This involved randomly dividing the data
into five folds (i.e., 20% of data), then fitting separate models holding out data from
each fold in turn and extracting out of sample (OOS) predicted JE outbreak
occurrence probability for the holdout fold (Valavi et al., 2019). Despite the spatial
structure in the data, spatial cross validation was not suitable (Roberts et al., 2017),
because data paucity in certain states caused substantial variation in the training

data fold size.

4.3.3.2 Predictive spatial model of JE outbreak occurrence in northeast India
Compared to the goal of identifying socio-ecological drivers of JE outbreak
occurrence, the goal of predicting endemic areas of JE transmission focuses on
producing predictions that generalise well without explicit concern in understanding
relationships between quantities of interest (Hofman et al., 2021). Therefore, to
accurately predict endemic areas, | subset the JE outbreak occurrence data to the
last six years of the study period (i.e., 2014 to 2019) when most outbreaks were
reported (Appendix 3 Figure S4.8). | conducted model selection on OOS prediction
by identifying the model that minimised OOS predictive error using the same 5-fold
split as described for the evaluative model. Model OOS predictive error for the whole
region was calculated using the Brier score which is the mean squared difference
between the observed outcome and the predicted probability of the outcome (Brier,
1950), whereby smaller values indicate better predictions. The final model was

selected by comparing models of increasing complexity (with regard to input
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covariates) to the baseline model and selecting the model with the lowest Brier score.
Predictive ability was also evaluated by assessing the spatial variation in the Brier
score (Colon-Gonzalez et al., 2021b) per district to understand areas where the
model had improved outbreak detection ability. To determine the potential endemic
areas of JE transmission using the JE outbreak occurrence probability, a threshold
was defined by the value that maximized sensitivity and specificity when classifying
outbreak occurrence and background data. This was calculated using a receiver
operating characteristic (ROC) curve which plots the true positive rate against the
true negative rate at different thresholds to select the threshold that maximises
sensitivity and specificity. Any district with a predicted JE outbreak occurrence value

above 0.08 was considered endemic.

4.3.3.3 Temporal model of JE incidence in endemic districts of Assam

| developed a temporal model to quantify the lagged climatic and environmental
conditions that predict JE incidence (monthly confirmed case counts) in four
neighbouring endemic districts in the state of Assam (i.e., Dibrugarh, Jorhat,
Sivasagar and Tinsukia) from January 2009 to December 2019. | focused my
analysis on these districts since they reported the most cases (Appendix 3 Figure
S4.9) and Assam is a known endemic state with high surveillance effort relative to
other states in the region. A zero-inflated negative binomial distribution was assumed
to account for potential overdispersion in JE case counts and the generation of zeros
from two processes (McElreath, 2020c): true JE absence and undetected cases.
Data source-level and temporal random effects were included to account for
unobserved and unmeasured sources of variation and temporal dependency
structures. | included variables lagged at O to 3 months before reporting to account
for exposure-lag response associations between environmental conditions and JE
incidence (Liu et al., 2020; Tu et al., 2021). | did not include the other temporally
invariant covariates included in the spatial models, since the focus on one state in
this phase of the analysis provides low comparative power to detect any spatial

effects on incidence.

I modelled monthly JE confirmed case counts in four districts of Assam Z; (n=4
districts over 11 years; total 528 observations) as a zero-inflated negative binomial

process (which models zero observations as a mixture of true and false negatives):
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Vi~ ZINegBin(ﬂi:ﬂi:(p) (3)

where m; is the zero-inflation probability, u; is the expected number of cases during
month i, and ¢ is the overdispersion parameter. | used the “zeroinflatednbinomiall”

distribution in R-INLA (https://inla.r-inla-download.org/r-

inla.org/doc/likelihood/zeroinflated.pdf ) which considers multiple sources of zero-

inflation (i.e., structural zeros and excessive zeros). | selected a zero-inflated
negative binomial model since it very flexible by allowing for over-dispersion arising
from excess zeros and heterogeneity in count data, whereas a zero-inflated Poisson
model only accommodates over-dispersion from excess zeros (Feng, 2021).
Population effects were accounted for by including log population per 100 000 in the
model as an offset at the linear predictor scale to give JE incidence rate per 100 000
population. | modelled JE incidence as a log-link function of a linear combination of

temporally structured random effects and environmental covariates:
lOg(,Lll) = a-+ Pi + Yri + ti + Si + Z Sk,i (4)
k

where, «a is the intercept, P; is log human population included as an offset, and
several random effects are included: Yr; is a temporal effect of year (first order
random walk to account for ongoing changes in reporting effort and other interannual
variability), t; is a temporal effect of epidemiological month to account for seasonality
(second order random walk to capture dependency between months) and, s; is an
1.i.d. random effect of data source to enable the model to account for between-source
variation in sampling effort that might otherwise confound inferences. Additionally,
d,; are nonlinear effects of climatic predictor variables (specified as second-order
random walks). | assigned weakly informative priors for the intercept, a« ~ N (2,0.5)
and fixed effects, g ~ N (0,0.07) and PC priors to hyperparameters of the month,

source, and nonlinear climatic effects.

| considered candidate models for lagged combinations of all covariates and
identified the model that minimised OOS predictive error compared to the baseline
model containing only random (year, month and source) effects. | performed

temporal cross-validation by refitting the selected model 22 times, excluding all
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observations for sequential six-month holdout windows across the study period and
compared observations to OOS predicted case counts for the holdout window. Model
predictive error was calculated as root mean square error (RMSE) of the difference
between observed and OOS predicted case counts across the whole time series
(2009-2019).

4.4 Results

4.4.1 Trends in JE surveillance data

Between January 2009 and December 2019, there were 2293 suspected and 1259
confirmed cases of JE reported by the Indian government’s IDSP from 115 districts in
northeast India. Over the 11-year period, significant outbreaks (i.e., outbreaks of
more than 10 confirmed cases reported in one month) were reported from 2013 to
2016, particularly in the states of Assam, West Bengal and Meghalaya (Figure 4.2).
Outbreaks were more widespread across the region from 2014 to 2019 (Appendix 3
Figure S4.8) with around 19% (22/115) of districts experiencing more than one
outbreak throughout the study period (Figure 4.3). Most outbreaks occurred in the
states of Assam and West Bengal, with a few outbreaks reported in Arunachal
Pradesh, Meghalaya, Manipur, and Tripura (Figures 4.2, 4.3). No outbreaks were

reported in the states of Sikkim, Nagaland, and Mizoram.
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Figure 4.2. Reported confirmed Japanese encephalitis cases by state in northeast
India 2009-2019.
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Figure 4.3 The number of years each district experienced a Japanese encephalitis
outbreak (threshold of one confirmed case) between 2009 and 2019 in northeast India.
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Although Assam had the highest number of JE cases over the 11-year study period,

reports were concentrated in a small number of districts, particularly in the east (i.e.,

Dibrugarh, Jorhat, Sivasagar and Tinsukia) (Appendix 3 Figure S4.9). Focusing on
JE cases from these four neighbouring districts showed that peak transmission
generally occurred in the middle of the year and the largest outbreaks were reported

in 2013, 2015 and 2017; of these, the outbreak in 2017 was the most significant
(Figure 4.4).
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Figure 4.4. Monthly suspected and confirmed Japanese encephalitis cases in four
endemic districts of Assam (i.e., Dibrugarh, Jorhat, Sivasagar and Tinsukia), 2009—

2019.
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4.4.2 Evaluating the spatial correlates of JE outbreak occurrence in northeast

India

The results of the univariate (Appendix 3 Table S4.3) and multivariate selection
(Appendix 3 Table S4.4) indicated that the best-fitting spatial model of JE outbreak
occurrence included linear effects of agricultural land proportion, mean annual
precipitation, mean pig population density, healthcare access per capita, proportion
of the population living in poverty (Figure 4.5A) and a nonlinear effect of mean Tmax
(Figure 4.5B). Districts with a high proportion of agricultural land (irrigated and
rainfed) and a high poverty prevalence had a significantly increased probability of an
outbreak (Figure 4.5A, Appendix 3 Table S4.7). Analysis showed that JE outbreak
occurrence was influenced by climatic conditions, peaking in areas with mean Tmax
levels around 26—-28°C, and declining sharply above 30°C (Figure 4.5B). Although
non-significant, mean precipitation was negatively associated with JE outbreak
occurrence and pig density positively influenced JE outbreak occurrence (Appendix 3
Table S4.7). Despite their non-significant effects, mean precipitation, pig density and
healthcare access were included in the model since they were considered important
a priori factors. The covariate relationships were consistent under sensitivity analysis
using an alternative outbreak threshold of three confirmed cases (Appendix 3 Figure
S4.10). However, the nonlinear effect for mean Tmax appeared different with higher
JE outbreak occurrence associated with low temperatures (Appendix 3 Figure
S4.10C). The individual and combined presence of the sylvatic reservoir hosts were
highly correlated (Pearson correlation coefficient r >0.8) with temperature and
cropland covariates so these variables were not included in the model despite their a

priori relevance.

The socio-ecological model explained substantially more of the variation in the data
relative to a random effects-only baseline model (AWAIC= -40.58; Alog score= -0.09;
Table 4.1) Fixed and nonlinear effects direction and magnitude were robust in all
hold-out models (Appendix 3 Figure S4.11).
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Figure 4.5. Correlates of annual Japanese encephalitis occurrence in northeast India
2009-2019.

(A) The mean and 95% credible interval (CI) of the posterior distribution for each model
covariate for the best fitting model with a threshold of one confirmed case. The linear fixed
effects are displayed on the standardised z-score scale, so parameters measure the effect of
1 scaled unit change in the covariate (1 standard deviation) on log odds of occurrence. (B)
Curve shows nonlinear effects of mean Tmax on JE outbreak occurrence (odds ratio).
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Table 4.1. Model selection results for models determining socio-ecological drivers of
spatial Japanese encephalitis outbreak occurrence in northeast India.

The table shows the differences in structure and within-sample model fit (WAIC and log
score) for the baseline (random effects only) and best-fitting socio-ecological model.

Model Random Socio-ecological effects WAIC Log
effects score
Baseline Year, district- | - 226.20 0.49
level spatial
random
effects
Socio-ecological | Year, district- | Precipitation, 185.62 0.40
level spatial Pig population density
random Proportion of the population
effects living in poverty,

Healthcare access per capita,
Agricultural land proportion,
Nonlinear Tmax function

4.4.3 Predicting the spatial distribution of JE endemic areas in northeast India

The results of the model selection (Appendix 3 Table S4.5) indicated that the best
performing predictive spatial model of JE outbreak occurrence included linear effects
of agricultural land proportion, mean annual precipitation, proportion of the population
living in poverty, healthcare access per capita, and a nonlinear effect of mean Tmax.
The inclusion of these covariates marginally improved OOS predictive error
according to the Brier score when compared to a baseline (random effects only)
model (Table 4.2). These findings were consistent when modelling an alternative
outbreak threshold of three confirmed cases (Appendix 3 Table S4.8). When
comparing the difference in Brier score between the baseline and socio-ecological
model per district (Appendix 3 Figure S4.12), the socio-ecological model performed
better in many known ‘high JE priority’ districts of Assam (Government of India,
2014), suggesting the ability of the socio-ecological model to define high JE risk

areas.
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Table 4.2. Model selection results for models predicting spatial Japanese encephalitis
outbreak occurrence in northeast India.

The table shows the differences in structure and out-of-sample model fit (Brier score) for the
baseline (random effects only) and best-fitting socio-ecological model of JE outbreak
occurrence.

Outbreak Model Random effects | Socio-ecological effects Brier
threshold score
1 confirmed Baseline Year, district- - 0.065
case level spatial

random effects

Socio- Year, district- Precipitation, 0.063
ecological level spatial Proportion of the population
random effects living in poverty,
Healthcare access per
capita,

Agricultural land proportion,
Nonlinear Tmax function

Spatially projecting the predicted probability of JE outbreak occurrence suggests that
large areas of northeast India are suitable for JE transmission especially in the states
of Assam and West Bengal (Figure 4.6A). The predictive model identified likely
endemic districts (i.e., with the average probability of an outbreak above 0.08) across
most of Assam and localised regions in Manipur, Meghalaya, Nagaland, Tripura,
Arunachal Pradesh, and West Bengal (Figure 4.6B). When compared to the Indian
Government’s ‘high JE priority’ district list (Government of India, 2014), the model
predicted several districts in these states that are not currently considered to be a
priority for JE surveillance or intervention (Figure 4.6B). However, the model did not
predict endemicity in the some districts considered high JE priority by the Indian

government (Government of India, 2014) (Figure 4.6B).
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Figure 4.6 Maps of predicted Japanese encephalitis outbreak probability and endemic
districts for northeast India, 2009-2019 (see Figure 1 for delineation of states).

(A) Map of predicted probability of JE outbreak occurrence for the region. (B) Map of
predicted endemic states (i.e., with JE outbreak occurrence probability >0.08), whereby dark
purple signifies predicted endemic districts that are reported “JE high priority” districts by the
Indian Government (Government of India, 2014), red signifies predicted endemic districts
that are not reported “JE high priority”, grey signifies “JE high priority” districts that were not
predicted endemic and pale pink signifies districts that are not predicted endemic or reported
“JE high priority”.
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4.4.4 Predicting seasonal JE incidence in endemic districts of Assam

Model selection results (Appendix 3 Table S4.6) indicated that the best combination
of environmental predictors included nonlinear effects of Tmean (1 month lag),
precipitation (1 month lag), PDSI (1 month lag), and a linear effect for area of land
under rice cultivation. This environment-driven model (Model 2) reduced OOS
predictive error relative to the random effects only baseline model (36.6% reduction
in RMSE; Table 5). The inclusion of vaccination data at a two-month lag in the
environment and vaccine-driven model (Model 3) further improved OOS predictive
error relative to the baseline model (46.0% reduction in RMSE; Table 5). When
evaluating the added predictive accuracy of including vaccine data in the
environment and vaccine-driven model, the RMSE was clearly optimised at a two-
month lag (Appendix 3, Figure S4.13).
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Table 4.3. Predictive accuracy of Japanese encephalitis incidence models.

The table shows the differences in structure and out-of-sample (OOS) model fit (root mean
square error; RMSE) for the baseline (random effects only), the best-fitting environment-
driven model and best-fitting environment and vaccine-driven model of JE incidence.

Model Random | Environmental Posterior RMSE | A
effects covariates mean (95% RMSE
Cl) of linear
effects
1 | Baseline Data - - 53.37 | -
source
Month
Year
2 | Environment- | Data Nonlinear precipitation 1- - 33.83 | -19.54
driven source month lag function,
Month Nonlinear PDSI 1-month -
Year lag function,
Nonlinear Tmean 1-month | -
lag function,
Rice area under cultivation | -0.72
(-1.55, 0.19)
3 | Environment | Data Nonlinear precipitation 1- - 28.80 | -24.57
and vaccine- | source month lag function,
driven Month Nonlinear PDSI 1-month -
Year lag function,
Nonlinear Tmean 1-month | -
lag function,
Rice area under -0.88
cultivation, (-1.66, 0.00)
Vaccination 2-month lag -0.47
(-0.96, 0.00)

Model 2 and 3 accurately predicted the timing of JE incidence across the districts.
However, neither model captured the magnitude of the large outbreaks in 2013 and
2015 (Figure 4.7A and B). Overall, both models overestimated the magnitude of
outbreaks, especially for 2009, 2017, 2018 and 2019 but the disparity between
reported confirmed cases and predicted cases may reflect underreporting during
these periods. The inclusion of vaccination data in Model 3 dampened some of high
predicted peaks (maximum OQOS posterior mean predicted cases = 400) when
compared to Model 2 (maximum OQOS posterior mean predicted cases = 287) (Figure
4.7A and B).

Results from Models 2 and 3 suggest that seasonal JE risk in the four endemic

districts of Assam (i.e., Dibrugarh, Jorhat, Sivasagar and Tinsukia) is linked to the
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distribution of rainfall (both non-extreme conditions [as determined from PDSI], and
mean precipitation), mean temperature in the preceding month (Figure 4C-D), area of
rice-cropland under cultivation and vaccination coverage in the preceding two
months. Incidence relative risk was highest when PDSI in the preceding month was
between -2 and 0 (Figure 4.7C), indicating non-extreme precipitation conditions, and
when mean monthly precipitation was approximately 400mm in the preceding month
(Figure 4.7D). JE risk was influenced by average monthly mean temperature in the
preceding month with a peak around 20°C and then a steady incline above 28°C.
However, the relationship had large Cls which infers a large margin of error (Figure
4.7E). In addition, the area of rice-cropland under cultivation and vaccination
coverage in the preceding two months were both negatively associated with JE risk
in Model 3 (Table 4.3). Together with the spatial models of JE outbreak occurrence,
these results indicate a substantial association between environmental factors and
patterns of JE occurrence and incidence across northeast India. Furthermore, the
results suggest that vector and host ecology — which constitute the hazard
component of JE risk - play a significant role in JE transmission. In addition, seasonal
rice cultivation appears to be an important factor in JE transmission which may be

due to its influence on exposure to JE hazard.
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Figure 4.7. Modelled temporal dynamics and drivers of confirmed Japanese
encephalitis cases in endemic districts of northeast India, 2009-2019.

Case time series show observed and out-of-sample (OOS) predicted monthly case counts
from (A) an environment-driven model, and (B) an environment and vaccine-driven model.
Time series graphs (A-B) show observed counts summed across four neighbouring endemic
districts in Assam (i.e., Dibrugarh, Jorhat, Sivasagar, and Tinsukia) from 2009 to 2019 (grey
bars), OOS posterior mean predicted cases (red line) and OOS 95% (orange shading)
posterior predictive intervals. OOS predictions were made while holding out sequential 6-
month windows across the full time series. Panels show nonlinear fitted effects of (C) Palmer
Drought Severity Index (PDSI) at 1 month lag, (D) average monthly precipitation at 1 month
lag, and (E) average monthly mean temperature at 1 month lag on relative risk, showing
posterior mean and 95% credible interval.
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45 Discussion

| found that JE outbreak occurrence is associated with climatic suitability, agricultural
practices, healthcare access and poverty and that potential JE endemic areas in
northeast India may be more extensive than previously thought. Highest JE outbreak
occurrences appear to be in areas experiencing mean maximum annual
temperatures of approximately 26—28°C with a high proportion of land dedicated to
rainfed and irrigated crops and a high poverty prevalence. The inclusion of climatic
suitability, agricultural practices, poverty, and healthcare access in the predictive
model of JE outbreak occurrence improved OOS predictive ability when compared to
a baseline (random effects only) model, highlighting the importance of these socio-
ecological factors in defining the JE endemic region in northeast India. In several
districts of Assam, West Bengal, Meghalaya, Tripura, and Manipur, | identified areas
that may experience underreporting of JE outbreaks and highlighted potential
endemic districts that are currently not perceived to be of high JE priority.
Furthermore, in a subset of endemic districts in Assam, | found that lagged climatic
conditions, cultivated rice area, and lagged vaccination coverage could be used to
predict the temporal dynamics of JE incidence. These findings substantiate the
description of JE as an environmentally sensitive disease (Erlanger et al., 2009; van
den Hurk, Ritchie and Mackenzie, 2009; Le Flohic et al., 2013; Tian et al., 2015;
Pearce et al., 2018) and support the prospect of developing an early warning system
for JE incidence which would inform public health efforts in endemic areas
(Government of India, 2014).

JE outbreak occurrence is positively associated with increasing agricultural land-use,
which may influence the populations of vectors and reservoir hosts (Keiser et al.,
2005b; Sabesan, Raju Konuganti and Perumal, 2008; Erlanger et al., 2009; Borah et
al., 2013; Le Flohic et al., 2013) and human exposure to infected vectors as a
consequence of the large numbers of people engaged in agricultural work in the
region (Roy et al., 2015; FAO, 2020). This current study is in agreement with
previous findings that have shown a strong positive association between agricultural
land-use and JE transmission in northeast India (Phukan, Borah and Mahanta, 2004;
Sarkar et al., 2012; Borah et al., 2013) and in surrounding countries (Cao et al.,

2010; Impoinvil et al., 2011; Robertson et al., 2013). This association has
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implications for the projected irrigated agricultural expansion in Asia required to
improve food security (Keiser et al., 2005b; Alexandratos and Bruinsma, 2012). |
found annual mean maximum temperatures of approximately 26—28°C are
associated with JE outbreak occurrence, which support the findings from previous
studies (Bi et al., 2003) and reflect the thermal optima reported for the transmission
of other flaviviruses by Culex spp (Mordecai et al., 2019) and optimal JEV vector
temperatures reported in India (Murty, Rao and Arunachalam, 2010; Borah et al.,
2013). Poverty prevalence determined by the MPI (Alkire, Oldiges and
Kanagaratnam, 2018) is also positively associated with JE outbreak occurrence, and
is in agreement with previous studies that have reported JE as a disease of poverty
(Badari, 1985; Luo et al., 1995; Sarkar et al., 2012). Therefore, public programmes
aimed at poverty alleviation may have a positive impact in terms of reducing JE risk.
However, since MPI is a compound metric (UNDP and OPHI, 2021), the effect of
poverty on JE occurrence will likely be mediated by several factors which may vary
by district (i.e., health, education and living standards).

Interestingly, the best-fitting predictive model used to define endemic areas did not
include pig density which suggests that the influence of this covariate on JE outbreak
occurrence may be regional and not generalisable across northeast India. Indeed,
extensive serosurveillance data are required to better understand the epidemiological
significance of pigs as a reservoir host for JEV in India (Desingu et al., 2016; Datey
et al., 2020). Unfortunately, data on the presence of the sylvatic reservoir hosts were
not included in this study due to high correlation with environmental variables.
However, other studies have reported a strong association between habitat suitability
of ardeid birds and JE outbreak risk in India, highlighting the importance of
considering both irrigated agriculture and water bodies when predicting risk (Walsh et
al., 2021). Although there was a trend for a negative relationship between
precipitation and JE outbreak occurrence, the results were non-significant. This
finding was surprising since rainfall facilitates vector habitat formation. Nevertheless,
other studies have reported similar results (Impoinvil et al., 2011; Bai et al., 2014).
One study found that the effect of precipitation on JE risk was positive up to 350
mm/day, above which vector habitats were likely destroyed (Chen et al., 2012).
Therefore, my results may have reflected the high average annual rainfall received in

this region (2000mm; 10% of India’s total precipitation) (Roy et al., 2015; Singha et
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al., 2019) and the influence of heavy monsoon rainfall (Guhathakurta and Rajeevan,
2008; Mahanta, Sarma and Choudhury, 2013) which may have resulted in the
destruction of vector habitats.

The predicted spatial pattern of JE outbreak occurrence (Figure 5A) mirrored the
pattern of reported JE outbreaks (Figure 2), with high outbreak probability predicted
across the majority of Assam, the western regions and Dakshin Dinajpur district in
West Bengal and localised districts of Manipur and Meghalaya. Many of these
districts border with neighbouring countries such as Bhutan, Nepal and Bangladesh
where JE cases are often reported (Hossain et al., 2010; Impoinvil et al., 2011; Paul
et al., 2011; Robertson et al., 2013; Khan et al., 2014; Wangchuk et al., 2020). Owing
to the difficulty of classifying JE endemic areas (Sabesan, Raju Konuganti and
Perumal, 2008), | decided to define districts as endemic when the average probability
of an outbreak throughout the study period was above a threshold of 0.08, as
determined by ROC curve. This classification led to the identification of 24 potentially
endemic districts across seven states that are not currently considered by the Indian
government to be high priority for JE surveillance or interventions (Government of
India, 2014) (Figure 5B). However, there is substantial evidence to support the
classification of these districts as endemic and requiring increased surveillance. For
example, predicted endemic districts in the west, south and central region of Assam
have reported increased cases of JE over the last few years (Malakar and
Choudhury, 2014; Ahmad et al., 2015, 2017; Dev, Sharma and Barman, 2015;
Government of India, 2021b) and Purulia district in West Bengal (Chatterjee et al.,
2004; Das et al., 2016) and the central districts of Manipur have reported significant
seropositivity in the population (Singh et al., 2019).

Despite the majority of predicted endemic districts corresponding to the Indian
government’s reported ‘high JE priority’ districts (Government of India, 2014), the
model did not predict endemicity in four districts in West Bengal that were previously
considered high priority. This disparity may relate to the reduced predictive
performance of the spatial model in this state (as determined spatial variation in the
Brier score) when compared to its superior predictive ability in the high priority
districts of Assam. Furthermore, the selected threshold for endemicity may have

been too conservative to identify all endemic areas. This threshold was selected to
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maximise sensitivity (i.e., the chance of detecting a true positive) and specificity (i.e.,
the chance of detecting a true negative) and therefore prevent overestimation.
However, for an underreported disease, maximising these values may not be

desirable since it is valuable to predict occurrence when it has not been observed.

Overall, predicted JE endemic areas in northeast India appear to be associated with
environmental conditions that influence vector and host ecology (i.e., components of
JE hazard) and facilitate human contact with infected vectors such as irrigated
agricultural systems (i.e., components of JE exposure). Indeed, the majority of
predicted endemic districts have a warm and humid climate, with higher precipitation
during the monsoon (CWA and AW types in Képpen climate classification) (Appendix
3 Figure S4.1). They also have a large proportion of irrigated agricultural land (Roy et
al., 2015) owing to the Brahmaputra river that flows through Assam (Immerzeel, van
Beek and Bierkens, 2010; Samaranayake, Limaye and Wuthnow, 2016) and the
Damodar river in West Bengal (Singh et al., 2020). Dependence on the agricultural
sector (Roy et al., 2015; FAO, 2020) and projected expansion in irrigated agriculture
(Keiser et al., 2005b; Alexandratos and Bruinsma, 2012) may result in public health
interventions focused on reducing human-vector contact not being effective in
northeast India. Instead, targeted vaccination programmes may be more beneficial at

reducing JE risk in this region.

The temporal model of JE incidence in the four endemic districts of Assam showed
substantial improvement in OOS predictive error with the inclusion of environmental
variables when compared to the random effects only baseline model. Moreover, the
inclusion of vaccination coverage data lagged by two months further improved model
predictive ability, dampening the predicted peaks in JE cases to more reasonable
levels. This suggests the possibility of developing an environment-driven forecasting
model for JE incidence for endemic areas of India which can be used to pre-
emptively inform when to target vaccination drives and therefore reduce JE risk. This
may help to address the low vaccine efficacy (Vashishtha and Ramachandran, 2015;
Tandale et al., 2018) and coverage (Murhekar et al., 2017; Vannice et al., 2021)
reported in India by facilitating management of vaccines cold chain logistics (Saikia,
2017). With the exception of underestimating peaks in cases in 2013 and 2015, the

environment and vaccine-driven model was able to predict the accurate timing of JE
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cases across the endemic area but often overestimated their magnitude. The
disparity between the magnitude of confirmed and predicted cases may be explained
by underreporting which is possibly due to several factors that include: the high
subclinical to clinical ratio of disease presentation (WHO, 2015b); non-specific clinical
symptoms associated with JE (McNaughton, Singh and Khan, 2018); high incidence
of other encephalitis aetiologies in the region (Khan et al., 2011; Chowdhury et al.,
2014; Dev, Sharma and Barman, 2015); possible test cross reactivity with other
flaviviruses and vaccines (Maeki et al., 2019; Quan et al., 2020); limited healthcare
resources (WHO, 2020b).

Climatic factors including temperature, precipitation and PDSI at one month lag
appear to be important for predicting JE incidence as confirmed by other studies
(Borah et al., 2013; Singh, Singh and Mall, 2020; Tu et al., 2021). The lag period
probably reflects the time taken for vector development (7-10 days for Culex spp.)
(CDC, 2020), the extrinsic incubation period (i.e., the time period for the virus to
develop within a vector and become transmissible; 7-14 days) (Schuh et al., 2014; Tu
et al., 2021), and the human incubation period (median of 8.4 days) (Turtle and
Solomon, 2018). There may also be a time lag between the onset of clinical
symptoms and healthcare access, which has been reported to vary between 1-12
days in Assam (Kakoti et al., 2013). | found that rice area cultivated was also an
important predictor of JE incidence reflecting the importance of rice paddy agriculture
to the JE disease system (Keiser et al., 2005b; Erlanger et al., 2009; Pearce et al.,
2018).

Although this study extends our understanding of endemic areas and important
drivers of JE in northeast India, it has several limitations. For example, the
predominant source of JE case data used in the analysis was obtained from the
Indian government’s IDSP, which may be influenced by the differences in reporting
efforts of the various districts depending on whether JE is considered a high priority
disease or not (Government of India, 2014). This will have meant JE incidence
calculations will be subject to substantial underreporting and heterogeneity in
reporting effort. Furthermore, 2011 census data was used to calculate incidence
which will mean calculations are increasingly inaccurate over time. To overcome the

significant zero-inflation in the data and reduce the impact of reporting bias in the
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model, | used a JE outbreak indicator rather than case data as a response variable in
the spatial models. An outbreak indicator of one confirmed case per district year was
chosen to capture JE occurrence despite the relative underreporting of the disease
(Quan et al., 2020) and to achieve consistency with previous definitions of endemicity
in India (Sabesan, Raju Konuganti and Perumal, 2008). The outbreak may not be
conservative enough to capture the accurate relationships between JE occurrence
and spatial drivers or the endemic areas. However, when compared to a higher
threshold of three confirmed cases per district year, | found the direction and
magnitude of spatial drivers and the ability of the model to predict outbreaks was
consistent with the lower threshold. While the inclusion of socio-ecological variables
improved the OOS predictive error (i.e., Brier score) of the spatial model when
compared to the baseline (random effects only) model, the overall improvement was
modest. This may have resulted from the fact that the Brier score penalises
deviations from the observed outcome, therefore predictions of occurrence in
unobserved areas (e.g., potential areas of underreporting) will result in higher
predictive error. Nevertheless, assessing the spatial variation in OOS predictive error
revealed that the socio-ecological model performed better than the baseline in many

reported JE priority districts of Assam (Government of India, 2014).

The use of observational datasets and correlative analytic methods in this study
precluded the identification of underlying causal mechanisms (Hernan, 2018;
Kraemer, Reiner and Bhatt, 2019) which may limit the generalisability of the results
across time and space (Washburne et al., 2019). To infer causal relationships
requires further empirical research investigating underlying socioecological
processes that influence JE risk. Another limitation was that the temporal model
failed to predict some trends in the data, which may have reflected the inability of the
coarse scale of predictors (i.e., mean monthly values per district) to capture important
statistical associations (Parham et al., 2015) required to forecast accurate outcomes.
Indeed, it is possible that JE risk is highly discontinuous and localised and so future
research would benefit from modelling case data at finer resolutions to describe
heterogeneity in JE incidence. Owing to limited data, this study did not consider the
role of human factors which are critical in shaping patterns of disease risk such as
behaviour, population immunity, and age distribution (Funk, Salathé and Jansen,

2010). Behavioural risk factors for JE include the proximity of dwellings to rice
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paddies and livestock (Borah et al., 2013), the use of insecticide-treated mosquito
nets (Dutta et al., 2011), and scepticism surrounding immunisation (Saikia, 2017;
Sakamoto et al., 2019). Since JE is predominantly a disease of childhood, the age
distribution of the population and the associated JEV seroprevalence in different age
groups also has a major impact on the spatiotemporal distribution of JE cases (Li et
al., 2016; Kwak, Hong and Kim, 2021). Future research would benefit from analysing
targeted serosurveillance data stratified by age and vaccination status which would
capture subclinical cases and reduce data biases associated with the effects of test
cross-reactivity, variations in healthcare diagnostics and differences in reporting

effort.

Despite these limitations, | have shown that JE outbreak occurrence is driven by
environmental and socioeconomic factors that influence the different components of
disease risk (i.e., hazard, exposure and vulnerability) (Hosseini et al., 2017). Using
passive surveillance data, | have predicted potential areas for endemic JE
transmission in northeast India and identified districts that are likely to be
experiencing underreporting and would benefit from increased surveillance effort.
Targeting future surveys outside of the current ‘*high JE priority’ districts (Government
of India, 2014) will also provide further information on the importance of
environmental and socioeconomic factors influencing JE risk. | also demonstrated
that climatic variability and land-use factors can be used to predict the temporal
pattern of JE incidence in endemic areas, revealing the potential to develop a desired
early warning system to inform public health efforts (Government of India, 2014). In
this study | have shown the sensitivity of JE to environmental and socioeconomic
conditions and highlighted the importance of focusing surveillance efforts in areas
outside of the established JE transmission zone. Improved knowledge on the burden
and drivers of JE in India will help policymakers to communicate and develop
effective and efficient interventions to safeguard public health with ongoing global

changes.
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Chapter 5:
Predicting Japanese encephalitis risk under different scenarios of

global change

This chapter focuses on medium-to-long term forecasting, applying the spatial
predictive model of JE outbreak occurrence developed in the previous chapter to
evaluate how future climatic, agricultural, and socioeconomic change may
differentially impact trends in JE risk in northeast India. My goal in this chapter is to
move towards incorporating MBD risk into not only public health but also
environmental policy decisions to identify trade-offs across land-use, climate, food

security and human health.

5.1 Abstract

Forecasting the impacts of global change on mosquito-borne disease (MBD) risk is a
key component of public health preparedness. Japanese encephalitis (JE) is a MBD
that has spread throughout Asia and the West Pacific over the past 70 years,
exposing more than 3 billion people to risk of infection. Environmental and
socioeconomic drivers impact JE risk but knowledge on how these processes may
influence disease risk in the future remains unclear. | applied a Bayesian model of JE
outbreak spatial occurrence to project the spatial extent of JE risk across northeast
India in 2030, 2050 and 2070 based on different global change scenarios.
Specifically, JE outbreak occurrence probability and human population at risk were
projected using four alternate socioeconomic and greenhouse gas concentration
pathways (Shared Socioeconomic Pathways and Representative Concentration
Pathways [SSP-RCPs]) and compared to a 2009-2019 reference period. The
population at risk of JE is projected to substantially diverge from present-day levels
under different SSP-RCP scenarios. By 2070, the population at risk is predicted to
increase by over 45,000 for SSP3-RCP6.0 (i.e., ‘regional rivalry’ scenario) and by
3500 for SSP2-RCP4.5 (i.e., ‘middle of the road’ scenario). By contrast, when
compared with present-day, declines in population at risk are predicted for SSP1-
RCP2.6 (i.e., sustainability scenario) and SSP5-RCP8.5 (i.e., rapid growth scenario)
resulting in reductions of over 22,000 and 25,000 people at risk, respectively. |
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showed scenario differences in the contraction, stability, and expansion of the
population at risk for different states in the region. The currently “high JE priority”
states of Assam and West Bengal show the greatest between-scenario differences,
justifying the ongoing public health focus in these regions. My study provides
evidence for the changing threat of JE risk in northeast India under future global
change. The projections can be used to inform future surveillance and public health
efforts (e.g., vaccination) and to evaluate the consequences of different policy
pathways for JE risk and burden across the region.

5.2 Introduction

Global change processes such as climatic, land-use and socioeconomic change are
significant drivers of global mosquito-borne disease (MBD) risk. While environmental
factors, such as temperature, precipitation, and land-use predominantly influence the
ecology of vectors, hosts, and pathogens (Keiser et al., 2005b; Erlanger et al., 2009;
Borah et al., 2013; Le Flohic et al., 2013; Mordecai et al., 2019), socioeconomic
factors (e.g., travel, demographics and poverty) impact human exposure and
susceptibility to disease (Badari, 1985; Luo et al., 1995; Sarkar et al., 2012; Hosseini
et al., 2017). The recent Intergovernmental Panel on Climate Change (IPCC) report
provides overwhelming evidence for the strong links climate has to land-use and
socioeconomics, and their combined effects on environmentally sensitive diseases
such as MBDs (IPCC, 2022). Therefore, these global change processes need to be
considered simultaneously when tackling complex problems such as the burden of
MBD. Although many studies have reported the predicted effects of individual global
change processes on future MBD distributions and populations at risk (Caminade et
al., 2014; Ryan et al., 2015; Monaghan et al., 2018; Colon-Gonzélez et al., 2018;
Ryan, Colin J. Carlson, et al., 2019; lwamura, Guzman-Holst and Murray, 2020),
there is limited analysis of their combined effects (Chapter 2; Franklinos et al., 2019).
This is true for other vector-borne diseases (VBDs) such as those transmitted by
ticks or sandflies, whereby projections of disease risk are often based on climate-
driven models with other drivers of change less explored (Gonzalez et al., 2010;
Moo-Llanes et al., 2013; Ogden et al., 2014a; Parham et al., 2015; Williams et al.,
2015; Alkishe, Peterson and Samy, 2017; McPherson et al., 2017). Understanding
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how VBD risk may vary under future global change scenarios is critical for effective
public health and environmental decision making (Campbell-Lendrum et al., 2015;
Moritz U. G. Kraemer et al., 2019a; Messina et al., 2019).

Japanese encephalitis (JE) is a MBD of high public health concern in Asia and the
West Pacific, where more than 3 billion people are exposed to risk of infection
(Erlanger et al., 2009; G. L. Campbell et al., 2011; WHO, 2015a). Spatiotemporal
trends in JE risk are associated with socio-ecological factors (i.e., climate, agricultural
practices, poverty, healthcare access) that affect vector and host populations and
human-vector contact (see Chapter 4). Therefore, the geographic distribution and
population at risk of JE is likely to be impacted by future environmental and
socioeconomic changes over the coming decades (Metelka, Robertson and Stephen,
2015; Pearce et al., 2018). India may be particularly susceptible because it already
has a high burden of JE (Heffelfinger et al., 2017; Kulkarni et al., 2018; Lindquist,
2018), diverse bioclimatic zones (MOEF, 2019) and is predicted to expand its
irrigated agriculture (Alexandratos and Bruinsma, 2012). Although some anecdotal
reports suggest JE incidence will increase with climate change (Rahman, 2016),
there has been limited research into the future effects of global change processes on
JE risk. A recent modelling study suggested that overlapping human population
expansion and growth in pig populations in Asia may lead to significant geographical
expansion of JE risk by 2050 (Metelka, Robertson and Stephen, 2015). However, the
consequences of different climatic, land-use or socioeconomic scenarios for JE risk

were not explored in that research.

The paucity of knowledge on future trends of JE risk under alternative policy
scenarios hinders the ability of decision-makers to target effective adaptation options
(e.g., vaccination, surveillance, early warning systems) and plan mitigation strategies
(IPCC, 2022). In this present study, | use a statistical model of outbreak risk to
project the combined effects of future climatic, agricultural, and socioeconomic
change on JE risk. | focus my research in the endemic region of northeast India
which is projected to undergo substantial changes in climate and land-use
(Ravindranath et al., 2011; Dutta, 2014; Prokop, 2020). Building on the methods |
developed in Chapter 4, | implemented a spatial Bayesian hierarchical model to
predict present-day (i.e., 2014-2019) geographic distribution of JE outbreak
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occurrence probability (henceforth referred to as JE risk). Using present-day data as
baseline, | then used this model to project the distribution of JE risk across northeast
India in 2030, 2050 and 2070 under four socioeconomic-climatic scenarios with
projections based on Representative Concentration Pathway (RCP) scenarios and
Shared Socioeconomic Pathways (SSPs) (O’Neill et al., 2016). | aim to evaluate the
degree to which projected pathways may impact the population at risk of JE in
northeast India. In addition, | aim to identify which areas are consistently projected to
expand or contract in their suitability for JE transmission across all global change
scenarios. This information can be used to inform future surveillance and public

health efforts to reduce the burden of JE.

5.3 Materials and methods

5.3.1 Scenario narratives

Scenarios form an essential part of global change research and assessment. The
RCPs are a set of four future emission pathways developed as a basis for the
development of new climate change projections (van Vuuren et al., 2011). The four
RCPs span the range of end-of-century radiative forcing values (2.6, 4.5, 6.0, and
8.5 W m?) by accounting for altering future greenhouse gas emissions and changing
underlying socioeconomic projections (van Vuuren et al., 2011). The SSPs are a set
of five future scenarios (SSP1 to SSP5) which span a range of future socioeconomic
narratives (Riahi et al., 2017). SSP1 (‘sustainability scenario’) represents a world of
sustainable growth and equality with low challenges to mitigation and adaptation;
SSP2 (‘middle of the road’ scenario) represents a world where trends follow the
status quo with medium challenges to mitigation and adaptation; SSP3 (‘regional
rivalry’ scenario) is a fragmented, nationalist world with high challenges to mitigation
and adaptation; SSP4 (inequality’ scenario) represents an increasingly inequitable
world with low challenges to mitigation but high challenges to adaptation; and SSP5
(‘rapid growth’ scenario) represents a world of rapid and unconstrained economic
growth with high challenges to mitigation and low challenges to adaptation (i.e., due
to rapid technological progress). Socioeconomic and land-use projections provided
for these different scenarios represent plausible outcomes under the assumptions of
each scenario narrative. The RCP-SSP framework combines RCP scenarios with
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SSPs to form a set of future global change scenarios which provide the basis to
explore the space of future mitigation pathways in terms of different levels of
mitigation stringency and different assumptions about socioeconomic development
(O’Neill et al., 2016). In this study, | selected four SSP-RCP pathways that represent
varying climate and socioeconomic assumptions: SSP1-RCP2.6 (low challenges for
mitigation and adaptation, low climate impacts, low population growth, high equity,
‘sustainability’ scenario), SSP2-RCP4.5 (medium challenges and medium-high
climate change, moderate equity, ‘middle of the road’ scenario), SSP3-RCP6.0 (high
challenges, medium-high climate change, high population growth, low equity,
‘regional rivalry’ scenario), and SSP5-RCP8.5 (high challenges to mitigation, low
challenges to adaptation, high climate change, low population growth, high equity,
‘rapid growth’ scenario) (Table 5.1).
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Table 5.1. Key features of the socioeconomic and climatic scenarios (RCP-SSPs).

Information derived from studies on the RCP and SSP scenarios (van Vuuren et al., 2011; Popp et al., 2017; Riahi et al., 2017).

SSP RCP SSP socioeconomic Climate policy Agricultural and land-use features Population by Population
narrative features 2050 in economic
northeast India | vulnerability
(100,000)
1 2.6 Sustainability Low challenges to Strong regulation of land-use change 15.0 Low
mitigation and (e.g., deforestation) to reduce
adaptation, strongly | environmental trade-offs. High
declining emissions | improvements in agricultural productivity
shared across countries. Moderate
international trade.
2 4.5 Middle of the road Medium challenges | Medium regulation of land-use change 16.6 Moderate
to mitigation and with slow declines in rate of deforestation.
adaptation, slowly Medium improvements in agricultural
declining emissions | productivity. Moderate international trade.
3 6.0 Regional rivalry High challenges to Limited regulation of land-use change 18.6 High
mitigation and with high rates of deforestation. Low
adaptation, improvements in agricultural productivity.
stabilising Low international trade.
emissions
5 8.5 Rapid growth/ fossil- High challenges to Medium regulation of land-use change 14.9 Low

fuelled development

mitigation, low
challenges to
adaptation, rising
emissions

with slow declines in rate of deforestation.
Highly managed and intensive practices
with rapid improvements in agricultural
productivity. High international trade.
Increased livestock and feed crop
production.
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5.3.2 Datasets

5.3.2.1 Human Japanese encephalitis case data

| obtained the Indian government’s Integrated Disease Surveillance
Programme (IDSP) (Government of India, 2021b) human JE surveillance
data for the period between 1st January 2009 to 315t December 2019 and
processed the data as described in Chapter 4 (see Chapter 4 methods for
further details). | used monthly confirmed JE case data from the last six years
(2014-2019) from the full dataset because this is when most cases were
reported (see Appendix 3 in Chapter 4 Figure S4.8). Since the case data
were zero-inflated and overdispersed, | aggregated JE cases by year at the
district level and created a binary JE outbreak indicator. | used a threshold of
one confirmed case per district per year to define a JE outbreak occurrence. |
believe this low threshold of outbreak occurrence is justified because of the
high levels of underreporting predominantly due to the high subclinical to
clinical ratio of disease presentation (WHO, 2015b). The resulting dataset
included district-wise annual JE outbreak occurrence data for the northeast
region of India (nine states, 115 districts) (Appendix 4 Figure S5.1) between
2014 and 2019.

5.3.2.2 Present-day environmental and socioeconomic covariates

In this analysis, | used the same suite of environmental and socioeconomic
covariates as described in Chapter 4. However, instead of using European
Space Agency Climate Change Initiative (ESA-CCI) land cover data, | used
land-use data for 2020 derived from the Global Change Analysis Model
(GCAM) and a land-use spatial downscaling model (Demeter) (Chen et al.,
2020) to follow the same land-use scheme as used for future projections.
ESA-CCI land cover data were found to be highly collinear with GCAM-
Demeter land-use data (Pearson correlation coefficient >0.8), justifying the
use of this dataset. Terraclimate data used in Chapter 4 were also used in
this analysis for present-day meteorological variables since the data are
compatible with future climate projections provided by Worldclim (Abatzoglou
et al., 2018). | also explored the inclusion of gross domestic product (GDP)

data in the model as a measure of poverty since GDP projections that are
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compatible with the different SSPs are available for this dataset (Murakami,
Yoshida and Yamagata, 2021).

5.3.2.3 Climate and land-use and poverty projections under different
socioeconomic and climate adaption scenarios

Land-use projections were obtained from the GCAM-Demeter land-use
dataset (Chen et al., 2020). The data includes projected land cover for the
period of 2015-2100 at five-year time steps produced for 15 SSP-RCP
scenarios driven by five general circulation models (GCMs) (i.e., gfdl,
hadgem, ipsl, miroc, and noresm). | obtained land-use projection data driven
by the five GCMs for each of my four specified SSP-RCP scenarios for 2030,
2050 and 2070. | obtained data on the land-use classes of rainfed and
irrigated rice-cropland to match the covariates selected in the best-fitting

model of present-day JE outbreak occurrence.

Monthly average values for minimum temperature (Tmin, °C), maximum
temperature (Tmax, °C), and precipitation (mm) were obtained from
WorldClim v2.1 (https://www.worldclim.org/data/cmip6/cmip6 _clim10m.html)
for the time periods: 2021-2040, 2041-2060 and 2061-2080. The Worldclim
data are downscaled projections from the 6th climate model intercomparison
project (CMIPG6) (O’Neill et al., 2016) for nine GCMs and four SSP-RCP
scenarios (i.e., SSP1-RCP2.6, SSP2-RCP4.5, SSP3-RCP6.0 and SSP5-
RCP8.5). | obtained climate projection data for each of the four SSP-RCP

scenarios for the same five GCMs used for the land-use projection data
(Chen et al., 2020).

Poverty projections were obtained from a global gridded GDP dataset
(Murakami, Yoshida and Yamagata, 2021). The data includes projected GDP
for the period of 2010-2100 at 10-year time steps produced for five SSP
scenarios. | obtained GDP projection data for each of my four specified SSP
scenarios for 2030, 2050 and 2070.
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5.3.2.4 Human population projections under different socioeconomic
scenarios

To quantify a measure of population at risk comparable between current and
future global change scenarios, | obtained spatially explicit global population
scenarios consistent with SSP scenarios (Jones and O’Neill, 2016). The data
includes projected human populations for the period of 2010-2100 at 10-year
time steps produced for five SSP scenarios. | obtained human population
projection data for each of my four specified SSP scenarios for 2030, 2050
and 2070 (Appendix 4 Table S5.1).

All raster datasets used in this study were aggregated to each district using
the exactextractr package in R (version 0.7.1) (Baston, 2021) by calculating
the mean of the grid cells within each district, weighted by the fraction of the
cell that lay within the district. Then mean district-level values for the whole
study period were calculated for all data. All calculations were using R
software version 4.0.3 (R Core Team, 2020) through RStudio (RStudio
Team, 2020).

5.3.3 Statistical analysis

5.3.3.1 Predictive spatial model of present-day JE outbreak occurrence in
northeast India

| developed a binomial spatial Bayesian hierarchical model using the binary
outbreak indicator as the response variable for 115 districts in nine states in
the northeast of India from January 2014 to December 2019. | modelled JE
outbreak occurrence (n=115 districts over six years) where Y; is the binary
presence (1) or absence (0) of a JE outbreak in district i and p; denotes the

probability of JE outbreak occurrence, such that:

Y; ~ Bern(p;) (1

JE outbreak occurrence (p;) is modelled as a function of socio-ecological

covariates and random effects:
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IOglt(p,_) = a+ z B]Xj + Z 6k,i + u; + v (2)
j k

where, «a is the intercept; X is a matrix of socio-ecological covariates with
linear coefficients given by g; d, ; is a nonlinear climatic effect (specified as
second-order random walk); and reporting trends at district level are
accounted for using a spatially-structured (conditional autoregressive;(v;) and
unstructured i.i.d. (independent and identically distributed) (u;) random
effects jointly specified as a Besag-York-Mollie (BYM) model (Besag, York
and Mollié, 1991). | considered the same linear coefficients (8) as described
in Chapter 4 that are hypothesised to influence JE transmission (see
Appendix 3 Table S4.2). In addition, | used different land-use data than in
Chapter 4 to follow the same land-use scheme as used for future projections
and | considered GDP as a covariate to represent poverty. Continuous
covariates were rescaled using the z-score (to mean 0, s.d. 1) prior to fitting
linear fixed effects. Present-day and future projection data were combined
before rescaling the continuous covariate data and before specifying
nonlinear climatic effects to ensure that future covariate data were on the
same scale when performing projections. Weakly informative prior probability
distributions (priors) were assigned for the intercept, « ~ N (0,1.5) and fixed
effects, f ~ N (0,0.5) to constrain the position and scale of the outcome to fall
within a reasonable range. | assigned penalized complexity (PC) priors
(Simpson et al., 2017) to hyperparameters of the district-level effects and
nonlinear climatic covariates to penalise the complexity resulting from

deviating from a simple base model.

| conducted model selection on ‘out of sample’ (OOS) prediction by
identifying the model that minimised OOS predictive error when compared to
a baseline (i.e., random effects only) model, as described in Chapter 4.
Model predictive error for the whole region was calculated using the Brier
score which is the mean squared difference between the observed outcome
and the predicted probability of the outcome (Brier, 1950), whereby a lower

score represents superior model fit.
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5.3.3.2 Projection of JE risk across future global change scenarios

| used the projected climate, land-use, poverty, and human population
datasets (as described above) as input data for the best-fitting predictive
spatial model of JE outbreak occurrence, and projected district-level JE risk
(e.g., probability of JE outbreak occurrence) for each of the four SSP-RCP
scenarios and three epochs (2030, 2050 and 2070). | propagated uncertainty
in future climate and land-use data into the JE risk predictions by using data
for the different epoch and SSP-RCP combinations from each of the five
GCMs. | made separate model predictions for each GCM and then calculated
the mean and uncertainty bounds (95% credible intervals [CIs]) across all the
GCMs within each scenario-epoch combination. To calculate the change in
population at risk, JE outbreak occurrence probability predictions were
multiplied by total population per district for each scenario and epoch and
compared to present-day predictions. The projected human population data
used for these calculations did not consider the proportion of the population
moving in (inflow migration) or out (outflow migration) of a district. Since
outflow migration will affect the number of people at risk of JE transmission, |
calculated migration inflow and outflow proportions per state from the latest
census which provides data on movement of people within India between
states (Government of India, 2011). | then subtracted the proportion of
migration outflow from the population projections and multiplied these
projections by predicted JE outbreak occurrence probability to calculate the

minimum projected population at risk.

5.4 Results

5.4.1 Predicting the present-day spatial distribution of JE risk in

northeast India

The best performing predictive spatial model of JE outbreak occurrence
included linear effects of rice (irrigated and rainfed) cropland proportion,
mean precipitation, poverty prevalence, and a nonlinear effect of mean
Tmax. Districts with a high proportion of rice-cropland (irrigated and rainfed)
had a significantly increased probability of an outbreak (Figure 5.1A).
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Analysis showed that JE outbreak occurrence probability was associated with
climatic conditions, increasing with mean Tmax levels however, this
relationship was relatively uncertain (Figure 5.1B). The inclusion of these
covariates improved OOS predictive error according to the Brier score (Brier
score = 0.061) when compared to a baseline (random effects only) model
(Brier score = 0.064) (Appendix 4 Table S5.2). The inclusion of GDP as an
indicator for poverty prevalence did not improve model predictive ability
which precluded the use of future poverty projection data in this study.
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Figure 5.1. Temporal correlates of Japanese encephalitis outbreak occurrence
across northeast India for the period 2009-2019.

(A) The fixed-effect parameter estimates and 95% credible intervals (Cls) for the
spatial model of present-day JE outbreak occurrence. (B) The nonlinear relationship
between mean maximum temperature and probability of JE outbreak occurrence
where 95% ClI is shown shaded.
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5.4.2 Projected changes in environmental drivers by the 2070s under combined climate and socioeconomic scenarios
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Figure 5.2. Projected change with 95% credible intervals in (A) average rice cropland extent (%), (B) average maximum temperature
(°C), and (C) average precipitation (mm) per state from present-day (dashed line) to 2070 for each RCP-SSP scenario.
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Taking averaged projections for each SSP-RCP scenario, rice cropland
proportion is predicted to decline in NE India under most scenarios apart
from marginal increases in some states under SSP3-RCP6.0 and SSP2-
RCP4.5 (Figure 5.2A). Declines in rice cropland proportion are especially
high for the states of Assam and West Bengal which have high levels of
present-day rice cropland. The increase in rice cropland under SSP3-RCP6.0
was simulated because this scenario favours further land-use conversation
for agricultural use and low improvements in agricultural productivity (Table
5.1). Combined with a higher population and reduced food imports, this
would result in more land area being needed for food production under this
scenario. Comparatively, the decrease in rice cropland extent under SSP1-
RCP2.5 and RCP5-RCP8.5 scenarios relates to projected improvements in
agricultural productivity and moderate to high international trade which
reduces the need for agricultural land expansion (Table 5.1). In comparison,
the average maximum temperature is expected to increase for all states
under all SSP-RCP scenarios with the most dramatic increases under SSP5-
RCP8.5 and the lowest increase under SSP1-RCP2.5 (Figure 5.2B). For the
states of Assam, Tripura and West Bengal which report present-day average
maximum temperatures at around 30°C, all projected temperatures are
significantly higher than the thermal optima for Flavivirus transmission for
Culex species (between 23.9-26.4°C) (Mordecai et al., 2019). Projected
increases precipitation occurred in all states under all scenarios, with the

greatest increases predicted for Meghalaya (Figure 5.2C).

5.4.3 Projected change in population at risk of JE under different

scenarios

The population at risk of JE in northeast India is projected to substantially
diverge from present-day levels under different SSP-RCP scenarios (Figure
5.3A, Appendix 4 Table S5.3). For all scenarios except SSP3-RCP6.0, the
population at risk will fall below present-day levels by 2030. By 2050, further
declines are projected for SSP1-RCP2.6 and SSP5-RCP8.5, whereas a
dramatic increase in population at risk is reported for SSP3-RCP6.0, and a

more modest increase for SSP2-RCP4.5 to just above present-day levels. In
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2070, this divergent trend continues for the different scenarios with a further
dramatic increase for SSP3-RCP6.0, additional projected declines below
present-day levels for SSP1-RCP2.6 and SSP5-RCP8.5 scenarios, and a
plateau in population at risk for SSP2-RCP4.5. Predictions from the model
suggest that by 2070, over 45,000 more people will be at risk of JE in
northeast India when compared to the present-day under SSP3-RCP6.0,
compared to approximately 3500 under SSP2-RCP4.5 (Figure 5.3A,
Appendix 4 Table S5.3). Whereas there will be reductions in over 22,000
people at risk under SSP1-RCP2.6, and approximately 25,000 for SSP5-
RCP8.5. When assuming only population changes and holding
environmental factors constant at present-day levels, the population at risk is
projected to increase for all scenarios (Figure 5.3B). Although these results
mirror the population differences projected for the different pathways
(Appendix 4 Table S5.1), they also reveal how environmental change is
projected to dampen the potential population at risk, especially for SSP1-
RCP2.6 and SSP5-RCP8.5 scenarios. Indeed, rice-cropland proportion is
projected to decrease under both these scenarios, especially in the states of
Assam and West Bengal (Figure 5.2A). However, other environmental and
socioeconomic factors that are associated with JE risk such as future pig
production, and poverty conditions are missing from these projections.
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Figure 5.3. Projected changes in population at risk of Japanese encephalitis in
northeast India under different SSP-RCP scenarios from 2030 to 2070.

Points and error bars show (A) the change population at risk of JE in thousands
under different SSP-RCP scenarios from a present-day baseline to 2030, 2050 and
2070 (mean, 95% credible intervals (CIs) per scenario). (B) The change population
at risk of JE in thousands when environmental factors are held constant at present-
day levels.
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5.4.4 Projected change in the geographic distribution of JE risk under

different scenarios

By 2070, there is a projected overall decrease in JE outbreak occurrence
probability under all SSP-RCP scenarios when compared to present-day
levels (Figure 5.4), with greatest reductions predicted for the states of Assam
and Meghalaya (see Appendix 4 Figure S5.1 for map of different states in
northeast India). The SSP1-RCP2.6 scenario is projected to have the
greatest decline in JE outbreak occurrence probability, followed by SSP2-
RCP4.5, with SSP3-RCP6.0 and SSP5-RCP8.5 scenarios having
comparable predictions across the region. Some districts in central Assam,
northern West Bengal and in Arunachal Pradesh are projected modest
increases in JE outbreak occurrence probability, most notably under SSP3-
RCP6.0 and SSP5-RCP8.5 scenarios. The concurrent geographic
distribution of human populations at risk under different scenarios are
projected to vary throughout the region under different SSP-RCP scenarios
(Figure 5.5). Scenarios SSP1-RCP2.6 and SSP5-RCP8.5 are comparable,
with reductions projected across most of the region, focal areas of moderate
increases in population at risk in Assam and West Bengal, and many states
remaining stable when compared to present-day levels (e.g., Arunachal
Pradesh, Manipur, Nagaland, Sikkim). These results are likely to reflect the
projected declines in human population and rice-cropland proportion under
these pathways. Under SSP2-RCP4.5, increased populations at risk are
expected for the state of Assam and a combination of increases and declines
are predicted in West Bengal. By contrast, the highest increases in
populations at risk are predicted for the SSP3-RCP6.0 pathway, particularly
for Assam and West Bengal. When considering the effect of outflow
migration on the projected population at risk of JE, states with high outflow
migration such as Assam and West Bengal will have greater disparity in the
projected populations at risk under different global change scenarios

compared to other states in the region (Table 5.2).
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Figure 5.4. Change in projected probability of Japanese encephalitis outbreak
occurrence per district in northeast India for 2070 for different SSP-RCP
scenarios.

Change in probability of JE outbreak occurrence per district when compared to
present-day predictions where zero (white) indicates no change, negative values
(blues) indicate a decrease, and positive values (reds) indicate an increase.
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Figure 5.5. Change in projected population at risk (1000s) per district in
northeast India for 2070 for different SSP-RCP scenarios.

Change in population at risk of JE in thousands per district when compared to
present-day predictions where zero (white) indicates no change, negative values
(blues) indicate a decrease, and positive values (reds) indicate an increase.
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Table 5.2 Projected human population (in thousands) at risk of JE transmission per state in northeast Indiain 2070 under different
scenarios of global change when considering migration.
| calculated migration inflow and outflow proportion per state from the latest census (Government of India, 2011). | calculated the maximum projected
population at risk (and 95% credible intervals) by multiplying the projected human population (absolute number of the population moving in or out of a state)
by predicted JE outbreak occurrence probability. | then calculated the minimum projected population at risk (and 95% credible intervals) using the same
method but first | subtracted the proportion of migration outflow from the population projections.

State

Arunachal
Pradesh

Assam

Manipur

Meghalaya

Mizoram

Nagaland

Sikkim

Tripura

West
Bengal

Migration
inflow
proportion

0.50

0.32

0.03

0.10

0.04

0.18

0.07

0.08

0.16

Migration
outflow
proportion

0.18

0.36

0.09

0.07

0.04

0.08

0.07

0.07

0.16

Present
day
population
(2011)

85

1126

314

332

134

205

128

464

4476

Maximum projected population at risk in 2070
(Total projected population x probability of JE occurrence)

SSP1-RCP2.6
5.3
(5.2-5.4)

196.1
(192.5-199.6)
29.0
(28.0-29.9)

225
(21.7-23.3)

3.8
(3.8-4.0)

0.7
(0.7-0.7)

10.8
(10.4-11.1)

167.7
(164.0-171.3)

SSP2-RCP4.5
7.4
(7.2-7.5)

242.9
(238.5-247.2)
35.0
(33.1-36.9)

28.2
(27.2-29.2)

5.1
(4.9-5.3)

13.0
(12.6-13.4)

1.2
(1.2-1.2)

13.3
(12.8-13.7)

1935
(189.3-197.7)

SSP3-RCP6.0
10.0
(9.8-10.2)

319.2
(313.5-324.9)
43.4
(42.1-44.8)

375
(36.2-38.8)

6.8
(6.6-7.1)

17.4
(16.9-17.9)

1.6
(1.5-1.6)

17.3
(16.8-17.9)

235.9
(230.7-241.0)
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SSP5-RCP8.5
5.3
(5.2-5.4)

195.5
(191.9-199.0)
28.9
(28.0-29.8)

22.4
(21.6-23.2)

3.8
(3.7-4.0)

9.8
(9.5-10.1)

0.7
(0.7-0.7)

10.7
(10.4-11.1)

166.8
(163.2-170.4)

Minimum projected population at risk in 2070
([Total projected population - outflow migration] x probability of JE
occurrence )

SSP1-RCP2.6
4.4
(4.3-4.4)

1255
(123.3-127.7)
26.4
(25.5-27.2)

20.9
(20.2-21.7)

3.7
(3.5-3.8)

9.0
(8.8-9.3)

0.7
(0.6-0.7)

10.0
(9.7-10.3)

140.9
(137.8-143.9)

SSP2-RCP4.5
6.0
(5.9-6.1)

155.4
(152.6-158.2)
31.8
(30.8-32.8)

26.2
(25.3-27.2)

49
(4.7-5.1)

12.0
(11.6-12.3)

1.1
(1.1-1.1)

12.3
(11.9-12.7)

162.5
(159.0-166.1)

SSP3-RCP6.0
8.2
(8.0-8.4)

204.3
(200.6-208.0)
39.5
(38.3-40.8)

34.9
(33.6-36.1)

6.6
(6.3-6.8)

16.0
(15.6-16.4)

15
(1.4-1.5)

16.1
(15.6-16.6)

198.1
(193.8-202.4)

SSP5-RCP8.5
4.4
(4.3-4.4)

125.1

(122.8- 127.3)
26.3
(25.5-27.1)

20.8
(20.1-21.6)

3.7
(3.5-3.8)

9.0
(8.8-9.3)

0.7
(0.6-0.7)

10.0
(9.6-10.3)

140.1
(137.1-143.2)
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5.5 Discussion

The spatial distribution and burden of MBDs are driven by climatic, land-use
and socioeconomic factors. This study suggests that these factors may
impact the geographic suitability and population at risk of JE within the next
century. | found the inclusion of rice-cropland proportion, poverty prevalence
and climatic factors improved the predictive ability of present-day JE
outbreak occurrence in northeast India relative to a simpler baseline (random
effects only) model. When projecting the environmental model to 2030, 2050
and 2070 under four different global change scenarios, | found that the
population at risk of JE is projected to substantially diverge from present-day
levels under different SSP-RCP scenarios. After an initial decline for all
scenarios except SSP3-RCP6.0 in 2030, the population at risk of JE is
predicted to increase for SSP3-RCP6.0 (i.e., ‘regional rivalry’ scenario),
decline below present-day levels for SSP1-RCP2.6 (i.e., ‘sustainability’
scenario) and SSP5-RCP8.5 (i.e., ‘rapid growth’ scenario), and increase and
then plateau for SSP2-RCP4.5 (i.e., ‘middle of the road’ scenario). The
results equate to the number of people at risk of JE in 2070 increasing by
over 45,000 from present-day levels under SSP3-RCP6.0 scenario and by
over 3500 under the SSP2-RCP4.5 scenario. By contrast, when compared
with present-day, declines in population at risk are predicted for the SSP1-
RCP2.6 and SSP5-RCP8.5 scenarios, resulting in reductions of over 22,000
and 25,000 people at risk, respectively.

The future trajectory of JE burden in northeast India, depends on which SSP-
RCP scenario is realised. Unsurprisingly, future population projections under
different SSP scenarios will have an extremely strong influence on future
populations at risk whereas the influence of environmental conditions is more
subtle. However, the influence of environmental factors on JE risk were
revealed when holding present-day environmental conditions constant and
only assuming projected population changes. This led to predicted increases
in populations at risk above present-day levels for all scenarios and revealed

the potential negative relationship that future environmental conditions may
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have on JE risk. This was especially evident for SSP1-RCP2.6 and SSP5-
RCP8.5 scenarios which are both projected dramatic reductions in
populations at risk by 2070 when future environmental factors are included in
the models. Although SSP1-RCP2.6 and SSP5-RCP8.5 differ dramatically in
their projected climatic conditions (Figure 5.2) (van Vuuren et al., 2011), they
both represent high equity pathways whereby reductions in agricultural land
will occur either due to sustainable practices or technological advancement.
These findings suggest that, irrespective of climatic or socioeconomic
conditions, reducing rice-cropland extent may be important in limiting the
future impact of JE. Conversely, JE risk is projected to increase to 2070 for
the ‘regional rivalry’ scenario (SSP3-RCP6.0) which involves medium-high
climate change, high agricultural expansion, high population growth and low
equity. By comparison, the ‘middle of the road’ scenario (SSP2-RCP4.5)
results in more moderate increases in JE risk by 2030 when compared to
‘regional rivalry’ scenario (SSP3-RCP6.0). My findings are in line with a other
VBD research which has shown that projected temperature increases may
not always amplify disease risk (Li et al., 2019). An integrative modelling
study projecting Lyme disease risk in Europe projected risk to be greatest
under intermediate (RCP4.5) rather than high (RCP8.5) climate change
scenarios and predicted reduced risk under a sustainable scenario (SSP1-
RCP2.6) (Li et al., 2019).

| found that present-day JE risk in northeast India is associated with climatic
suitability, rice crop agricultural practices and poverty prevalence, supporting
the results in Chapter 4. The predictive models used in both chapters
substantiate the potential importance of rice crop cultivation and climatic
conditions in driving JE risk in the region, both of which are strongly
associated with vector and host ecology (Keiser et al., 2005b; Erlanger et al.,
2009; Borah et al., 2013; Le Flohic et al., 2013). Accordingly, the future
geographic distribution of JE risk may be influenced by both by present-day
environmental conditions and prospective land-use and climate conditions
projected for the various scenarios. When assessing geographic patterns of
JE outbreak occurrence probability under different pathways by 2070, | found

an overall projected decrease under all SSP-RCP scenarios when compared
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to present-day levels. The greatest reduction in JE occurrence was predicted
for the reduced agricultural expansion and low emissions scenario, SSP1-
RCP2.6. Predicted change in JE occurrence probability from present-day
was comparable for the other scenarios despite their differences in projected
agricultural expansion (Figure 5.2). This is likely to be due to the additional
influence of projected temperature rise under these pathways (Figure 5.2).
Predicted declines in JE occurrence were most prominent for the states of
Assam and Meghalaya. The moderate present-day temperatures (25—-28°C)
and rice-cropland proportions (5—-25%) reported in these states (Figure 5.2A)
may mean projected environmental changes will have a greater influence on

the probability of JE outbreak occurrence in these areas.

Assessing the projected spatial distributions of populations at risk of JE in
northeast India reveals diverse differences in the contraction, stability, and
expansion of risk under different SSP-RCP scenarios when compared to
present-day levels. The greatest between-scenario differences are seen in
the two current ‘high JE priority’ states of the region: West Bengal and Assam
(Government of India, 2014). Both states are predicted an overall reduction in
population at risk under SSP1-RCP2.6 and SSP5-RCP8.5 scenarios
whereas other states are predicted to stay stable. By contrast, under SSP3-
RCP6.0 and SSP2-RCP4.5 pathways, Assam and West Bengal are projected
an increase in the population at risk. My results indicate that the states of
Assam and West Bengal are likely to be priority targets for strengthening
health systems and improving surveillance especially as they have high
levels of migration. | predict that the human population at risk will remain
stable for the other states except for focal areas of increased populations at
risk in Manipur and Arunachal Pradesh under SSP3-RCP6.0. Currently
Manipur and Arunachal Pradesh are not considered high priority for JE. This
research suggests that surveillance should be strengthened in these states to
obtain accurate baseline data from which to monitor trends in JE risk over
time. Although JE is rarely reported in Arunachal Pradesh, the virus is
increasingly being detected in the Himalayan highlands (Baylis et al., 2016)
and so could feasibly expand its range to higher elevations with associated

warming trends, as predicted for other MBDs such as malaria in Africa and
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Central America (Siraj et al., 2014). Shifts towards higher altitudes may have
major impacts on populations that are immunologically naive and public
health systems with no previous experience in managing JE. Additionally,
future increases in populations at risk are predicted to overlap with existing
state-level infectious disease vulnerabilities such as socioeconomic factors
(i.e., education, demography, poverty), vulnerability due to non-availability of
health care (i.e., access to health insurance, public health facilities,
availability of hospital beds) and housing and hygiene conditions (Acharya
and Porwal, 2020). Therefore, these vulnerabilities will also need to be

addressed in order to reduce the future burden of JE in northeast India.

Similar to all future projection analyses, this study is subject to a range of
assumptions and limitations. For example, | have assumed that the effects of
the global change processes on JE transmission will remain constant and
that there will be no future improvements in JE diagnosis, treatment, and
control practices. | have also assumed that migration will remain at the same
level as recorded in 2011 which is not likely due to the projected effects of
global change on human movement (Marotzke, Semmann and Milinski,
2020). Future studies would benefit from including movement models in their
analyses since they may improve disease risk predictions when mobility data
is unavailable (Kraemer et al., 2019b). Another limitation of this study are the
assumptions that the virus will not continue to evolve into further genotypes
(Xu et al., 2022) and that there will be no change to the ecology (Ramasamy
and Surendran, 2012) or range of vectors or hosts of the disease (Lord,
Gurley and Pulliam, 2015; Folly et al., 2021). Future predictions of suitability
for disease risk are inherently stochastic, and so the degree to which models
resemble reality depends on uncertainty of the environmental and
socioeconomic drivers of disease. | have attempted to account for the
considerable uncertainty in the structure of the GCMs used to predict
changes in future environmental conditions by propagating parameter
uncertainty (e.g., uncertainty bounds in climatic and land-use parameters)
from the climate models through to my predictions. Indeed, the high levels of
uncertainty (i.e., wide ClIs) for the maximum temperature parameter may

suggest that this variable is not having that significant an effect in the model.
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However, increasing the number of GCMs used in the analysis would
produce better estimates of uncertainty intervals and provide further context

for policymakers.

A significant limitation of this study is that the observational datasets and
correlative analytic methods used do not enable the inference of mechanistic
relationships between covariates and risk which may limit the model’s ability
to predict risk responses to novel settings (Getz et al., 2018). For example,
the upper thermal limits for optimal JE virus transmission (Mordecai et al.,
2019; Tu et al., 2021) were not captured in this analysis due to uncertainty in
the temperature parameter. However, in the absence of detailed biological
knowledge and data required to specify mechanistic models, correlative
approaches such as those used in this study, may be the most conservative
approach in the projection of future disease risks (Messina et al., 2015; Getz
et al., 2018). Another limitation of the study is the quality of the case data
which was strongly influenced by the reporting effort (Government of India,
2014; Baylis et al., 2016). This meant the analysis focused on predicting
outbreak occurrence which is a coarse proxy for realised risk. Indeed, future
research could extend this model to predict not only occurrence, but also
incidence. In addition, this study did not consider the role of human factors
which are critical in shaping patterns of disease risk such as behaviour,
population immunity, and age distribution (Funk, Salathé and Jansen, 2010).
Future studies could use age-stratified human population projections to
consider how the age distribution of the population may impact the population
at risk of disease (Li et al., 2016; Kwak, Hong and Kim, 2021). Furthermore,
future projections for important socio-ecological drivers such poverty (Luo et
al., 1995; Halstead and Jacobson, 2003; Sarkar et al., 2012) were not
captured in this study. A study on malaria risk found future socioeconomic
status had a larger impact than climate change and the combined impact of
both factors was even more significant than either factor alone (Béguin et al.,
2011). Water scarcity was also overlooked in my analysis despite its
important relationship to irrigated agriculture and varied water demands
predicted across different socioeconomic scenarios (Graham et al., 2018,

2020). Indeed, climate change, population growth, and increased
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dependence on irrigated agriculture are predicted to reduce the Brahmaputra
basin which is likely to significantly impact irrigated agriculture in Assam

(Immerzeel, van Beek and Bierkens, 2010).

Despite these limitations, the projections produced in this study provide an
evidence base that can be used to improve surveillance systems, focus
adaption strategies on vulnerable areas, and strengthen public health
systems to reduce JE burden in the coming decades. Higher populations at
risk are predicted for SSP3-RCP6.0 and SSP2-RCP4.5 scenarios which
more accurately reflect current pathway trajectories, indicating that JE risk
will continue to increase in the region with ongoing environmental and
socioeconomic trends. Interestingly, | found that projected future
environmental conditions may dampen the overall population at risk in
northeast India when compared to present-day environmental conditions.
This suggests that different climate and agricultural pathways could have
distinctly different effects on disease risk, especially in already JE endemic
areas such as northeast India. These results are in line with projections of
future disease risk for other VBDs under scenarios of plausible future
socioeconomic and climate change (Purse et al., 2017; Li et al., 2019). A
study on leishmaniasis in the Americas projected that future disease patterns
would be largely influenced by climatic factors however, the presence-only
nature of the available disease data and the wide geographic scale of the
study may have meant the impacts of land-use and social factors were
difficult to detect (Purse et al., 2017). In comparison Li et al. (2019) found that
the projected impact of climate and land-use change of future Lyme disease
risk were likely to be different, with climate warming projected to expand risk
in northern Europe and agricultural land expansion projected to limit risk in

southern Europe (Li et al., 2019).

My study represents a step towards incorporating MBD risk into public health
and environmental policy decisions to identify trade-offs across land-use,
climate, food security and human health. Future research could extend this
analysis to wider JE endemic areas across Asia and to include multiple

MBDs (Colon-Gonzalez et al., 2021a). This research could provide a fuller
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picture of future global change effects on MBD burden and enhance
intersectoral coordination and collaboration on policy decisions, as has been
performed for biodiversity and sustainability goals (Zabel et al., 2019; Hinz et
al., 2020).
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Chapter 6:

Discussion

Human exploitation of the environment has resulted in natural systems being
degraded to an unprecedented extent, leading to dramatic environmental
changes with deleterious impacts for human health (Whitmee et al., 2015).
The latest Intergovernmental Panel on Climate Change (IPCC) report (IPCC,
2022) provides a stark overview of the effects of human-induced
environmental change on the health of nature and humans, signalling that
the “people and ecosystems least able to cope are being hardest hit”. The
report provides overwhelming evidence for the strong links between climate,
land-use, and socioeconomics and their effects on environmentally sensitive
diseases such as mosquito-borne diseases (MBDs), emphasising the need to
consider these processes simultaneously when tackling complex problems.
Yet, despite the rapidly growing awareness of the influence of global change
processes on the burden of MBDs, a lack of evidence on the effects of these
drivers has hindered understanding of present-day MBD burdens and how
disease risk may vary under future scenarios of global change (Campbell-
Lendrum et al., 2015). Broader perspectives that consider the combined
influence of different socialecological pressures that are driving MBD risk are
required to better understand the current and future impacts of global change
processes on MBD systems.

To improve understanding of the effects of different global change processes
on MBD risk, the research in this thesis has adopted a socio-ecological
perspective on the effects of these pressures on the hazard (i.e., pathogen
availability) and risk of MBDs both in general (Chapter 2) and, for a case
study of Japanese encephalitis (JE) in India (Chapters 3 to 5). In Chapter 2, |
reviewed the current evidence of the relative impact of global change
processes on MBD risk and critically examined how these drivers have been
incorporated into existing analyses. Despite growing evidence for the key role
of other global change processes in modulating MBD risk, | found that in

previous MBD research there has been a focus on the effects of climate
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change (Figure 2.1). | suggested a holistic approach to the modelling of MBD
risk whereby socioeconomic and environmental factors, and their interactions
were considered (Figure 2.3). In so doing, | showed the need for better
surveillance data, empirical research, use of novel data sources and
enhanced statistical methods to improve the understanding of MBD drivers

and risk.

In Chapter 3, | addressed some of the gaps identified in Chapter 2 by
applying a novel statistical method to predict spatiotemporal patterns in
vector abundance using sparse vector surveillance data. Measures of
seasonal vector abundance — a key component of MBD hazard — are
required to define potential hotspots of disease risk and target public health
interventions. This is particularly important for understudied diseases such as
JE because resources for disease surveillance and control are often limited.
By combining different types of vector surveillance data in a joint-likelihood
model, | was able to predict the seasonal abundance of the predominant JE
vector Culex tritaeniorhynchus across India (Figure 3.3). | also identified
important environmental drivers of seasonal vector abundance (Figure 3.2)
and proposed the potential use of vector abundance as a proxy for JE
hazard. In Chapter 4, by analysing long-term, surveillance data for JE in
northeast India, | addressed knowledge gaps in the underlying drivers,
geographic distribution, timing, and intensity of JE risk. | demonstrated the
importance of environmental and socioeconomic factors in driving JE risk in
this region (Figure 4.5) and used this knowledge to predict JE endemic areas
(Figure 4.6) and temporal patterns in JE incidence (Figure 4.7). | then
evaluated how future socioeconomic and greenhouse gas concentration
pathways (Shared Socioeconomic Pathways and Representative
Concentration Pathways [SSP-RCPs]) may differentially impact trends in JE
risk in northeast India and found while population changes across all
pathways are expected to influence JE risk, environmental conditions have

the potential to either intensify or reduce these risks (Chapter 5).

In this final synthesis chapter, | discuss the contributions these studies make

in improving knowledge on MBD risk and global change and highlight
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outstanding questions. Firstly, | examine the methodological innovations and
challenges | encountered in my research. Secondly, | consider how my
results contribute to the understanding of the epidemiology and control of JE
in India, and to the environmental and socioeconomic factors driving JE
disease risk. Thirdly, based on my findings and the wider research
contributions during this thesis, | review policy areas where ecosystem
perspectives and transdisciplinary approaches could assist in enhancing
human health outcomes. Finally, | discuss unresolved questions and
limitations of the thesis before suggesting how my research could be
extended to offer a broader perspective on MBD as an environmental nexus
issue. | believe this approach is key to advance understanding and
predictions of MBD risk under current and future scenarios of global change.

6.1 Methodological contributions

Quantifying and predicting the effects of different global change processes on
MBD risk is hindered by the paucity of reliable, high quality surveillance data
on vectors (ECDC and EFSA, 2018; Rund et al., 2019), reservoir host
populations (Britch et al., 2013; Lord, Gurley and Pulliam, 2015; DeCarlo et
al., 2017; Pandit et al., 2018) and human incidence (Lowe et al., 2020; WHO,
2020a). Since JE is a relatively understudied disease, accounting for data
gaps and surveillance biases has been a significant challenge throughout this
thesis. | used Bayesian hierarchical modelling approaches in Chapters 3 to 5
to compensate for potential data biases (Redding, Lucas, Blackburn and
Jones, 2017). In Chapter 3, | addressed gaps in vector surveillance data
using a novel joint-likelihood Bayesian hierarchical model that leveraged
spatial information from vector occurrence probability to estimate seasonal
vector abundance for the principal JE vector, Cx. tritaeniorhynchus across
India (Figure 3.3). This joint-likelihood modelling approach explicitly accounts
for differences in data quality and structure (i.e., different probability
distributions) and can handle and quantify sources of uncertainty associated
with each data type (Amoah, Diggle and Giorgi, 2020; Lucas et al., 2021).
The framework provides a powerful and flexible method to define seasonal
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vector abundance over large spatial scales and is easily adaptable for other
MBDs also with limited vector surveillance data. The issue of limited robust
long-term geographically extensive distribution data is also pertinent for other
insect vectors. Indeed, a study using available long-term tick surveillance
datasets compared the performance of three different data types (quantitative
count data from scientific surveys; presence-only data from public
submissions; and a combined dataset from multiple sources) in their ability to
predict Ixodes ricinus tick distributions in the UK and inform public health
policy (Ribeiro et al., 2019). Although quantitative count data from scientific
surveys are considered gold standard, their value was limited by poor data
coverage and instead, combined datasets from multiple sources were found
to be valuable in addressing issues of low coverage and producing maps for
public health decision-making (Ribeiro et al., 2019). Using varied data types
to estimate spatiotemporal patterns in vector abundance and the uncertainty
associated with the predictions will assist the targeting of future surveillance
efforts where long-term and large spatial scale data are not available or

cannot be practically acquired.

Similar to other understudied diseases (Lowe et al., 2020; Purse et al., 2020;
WHO, 2020a), insufficient disease surveillance data has meant that the exact
global incidence and burden of JE are not fully understood (Sabesan, Raju
Konuganti and Perumal, 2008; WHO, 2015b; Quan et al., 2020).
Furthermore, the high subclinical to clinical ratio of disease presentation
(WHO, 2015b), non-specific clinical symptoms (McNaughton, Singh and
Khan, 2018), possible test cross reactivity with other flaviviruses and
vaccines (Maeki et al., 2019; Quan et al., 2020) and limited healthcare
resources (WHO, 2020b) has hindered the identification of drivers and
accurate reporting of the distribution and dynamics of JE. In Chapter 4, |
describe how | compensated for the patchy, zero-inflated surveillance data
that were currently available, and any surveillance biases, by modelling
binary outbreak indicators rather than incidence rates. It is common for
vector-borne disease (VBD) case data to include excess zeros, either true or
due to imperfect detection (i.e., sampling zeros), which pose modelling

challenges (Neupane, Goldbloom-Helzner and Arab, 2021). The use of JE
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outbreak occurrence thresholds allowed me to reduce the effects of bias
introduced by differences in case reporting and health seeking behaviour and
so distinguish the effects of socio-ecological factors on spatial JE risk (Figure
4.5). In addition, this approach enabled me to determine the potential
endemic areas for JE transmission and identify areas that may be
experiencing underreporting that could benefit from increased surveillance
(Figure 4.6). The use of several outbreak thresholds for the binary outbreak
indicator enabled me to perform a sensitivity test on the analysis and so
avoid exaggeration or understatement of the results. However, the
classification of outbreak thresholds must be performed and analysed with
caution for underreported diseases because of the potential for predictions in
unobserved areas (e.g., potential areas of underreporting) being penalised
(see Section 4.5). Paucity of vector and disease surveillance data has led to
the popularity of correlative models such as ecological niche models (ENMs;
otherwise known as species distribution models) in VBD research to predict
vector, pathogen and VBD risk distributions with future scenarios of global
change (Tjaden et al., 2018; Johnson, Escobar and Zambrana-Torrelio,
2019; Moritz U. G. Kraemer et al., 2019a; Leta et al., 2019; Messina et al.,
2019; Slatculescu et al., 2020; Lule et al., 2022). Although useful in instances
of incomplete data or undefined environmental associations (Phillips,
Anderson and Schapire, 2006; Redding et al., 2016), these models often lack
ecological information (Johnson, Escobar and Zambrana-Torrelio, 2019) and
do not facilitate the identification of underlying causal relationships (Kraemer,
Reiner and Bhatt, 2019); they tend to assume linear covariate associations
(Washburne et al., 2019) which reduces their applicability to novel settings
(Campbell-Lendrum et al., 2015; Parham et al., 2015). Integrating ecological
theory and approaches to modelling disease systems could significantly
improve our understanding of how global change impacts disease risk (Gibb
et al., 2020b). Indeed, while modelling approaches that incorporate
ecological processes are gaining traction in VBD research, they have tended
to focus on the effects of climate change (Caminade et al., 2014; Ogden et
al., 2014a; McPherson et al., 2017; Kraemer et al., 2019a; Ryan et al., 2019).
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The study | present in Chapter 5 focuses on incorporating scenarios of
climate, land-use and socioeconomic change into future disease projections
to evaluate the degree to which projected pathways may impact the
population at risk of JE in northeast India. To do this, | applied a Bayesian
model of JE outbreak spatial occurrence to project the spatial extent of JE
risk across northeast India in 2030, 2050 and 2070 based on different global
change scenarios (SSP-SSP scenarios). This study represents a step
towards incorporating MBD risk into public health and environmental policy
decisions to identify trade-offs across land-use, climate, food security and
human health. Projections of future disease risk for other VBDs have also
been performed under scenarios of plausible future socioeconomic and
climate change (Purse et al., 2017; Li et al., 2019). A study on leishmaniasis
in the Americas used correlative methods to determine present disease-
environment relationships and project these onto a matrix of six alternative
future scenarios of climate and land-use changes (Purse et al., 2017).
Climatic factors were found to have a strong influence on disease patterns
however, the presence-only nature of the available disease data and the
wide geographic scale of the study may have meant the impacts of
landscape and social factors were difficult to detect (Purse et al., 2017). In
comparison Li et al. (2019) combined an agent-based model with host
species distribution modelling and models of climates and land-use change
to look at the impact of various climate and socioeconomic scenarios on the
spread of Lyme disease in Europe. By integrating process-based and
correlative methods, this study improves understanding on the mechanisms
of Lyme disease transmission and how it may respond to combined future
global changes. Future research could extend my analysis to include
process-based models to enable a fuller picture of future global change
effects on JE burden and enhance intersectoral coordination and
collaboration on policy decisions, as has been performed for biodiversity and
sustainability goals (Zabel et al., 2019; Hinz et al., 2020).
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6.2 Contributions to the understanding of JE epidemiology and

control

JE is an important arbovirus in Asia and the West Pacific (G. L. Campbell et
al., 2011, Quan et al., 2020) with a high morbidity and mortality rate, affecting
over three billion people (Moore, 2021). However, despite JE meeting the
criteria of disproportionally affecting impoverished communities (Sarkar et al.,
2012), having a complex transmission cycle that is sensitive to environmental
conditions (van den Hurk, Ritchie and Mackenzie, 2009; Le Flohic et al.,
2013) and causing serious health, social and economic consequences
(Kulkarni et al., 2018; Moore, 2021), the World Health Organization does not
class it as a neglected tropical disease (NTD) (WHO, 2020a). The most likely
reason for this decision is the availability of an effective vaccine in some
countries (Abeysinghe and Neuzil, 2018); effective vaccination strategies
have enabled countries such as Japan, Taiwan, and South Korea to reduce
previously high JE burdens to almost zero (Erlanger et al., 2009). Therefore,
although the zoonotic source of transmission (i.e., animal reservoir hosts)
remains in these more affluent countries, JE virus (JEV) spillover to humans
has been significantly reduced (Moore, 2021). Nevertheless, large-scale
vaccination programmes in other JEV-endemic countries may not be as
achievable due to differences in demographics, resources, and healthcare
access. Furthermore, it has been suggested that JEV genotypes may vary
over time which may impede the success of any vaccination programme
(Fang et al., 2019). Although JE is not classed as an NTD, underreporting
and ineffective healthcare provision for the disease necessitates the effective
targeting of available resources and preventative measures towards the most
at-risk regions and populations. Therefore, in Chapters 3 to 5, | aimed to
determine the spatiotemporal distribution of disease hotspots in India and
establish where future survey efforts should be directed to improve the
knowledge of this understudied disease.

When predicting spatiotemporal variation in JE vector abundance across
India, | found two distinct patterns; these were perennial hotspots in the

northeast and southern regions, and seasonal hotspots in the north, east and
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south of the country (Figure 3.2). My study showed the limitations of
previously available static vector distribution maps which have used ENMs to
define JE vector occurrence across large geographic ranges (Masuoka et al.,
2010; Miller et al., 2012; Longbottom et al., 2017; Samy et al., 2018). Indeed,
patterns in vector abundance and seasonality are important epidemiological
factors that impact pathogen establishment, persistence and transmission
(ECDC and EFSA, 2018; Tjaden et al., 2018; Liu-Helmersson et al., 2019)
and, provide a detailed understanding of the hazard associated with JE
transmission (i.e., JEV availability). Understanding the location and timing of
peak vector abundance in India will certainly assist national public health
bodies in their objective “to strengthen surveillance, (and) vector control”
(Government of India, 2014). Accordingly, future vector surveillance should
be guided by ecological understanding and empirical modelling (Chapter 3),
focusing on predicted hotspots, especially in understudied regions predicted
to have high vector abundance. These data could then be used to inform the
model and improve and update predictions. This approach will help to better
characterise geographical and seasonal JE vector abundance when
compared to current surveillance strategies which are guided by
socioeconomic factors and historical reported outbreaks (Government of
India, 2014). Furthermore, model predictions could also be used to target

preventative measures to reduce the disease incidence.

In Chapter 4, | built on my findings from Chapter 3 to model spatiotemporal
JE risk and included information on contact with pathogen (i.e., exposure),
likelihood of infection (i.e., susceptibility) (Hosseini et al., 2017) in addition to
environmental factors hypothesised to determine JE hazard. | focused my
analysis on the northeast region of India, where most JE case data have
been reported, and perennial JE vector abundance hotspots have been
predicted (Chapter 3). My aim was to improve the understanding of the
geographic distribution, timing and intensity of JE outbreaks and determine
underlying drivers using long-term JE surveillance data. | predicted areas for
potentially endemic transmission across many districts already considered
high JE priority in the states of Assam and West Bengal (Government of

India, 2014). However, | also identified several districts predicted endemic
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despite low or absent numbers of reported cases (Figure 4.6B). These

results indicate increased surveillance is required in these districts.

As suggested for vector surveys, future human JE surveillance should target
areas predicted to be appropriate based on empirical models (Chapter 4)
rather than on historic reporting of outbreaks to better characterise the
distribution of the disease. Indeed, there are many factors that suggest that
the targeting of surveillance to areas with high historical incidence is
misguided. The factors include: the possibility that JE is mistaken for other
causes of encephalitis (Khan et al., 2011; Chowdhury et al., 2014; Dev,
Sharma and Barman, 2015; McNaughton, Singh and Khan, 2018);
serological test cross reactivity with other flaviviruses and vaccines (Maeki et
al., 2019; Quan et al., 2020); disparity in healthcare resources (WHO,
2020b). Furthermore, because of the influences of ongoing environmental
changes, public health bodies must adapt and rather than focus their
surveillance efforts on currently endemic regions, they should establish a
broader scanning surveillance system to implement timely and appropriate

health care strategies.

While the influence of environmental (Keiser et al., 2005b; Erlanger et al.,
2009; Borah et al., 2013; Le Flohic et al., 2013) and socioeconomic
conditions on JE transmission (Badari, 1985; Luo et al., 1995; Sarkar et al.,
2012), have been widely reported, the relative importance of these risk
factors remains poorly understood. Chapter 3 provides strong evidence that
not only climatic seasonality, but land-use and rice cultivation metrics are
important drivers of vector abundance. These results reflect the influence of
environmental covariates on vector ecology, with temperature and rainfall
patterns influencing mosquito development and survival (Murty, Rao and
Arunachalam, 2010; Kumari and Joshi, 2012; Mordecai et al., 2019). In
addition, intensive irrigated agriculture practices provide stable suitable
vector breeding habitats for extended periods (Keiser et al., 2005b; Baeza et
al., 2011). Regions that cultivate rice biannually report reduced vector
seasonality (i.e., higher vector abundance throughout the year) compared

with those that have a single annual crop (Gajanana et al., 1997).
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My results in Chapter 4 further emphasise the sensitivity of JE to
environmental conditions. | showed that within endemic areas climate and
agricultural practices were crucial determinants of JE risk, both spatially and
seasonally. These relationships probably reflect the critical roles of pathogen,
vector and reservoir host population ecology in disease transmission
dynamics (Keiser et al., 2005b; Erlanger et al., 2009; Borah et al., 2013; Le
Flohic et al., 2013). Temperature is linked to vector and pathogen
development (Mordecai et al., 2019) and seasonal rainfall and land-use
practices are linked to habitat availability for vectors and hosts (Keiser et al.,
2005b; Erlanger et al., 2009; Borah et al., 2013; Le Flohic et al., 2013;
Elphick, 2015). In endemic districts of northeast India, | found that JE risk
was influenced by climatic factors (i.e., temperature, precipitation, and
precipitation extremes) lagged by one month which probably represents the
periods of vector development (CDC, 2020), viral replication in vectors
(Schuh et al., 2014; Tu et al., 2021), and human incubation (Turtle and
Solomon, 2018).

My findings also support the association between predicted vector
abundance lagged by one month and JE outbreak occurrence detected in
Chapter 3. Land-use covariates including area of land under rice cultivation
and vegetation greenness (i.e., vegetation index NDVI) lagged by three
months were also important predictors of JE risk in endemic areas, reflecting
not only the importance of irrigated agricultural systems to the ecology of
vectors and hosts (i.e., components of JE hazard), but also the contact
between humans and infected vectors (i.e., JE exposure). The lag of three
months between vegetation greenness and JE incidence may represent peak
times of exposure during rice crop harvesting (Singha et al., 2019) when
increased human-vector transmission is likely to occur. However, the timing
between vegetation greenness and potential human exposure has yet to be
confirmed despite studies linking vegetation indices to JE cases (Wang et al.,
2014; Rattanavong et al., 2020).

The distinct seasonality in JE incidence observed in districts of Assam

described in Chapter 4 differs from the high perennial vector abundance
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predicted across the state described in Chapter 3. This difference suggests
that factors other than vector abundance are driving seasonal disease
dynamics in the region. For example, although ardeid bird host populations in
India are resident (i.e., spend the whole year in their breeding grounds)
(SolB, 2020e, 2020d, 2020b, 2020a, 2020c), they primarily forage in rice
paddies during the rice growing season (King et al. 2010) and so their
contact with vectors may be seasonal. Similarly, there may be a distinct
seasonality in human exposure to infected mosquitoes due to behavioural
practices such rice crop harvesting or seasonal use of vector control
measures (e.g., fogging). Both these components of risk require further
investigation, especially in understanding how human behaviour influences
exposure over time and space. Although previous studies have attempted to
develop potential indicators of human exposure to other MBDs (Monroe et
al., 2020; Fustec et al., 2021), these are currently specific to other MBD
systems and are unlikely to be useful for understanding JE exposure.

6.3 Contributions to the understanding of the impact of global change
on MBD risk

Research on the effects of global change on MBDs have predominantly been
explored through the lens of climate change due to well-documented effects
of climate on vector life history traits (Gething et al., 2010; Ryan et al., 2015;
Mordecai et al., 2017; Mordecai et al., 2019; Ryan et al., 2019). This has
resulted in policy narratives around MBD risk focusing on the direct effects of
climate as a crucial driver of disease emergence and outbreak risk without
considering the role of non-climatic drivers. Climate-driven models have also
predominated in wider VBD research and other drivers of change have been
less explored (Gonzalez et al., 2010; Moo-Llanes et al., 2013; Ogden et al.,
2014a; Parham et al., 2015; Williams et al., 2015; Alkishe, Peterson and
Samy, 2017; McPherson et al., 2017). Importantly, the recent IPCC report on
climate change impacts acknowledges that climate change is expected to
expand and redistribute MBD burdens but also recognises that these effects

are mediated by other impacts such as land-use change, travel,
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socioeconomic conditions, and public health interventions (IPCC, 2022). My
conclusions in Chapter 2 are consistent with the IPCC’s assessment;
considering the effect of climate change in isolation may result in inaccurate
predictions of MBD risk. In Chapter 2, | reviewed climate-based modelling
studies and found that climate change was predicted to have both a positive
and negative effect on MBD risk. However, most reviewed studies were
simple correlative analyses that did not account for key biological information
(e.g., vector trait thermal optima) and needed to predict the climate
dependence of transmission across vectors, pathogens, and environments
(Mordecai et al., 2019). Although many studies have since used ecologically
informed approaches that leverage information on thermal trait responses
into models (Mordecai et al., 2017; Ryan et al., 2019), conflicting results on
the effects of climate change on MBD risk exist between models. For
example, malaria is projected to expand in some regions but also forecast to
decrease in other areas (Caminade et al., 2014; Ryan et al., 2015; Murdock,
Sternberg and Thomas, 2016; Endo and Eltahir, 2020; Mordecai et al., 2020).
One reason for this lack consensus is that some models have not captured
how other global change processes might influence disease risk directly or
indirectly via interactions with climate. Indeed, | found that only 28% of
reviewed studies considered the effects of non-climate drivers in their
analyses (Table 2.2). | suggest that future analyses need to consider other

global change processes to understand and better predict MBD risk.

My results in Chapters 3 and 4 show the importance of land-use in shaping
MBD risk. My findings suggest that vector populations and JE risk respond in
consistently positive ways to agricultural land-use practices. In Chapter 3 |
reported on the positive relationship | found between vector abundance and
land-use intensity metrics for rice crop cultivation and in Chapter 4, |
described how | found that crop growth phenology could be used to predict
temporal trends in JE cases in endemic areas. My findings are supported by
evidence from previous studies that have reported positive associations
between agricultural intensity and vector abundance (Kanojia and
Geevarghese, 2004; Keiser et al., 2005b; Richards et al., 2010; Raju et al.,

2018), and correlations between vegetation greenness and JE cases (Wang
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et al., 2014; Rattanavong et al., 2020). My results also support broader
conclusions on the importance of land-use change on infectious disease risk
related to impacts on the interaction between people, pathogens, vectors and
vertebrate hosts (Lambin et al., 2010; Kilpatrick and Randolph, 2012;
Gottdenker et al., 2014; Johnson, de Roode and Fenton, 2015; Hassell et al.,
2017; Gibb et al., 2018; Gibb et al., 2020). These findings have implications
for projected global expansion of land-use change (Chen et al., 2020).
Nevertheless, the impact of future land-use change will depend on factors
such as the geographic region, the mode of the change and the specific
disease system; these factors influence underlying ecological processes
regulating disease transmission (Ladeau et al., 2015; Gibb et al., 2020a).
Overall, my results highlight the importance of integrating ecological
perspectives into MBD prediction due to their situation at the nexus between

environmental change, ecosystems, and health (Gibb et al., 2020b).

Knowledge on how different global change processes combine to alter MBD
risk remains unclear (Chapter 2). Several studies have explored how climate
and land-use may interact to influence MBD risk and have found that the
combined effects of both pressures may lead to reduced predictability and
increased potential for larger epidemics (Baeza et al., 2011; Tompkins and
Caporaso, 2016; Lowe et al., 2021). Furthermore, the interactions of these
processes with socioeconomic factors (e.g., poverty, human mobility,
demographics, trade) adds another level of complexity which is difficult to
assess but critical for understanding the impact of global change on MBD
risk. Although poverty prevalence was found to be positively associated with
JE outbreak occurrence in Chapters 4 and 5, the compound nature of the
variable (i.e., it is mediated by several factors) makes interpretation of this
relationship challenging. Understanding the influence of socioeconomic
factors on MBD risk requires a sophisticated approach that considers how
these effects might interact with climate and land-use. For example, a study
investigating the relationship between malaria and socioeconomic conditions
associated with land-use change (Baeza et al., 2017) developed an
epidemiological compartmental model of malaria transmission which included

a subpopulation not at risk of contracting malaria due to improvement in
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socioeconomic conditions. This model was then combined with a mosquito
population dynamics model and an economic model which mimicked an
agricultural, labour-intensive productive system that captured economic
productivity and demographic changes. The study found an initial increase in
malaria transmission due to relatively fast ecological changes associated with
land-use conversion, followed by either a decline or a further increase in risk
which related to the pace of investment in interventions. Therefore, although
climate and land-use changes are predicted to have directional (i.e., positive,
or negative) effects on MBD hazard and risk, approaches that consider how
these processes might interact with socioeconomic factors are necessary to
understand how these diseases may be affected by future environmental
change.

In Chapter 5 | used a statistical model of outbreak risk to project the
combined effects of future climatic, agricultural, and socioeconomic change
on future populations at risk of JE. Despite the strong influence on population
projections under different SSP scenarios, | also revealed the potential
dampening effect that future environmental conditions may have on JE risk.
This was especially evident for SSP1-RCP2.6 (i.e., ‘sustainability’ scenario)
and SSP5-RCP8.5 (i.e., ‘rapid growth’ scenario) which are both projected
dramatic reductions in populations at risk by 2070. Although SSP1-RCP2.6
and SSP5-RCP8.5 differ dramatically in their projected climatic conditions
(van Vuuren et al., 2011), they both represent high equity pathways whereby
reductions in agriculture will occur either because of sustainable practices or
technological advancement. These findings suggest that, irrespective of
climatic or socioeconomic conditions, reducing rice cropland extent may be
important in limiting the future impact of JE. However, the lack of inferred
mechanistic relationships between covariates and risk may limit the model’s
ability to predict risk responses to novel settings (Getz et al., 2018). Future
research could extend this model to include mechanistic processes and
therefore improve its potential predictive ability. For example, a recent VBD
study combined an agent-based model with host species distribution
modelling and models of climates and land-use change to look at the impact

of various climate and socioeconomic scenarios on the spread of Lyme
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disease in Europe (Li et al., 2019). The study found that the projected impact
of climate and land-use change of future disease risk were likely to be
different, with climate warming projected to expand risk in northern Europe
and agricultural land expansion projected to limit risk in southern Europe (Li
et al., 2019).

6.4 Policy implications

The importance of climate, land-use and agricultural practices on JE
emphasises the need for increased adaptive, ecosystem-based interventions
to help manage MBD hazards and risks across multiple areas of policy (i.e.,
public health, agricultural, environmental, and land management). As | have
demonstrated in this thesis, evaluating how vector populations respond to
agricultural expansion and climate changes can identify high risk areas for
MBD transmission. This information can inform the design of agricultural
landscapes and practices to regulate vector and host populations and their
interactions, reducing pathogen availability and potential human exposure.
An example of this approach is seen with the reintroduction of prawns to
riverine ecosystems in Senegal to regulate snail host populations, reduce the
prevalence of vector-borne human schistosomiasis, while also benefiting
local food security (Sokolow et al., 2015). In the context of JE ecology,
adopting methods from high yield rice cultivation strategies that require less
standing water (e.g., alternate wetting and drying irrigation methods, the
development of drought-tolerant cultivars) (Singh et al., 2021) could enable
more efficient use of land and reduce wildlife-vector-human interfaces. This
approach could have added benefits for biodiversity (Folberth et al., 2020),
food security by reducing crop losses due to climate change (IRRI, 2018;
Oladosu et al., 2019), could benefit biodiversity (Folberth et al., 2020) and
could improve water security due to the reduced demand for irrigation (Luo,
2010; Kayatz et al., 2019). Indeed, there is scope to include MBDs such as
JE within the “water-food-energy nexus” approach to sustainable
development which acknowledges that actions in one of these domains
commonly impacts the others (FAO, 2014; UNECE, 2021). This would enable
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the identification and management of trade-offs across the different policy
sectors of water, food, energy and public health, allowing for more integrated

and cost-effective planning to safeguard ecosystem and human health.

The integration of ecological knowledge into modelling approaches for MBDs
is fundamental to the understanding of these disease systems (Chapters 3
and 4). Under future global change, ecological knowledge will be increasingly
important to support both short-term public health policy (e.g., early warning
systems for prevention and targeting resources) and long-term decisions for
adaptation to different scenarios (e.g., strengthening health systems and
surveillance, improving diagnostic capacities, and targeting vaccinations)
(Chapter 5). However, ecological perspectives are rarely factored into current
and future public health policy (Gibb et al., 2020b). Changing this ‘status quo’
requires a transdisciplinary approach to public health policy involving the
integration of knowledge, evidence, and research across ecological, social,
and health domains (Grant et al., 2016; Bedford et al., 2019; Li et al., 2019;
Purse et al., 2020; Burthe et al., 2021). Furthermore, the sharing of data
across these different disciplines via the development of open access
platforms could help fill gaps in data and improve public health policy in the
prevention and control of MBD. Planetary Health provides a framework for
the necessary broadening of public health policy by promoting a systems
approach to human health outcomes (Pongsiri et al., 2017) whereby
stakeholder objectives across domains can be matched and the challenges

that society faces identified, studied, and addressed holistically.

The need for a holistic, systems-thinking approach to health is repeated in
the research and policy contributions | made in other projects during my time
as a PhD student. | co-authored a report for the World Wide Fund for Nature
and the Smithsonian Institute which reviewed the links between
environmental degradation and health outcomes in Africa to identify how
efforts to preserve the natural environment and sustainably manage natural
resources could have an impact on human and animal health (Hassell et al.,
2021a). The report highlighted major gaps in knowledge of the mechanisms

by which environmental degradation endangers human health and
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recommended the formation of interdisciplinary partnerships to advocate for
nature to be at the centre of public health policy and to frame natural
resource management as a form of preventative medicine. Similar themes
emerged in my co-authored analysis piece for the British Medical Journal in
which | highlighted the need for improved understanding of how
environmental changes can affect zoonotic risk to help prevent and respond
to outbreaks (Gibb et al., 2020b). The paper outlined the socio-ecological
challenges associated with managing zoonotic disease transmission and
advocated for ecological perspectives to be integrated into public health
policy to help evaluate disease-risk trade-offs, prioritise interventions, and
build health resilience to global change. Moreover, during my policy
fellowship at the House of Commons Environmental Audit Committee, | was
able to further advocate the need for policymakers to consider the
relationships between environmental and human health. During my
placement | took a lead role in an inquiry highlighting the links between
environmental and human health in relation to the COVID-19 pandemic. This
culminated in a report to the government advocating for nature to be placed

at the centre of the economic recovery (EAC, 2021).

In a perspective piece, | explored how predictive systems ecology models
could be used to understand interactions between pathogens, hosts and the
environment, transforming our understanding of disease ecology and
identifying the best ways to manage emerging disease risk (Hassell et al.,
2021b). Furthermore, | held a transdisciplinary workshop that brought
together experts from the United Nations, humanitarian non-governmental
organisations, policy, and academia to develop a better understanding of
how big data could be used to understand drivers of migration. The workshop
highlighted the potential application of big data to understand environmental
drivers of migration such as climate change and highlighted the benefit of
transdisciplinary collaborations when addressing complex problems
(Franklinos et al., 2021).
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6.5 Outstanding questions, limitations, and opportunities

As described in Chapter 2, enhanced surveillance is required to improve
health data and define the factors that promote MBD risk. However, due to
differences in capacity, resources and the need for integration into pre-
existing systems, considerable variability exists in the approach, quality, and
extent of JE surveillance (Heffelfinger et al., 2017). The lack of JE
surveillance data was a prevalent challenge for the quantitative parts of my
thesis. Notably, the spatial and temporal biases of available vector and
human surveillance data were significant limitations in Chapters 3 and 4 and
hindered my ability to accurately describe important associations and to
make predictions in data-poor regions. However, in both chapters, my
analyses informed where future surveillance efforts could be targeted,
principally to areas with high predicted hazard or risk that have low reporting
effort. Like other understudied diseases, it is imperative to establish a
broader surveillance system to better characterise the distribution of the
disease rather than continue to target surveillance efforts in known endemic
regions. Enhanced surveillance data could then be used to inform models

and improve and update predictions and test and monitor interventions.

Owing to the dearth of available long term vector data needed to identify
population trends (Rund et al., 2019), several methods of vector surveillance
have been developed that are less time-intensive and involve citizen
scientists that do not require expertise. For example, citizen science projects
that either involve visual surveys of breeding habitats (Palmer et al., 2017;
Low et al., 2021; Pataki et al., 2021; Sousa et al., 2022) or acoustic
surveillance (Mukundarajan et al., 2017; Vasconcelos et al., 2019; Sinka et
al., 2021) have the potential to vastly increase information on the
spatiotemporal distribution of mosquito vectors and to evaluate the success
of vector control measures. However, these data will be influenced by
sampling bias (Palmer et al., 2017) and biases caused by changes in the
algorithms behind data collection platforms or the behaviour of the people
interacting with the platforms (UN Global Pulse, 2012) which must be

addressed. Furthermore, relatively low engagement reported for citizen
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science projects in the Global South (Rathnayake, Joshi and Cerratto-
Pargman, 2020) may mean these data also suffer from significant spatial

biases.

Future JE research would benefit from targeted serosurveillance data to
capture subclinical cases and reduce data biases associated with the effects
of test cross-reactivity, variations in healthcare diagnostics and differences in
reporting effort. These data would help address the poor baseline knowledge
of current JE distribution and burden which is required to project and mitigate
future changes in risk (Campbell-Lendrum et al., 2015). Alternative
surveillance data collection methods via the use of smartphones, wireless
connectivity, and cloud-based technologies also have great potential to
augment the amount, detail and type of disease data (Mtema et al., 2016;
Carrillo et al., 2021; Pley et al., 2021). However, these data will be biased
towards populations that are able to access the technology (WHO, 2011) and
may not be suitable for diseases without characteristic case definitions (Pley
et al., 2021) such as JE. Underreporting of JE cases also occurs due to
difficulties in diagnosis (Vannice et al., 2021) and so improved access to
diagnostics and laboratory testing is needed to increase the quality and
amount of surveillance data, especially in remote areas. Furthermore, there
is a clear need to develop systematic surveillance programmes to better
characterise JEV reservoir hosts (Lord, Gurley and Pulliam, 2015) and to
understand seasonal and spatial dynamics in JE seroprevalence in these

groups.

Although the results of my thesis highlight the importance of environmental
factors on MBD risk, the observational datasets and correlative analytic
methods used do not enable the identification of underlying causal
mechanisms (Hernan, 2018; Kraemer, Reiner and Bhatt, 2019). This limits
the generalisability of these ecological associations across time and space
(Washburne et al., 2019) and hinders the ability of models to investigate the
effects of interventions, as has been performed for other VBDs (White et al.,
2017). Furthermore, there are likely to be unmeasured variables that have

not been accounted for in the models that are also influencing risk. For
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example, when considering the effect of land-use on JE risk, unmeasured
abiotic (e.g., agrichemical use, method or irrigation) (Kibuthu et al., 2016) and
biotic factors (e.g., competition and predation) (Ohba, Matsuo and Takagi,
2013; Elphick, 2015; Lounibos and Juliano, 2018) may be influencing vector
and host populations that are not accounted for in models. Indeed, a recent
study revealed the importance of biotic interactions in shaping MBD
dynamics by showing that vector predators can limit disease transmission via
their effects on vector survival and size and by modifying vector oviposition
behaviour (Russell et al., 2022). Another study demonstrated the effect of
competition in determining the geographic distribution of Aedes mosquitoes
(Lounibos and Juliano, 2018), a factor that is often not considered when
predicting the potential geographic distribution of these vectors (Kraemer et
al., 2015; Ryan et al., 2019). Moreover, the influence of land-use practices on
reservoir host ecology (Gibb et al., 2020a) and the potential for hosts to
disperse pathogens long distances (Peterson, 2008; Duggal et al., 2019) are
not well understood. Overall, further empirical research investigating
underlying ecological processes that influence MBD risk is imperative to
improve understanding and parameterisation of models (Lounibos and
Juliano, 2018; Gibb et al., 2020Db).

Another significant limitation in my thesis related to insufficient understanding
of the socioeconomic factors that drive exposure (Monroe et al., 2020) and
vulnerabilities to MBDs (Bardosh et al., 2017) and how these aspects of MBD
risk may be influenced by environmental conditions (Baeza et al., 2017).
Socioeconomic factors influence exposure to disease via their influence on
population distribution, migration, and landscape use at various scales (Li et
al., 2019). Studies that include human demography and behaviour in MBD
risk models are needed to further understand disease exposure and
therefore target people at risk and raise public awareness. A recent study
explored the projected Aedes-borne virus transmission risk by demographic
group (e.g., age-sex-race/ethnicity cohorts) in the USA under different
combinations of climate and socioeconomic change (Rohat et al., 2020). The
study found that projected disease exposure changes were mainly driven by

changes in the population of vulnerable demographic groups. Future studies
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on JE would benefit from including demographic data when predicting current

and future disease impacts.

Lack of knowledge on the impact of global change drivers is further
compounded by poor understanding of the scale at which these processes
influence MBD risk and how different scales should be incorporated into risk
models (Caminade et al., 2014; Parham et al., 2015; Booth, 2018). Despite
the identification of causal relationships being the ultimate goal when
understanding drivers of disease emergence (Kraemer, Reiner and Bhatt,
2019), the complexity, scale, and natural variability of the systems involved
mean that this is likely to be impractical for MBDs (Plowright et al., 2008).
Instead, amassing sufficient evidence to implicate drivers of MBD risk to
inform predictions and mitigation efforts is a more realistic and achievable

objective.

6.6 Future directions and challenges

The classification of ardeid birds and pigs as reservoir hosts of JEV has its
origins in the first investigations of JEV transmission ecology that were
conducted in the 1950s in Japan (Scherer, Buescher and McClure, 1959;
Buescher et al., 1959; Scherer et al., 1959; Scherer and Buescher, 1959).
The justification for focusing on these hosts was that their reproductive rate
enabled them to have a high enough population turnover to enable the
continuous supply of susceptible individuals needed for annual epidemics.
Ardeid birds were selected as a wildlife study group because their size meant
they were relatively easy to catch and large enough to enable repeated blood
sampling, rather than imply that other wild birds were not potential hosts
(Scherer and Buescher, 1959). Both pigs and ardeid birds are likely to be
important JEV reservoir hosts due to the high level of viraemia they produce
which is sufficient to infect mosquitoes. However, it is important to reconsider
the transmission cycle for other JE endemic regions that might differ from
that first described in Japan (Lord, Gurley and Pulliam, 2015). In particular,

the role of domestic birds such as chickens and ducks remains unknown
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despite evidence that they can produce high levels of JEV viraemia (Dhanda
et al., 1977; Cleton et al., 2014; Kalaiyarasu et al., 2016). Although |
identified pig populations as important drivers of JE risk in northeast India
(Chapter 4), knowledge on the relative contribution of pigs to JEV
transmission compared to other hosts and how this may vary in space and

time is deficient.

To address these knowledge gaps requires veterinary surveillance of wildlife
and domestic animals within JE endemic areas. Targeted serological
surveillance of wildlife and domestic animals will help determine the absence
or geographic and temporal distributions in prevalence of JEV in different
populations and therefore, the likelihood of their ability to act as reservoir
hosts. Simultaneously, scanning surveillance of pigs could be undertaken at
slaughter to assess the geographic and seasonal variation in their ability to
transmit JEV and to understand their relative importance to JE transmission
ecology. This is particularly important given their recently discovered ability to
transmit JEV directly between pigs without a vector (Ricklin et al., 2016).
Furthermore, mobile phone syndromic surveillance programmes could be
employed to detect potential JE outbreaks in domestic animal populations in
rural communities as has been performed for other zoonotic flaviviruses
(Thumbi et al., 2019). In addition, the development of the Global Virome in
One Network (VIRION) (Carlson et al., 2022), an open access database of
vertebrate-virus species interactions, makes identifying potential JEV hosts
easier. Defining the breadth of potential JEV host species and quantifying
their relative contributions to JE risk, would help to characterise geographical
and seasonal variations in host seroprevalence across Asia and the West
Pacific, and how these may vary with important JE drivers identified in this
thesis (i.e., climate, agricultural land cover, poverty). This knowledge would
improve assessments of the ability for JEV to spread to new geographic
regions (Mackenzie, Gubler and Petersen, 2004; van den Hurk, Ritchie and
Mackenzie, 2009; Lord, 2021) and potential impact of global change
processes such as climate and land-use change on disease risk (Gibb et al.,
2018; Gibb et al., 2020b).
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As seen with the recent emergence of JE in Australia (Commonwealth of
Australia, 2022), JE epidemics can often occur without warning and
overwhelm public health services (Kulkarni et al., 2018). Therefore, the
development of a short-term early warning system that combines seasonal
environmental forecasts with surveillance data would be beneficial to help
prepare mitigation efforts (e.g., targeting of vaccination effort, advance
warning of high risk periods), and improve JE diagnosis and treatment
outcomes (e.g., increased clinical suspicion during high risk periods)
(Hussain-Alkhateeb et al., 2021). The high out-of-sample predictive ability for
the temporal model of JE incidence in Chapter 4 suggests that short-term
forecasting of JE incidence in endemic areas to inform vaccination
programmes may be possible with this model. However, the model requires
further development and parametrisation with additional data reported since
2019 to accurately determine its potential as a tool for public health decision
support (Ballester et al., 2016). Host seroprevalence data and vector
abundance predictions could also be explored as possible predictors in the
model. Indeed, there is scope for developing the vector abundance model
from Chapter 3 into a forecasting model of seasonal vector abundance which

could in turn inform a JE outbreak early warning system.

Despite the increasing importance of early warning systems to disease
outbreak prediction and control, there is relatively little data on their
effectiveness or the feasibility of their integration into existing surveillance
programmes (Hussain-Alkhateeb et al., 2021). Therefore, it is imperative that
the development of an early warning system for JE involves stakeholder
perspectives to ensure its utility and effectiveness in controlling disease
outbreaks. To operationalise and sustain an early warning tool for JE would
require models to be developed via a process of co-production with
stakeholders in which different forms of knowledge are integrated into
decision-making (Purse et al., 2020). Stakeholders would be selected due to
their key roles in the understanding and management of JE across different
sectors and geographic scales. These may include policymakers and actors
from public health, veterinary and agricultural sectors at the scale of national

decision-makers down to village communities. This process of co-production
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would enable models to be parameterised with data and knowledge from the
field and for the spatial grain of the models to be tailored to the scale of
intervention and ecosystem use (Leach and Scoones, 2013). In addition,
interpretation and validation of model outputs by stakeholders would likely
increase the uptake of the early warning system for targeting surveillance
and interventions. Furthermore, the early warning system would have to be
simple, practical, and sustainable to guarantee that it would be useful to local

decision makers over the long-term.

My findings throughout this thesis have revealed MBD as a nexus issue
between the environment and human health, thus validating the application
of the Planetary Health approach (Pongsiri et al., 2017) in the understanding
and mitigation of these diseases in the era of dramatic global change. In the
context of JE, the importance of agricultural land management practices
highlighted in this work has implications for the projected expansion of
irrigated agricultural land (Keiser et al., 2005b; Alexandratos and Bruinsma,
2012) and intensification of rice production (Song et al., 2018) needed to
improve food security. Therefore, if we want to significantly expand rice
paddy cultivation and at the same time work towards reducing MBD risk, we

will need to develop ways to reconcile these two goals.

Modelling approaches such as those applied in Chapter 5, could support this
work by evaluating the consequences of proposed future land-use changes
for MBD risk to identify trade-offs across land-use, climate, food security and
human health. Furthermore, such counterfactual analyses whereby different
scenarios are evaluated, could be conducted for multiple MBDs to enhance
policy decisions that benefit both public health and environmental sectors.
Examples of potential counterfactual questions could include: ‘If we alter
different characteristics of rice cultivation (e.g., type of rice grown, size of
irrigation schemes, and distance of rice-growing communities from their
fields) how many JE infections could be averted?’ Or ‘If we increase the
availability of natural wetlands, do we reduce JE risk due to decreased
contact between vectors and ardeid birds?’ In addition, which agricultural

practices are best for ensuring food security and reducing MBD risk, while
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accounting for the influence of predicted climate and socioeconomic change?
These counterfactuals can be used to structure and manage agricultural
landscapes to ensure food security, preserve ecosystem health and regulate
vector and reservoir host populations across projected scenarios of global

change.

6.7 Conclusions

Much of recent human development has come at the expense of the natural
environment, leading to ecosystem degradation, biodiversity loss and
increased exposure and vulnerability to infectious diseases such as MBDs.
This has been emphasised by the SARS CoV2 pandemic which has
increased global awareness of the need to expand and strengthen our
understanding of the links between nature and human health (FAO et al.,
2021). Traditionally, public health interventions have been aimed at reducing
the exposure and vulnerability of populations to disease (Gibb et al., 2020b)
by focusing on disease control and vaccination efforts. However, with future
global change, broader perspectives that consider the combined influence of
different socio-ecological pressures driving disease risk will be increasingly
important to support both short-term public health policy and long-term
decisions for adaptation to different scenarios. In this thesis, | have illustrated
the importance of environmental and socioeconomic change to MBD risk,
underlining the need to integrate socio-ecological perspectives into not only
public health but environmental planning decisions, to help understand and
predict disease risk and therefore build wider health resilience to global

change.
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Appendices

Appendix 1: Supplementary figures and data for Chapter 2

This appendix provides supplementary figures, tables and information on
data sources for the analyses conducted in Chapter 2, “The impact of global
change on mosquito-borne disease’. The items contained in this appendix
are:

Text S2.1. Search strategy and selection criteria.

Text S2.2. Glossary.

Table S2.1. Results of rapid review of modelling studies published from
2014- March 2018, that investigated the impact of climate change on
mosquito-borne disease.
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Text S2.1: Search strategy and selection criteria

| searched PubMed and Web of Science, for all papers from 15t January 2014
to 28" March 2018 inclusive to reflect the field since the publication of the
WHO published ‘A global brief on vector-borne diseases’ in 2014 which
called for further research (WHO 2014). Search terms were related to models
of human mosquito-borne diseases and climate change: (“mosquito*” or
"mosquito-borne disease*" or "mosquito borne disease*") AND ("climate
chang*" or “climat* change™ or "climat* warm*" or "chang* climat™) AND
(“model*” or “modelling”). | excluded treatment papers, reviews, case studies
and surveillance reports and focused on modelling studies that evaluated the
effect of climate change on mosquito borne diseases and their vectors.
Climate change was defined as an alteration (either observed or projected) to
climatic parameters and studies were included in the analysis if they
considered the effects of climate change over several decades rather than

within-decade timescales.

Text S2.2: Glossary

Mosquito-borne disease risk: the probability that the simultaneous presence
of an infected host and competent vector may impact a susceptible
population (Bergquist, Stensgaard and Rinaldi, 2018).

Correlative models of MBD: use statistical approaches to identify correlative
associations of disease risk to a suite of explanatory variables such as

environmental or socioeconomic conditions.

Mechanistic models of MBD: make explicit assumptions about the biological

or environmental processes that drive disease risk.
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Table S2.1. Results of rapid review of modelling studies published from 2014- March 2018, that investigated the impact of climate
change on mosquito-borne disease.

The table shows the spatial scale of the study, the disease and mosquito vectors, the type of model and projection and, the climatic parameters
analysed. The table illustrates the direction of the relationship between the climatic parameters and the change in distribution of disease
transmission risk. Details are provided regrading whether mosquito biological thresholds and other global change drivers were considered within
the study.

SPATIAL DISEASE MOSQUITO MODEL STUDY CLIMATE DIRECTION OF | CONSIDERED | CONSIDERED

SCALE and VECTORS TYPE PROJECTION | PARAMETERS | RELATIONSHIP CRITICAL OTHER

AUTHORS CLIMATE GLOBAL
INCLUDED (+or -) THRESHOLDS* CHANGE

DRIVERS

Zonal

Australia

(Williams et Dengue Aedes aegypti Mechanistic Prospective T,P,H +/- Y N

al., 2014)

(Ho, MVEV Culex Mechanistic Prospective T,P,H - Y Y#

Speldewinde annulirostris

and Cook,

2016)
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China
(Jiaetal.,, (NA) Aedes albopictus | Mechanistic | Retrospective T +/- Y N
2017)
Kenya
(Paaijmans Malaria (NA) Mechanistic Prospective T +/- Y N
et al., 2014)
(Ochieng et RVF Culex Correlative Prospective T,P +/- N Y?
al., 2016) quinquefasciatus,
Culex univitattus,

Mansonia

africana,

Mansonia

uniformis
Spain
(Roiz et al., (NA) Anopheles Correlative Prospective T,P,H,W,S, +/- N N
2014) atroparvus, E, Ph

Culex pipiens,
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Culex theileri,
Culex modestus,
Culex
perexiguus,
Ochlerotatus
caspius,
Ochlerotatus
detritus
National
Australia
(Hill, Axford (NA) Ae. albopictus Hybrid Prospective T,P, S, Sm + Y N
and correlative
Hoffmann,
2014)
(Williams et Dengue (NA) Mechanistic Prospective T,P,H - Y N
al., 2016)
Brazil
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(Cardoso- Dengue Ae. aegypti Correlative Prospective T,P - N N
Leite et al.,
2014)

Germany

(Koch et al., (NA) Ae. albopictus Correlative Prospective T,P + N N
2016)

Iran

(Salahi- Malaria Anopheles spp. Correlative | Retrospective T,P,H +/- N N
Moghaddam
et al., 2017)

Mexico

(Pech-May et (NA) Ae. albopictus Correlative Prospective T,P + N N
al., 2016)

(Equihua et Dengue Ae. aegypti Correlative Prospective T, P + N N
al., 2017)
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Republic of
Korea

(Linthicum Malaria (NA) Mechanistic | Retrospective T + N N
et al., 2014)

Serbia

(Petri¢ et al., (NA) Ae. albopictus Mechanistic Prospective T, P, Ph +/- Y N
2017)

Taiwan

(Lin et al., JEV (NA) Correlative | Retrospective T, P, H, Ph + N N
2017)

Tanzania

(Mweya et Dengue Ae. aegypti Correlative Prospective T,P + N N
al., 2016)

246



Lydia Franklinos — Effects of global change on mosquito-borne disease (doctoral thesis)

(Mweya,
Mboera and
Kimera,
2017)

RVF

Cx.
pipiens complex

Correlative

Prospective T,P

+/-

United
Kingdom

(Ewing et al.,
2016)

(NA)

Cx. pipiens

Mechanistic

Prospective T

USA

(Brown et
al., 2015)

WNV

Cx. pipiens,
Culex tarsalis

Mechanistic

Prospective T,p

(Butterworth,
Morin and
Comrie,
2017)

Dengue

Ae. aegypti

Mechanistic

Prospective T,P
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(Yee,
Ezeakacha
and Abbott,
2017)

(NA)

Ae. albopictus

Mechanistic

Prospective

T, Ph

Regional

Africa

(Drake and
Beier, 2014)

Malaria

Anopheles

arabiensis

Correlative

Prospective

(Ryan et al.,
2015)

Malaria

An. gambiae

Mechanistic

Prospective

Y¥

Europe

(Thomas et
al., 2014)

(NA)

Ae. albopictus

Correlative

Prospective

Y€

(Bouzid et
al., 2014)

Dengue

(NA)

Correlative

Prospective

T,P,H

YB
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(Trajer et al., WNV Ae. Albopictus Correlative Prospective T,P + N
2014)

(Proestos et (NA) Ae. Albopictus Mechanistic Prospective T,P,H + N
al., 2015)

(Cunze, (NA) Aedes Correlative Prospective T,P +/- N
Koch, et al., albopictus,

2016) Aedes japonicus

(Cunze, (NA) Ae. Albopictus Correlative Prospective T, P, Ph + N
Kochmann,

et al., 2016)

(Liu- Dengue Ae. Aegypti, Ae. | Mechanistic | Retrospective T + N
Helmersson Albopictus and

et al., 2016) prospective

(Semenza et WNV (NA) Correlative Prospective T + YY
al., 2016)

North

America
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(Ogden et
al., 2014b)

(NA)

Ae. albopictus

Mechanistic

Prospective T,P

South

America

(Laporta et
al., 2015)

Malaria

Anopheles spp.

Correlative

Prospective T,P

YG

South and
Southeast
Asia

(Khormi and
Kumar,
2016)

Malaria

Anopheles spp.

Hybrid

correlative

Prospective T,P,H

Global

(Liu-
Helmersson
et al., 2014)

(NA)

Ae. aegypti

Mechanistic

Prospective T

+/-
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(M. Khormi Dengue Ae. aegypti Correlative Prospective T,p, h +/- Y N
and Kumar,

2014)

(Capinha, C., (NA) Ae. aegypti Correlative Prospective T,p + N N
Rocha, J.

Sousa, 2014)

(Campbell et (NA) Ae. aegypti, Ae. Correlative Prospective T,P + N N
al., 2015) albopictus

(Carlson, Zika, Ae. aegypti, Correlative Prospective T,P + N Y3
Dougherty Dengue Aedes africanus,

and Getz, Ae. albopictus

2016)

(Murdock, Malaria An. gambiae, Correlative Prospective T - Y N
Sternberg Anopheles

and Thomas, stephensi

2016b)

(Samy et al., WNV, LF, Cx. Correlative Prospective T,P +/- N N
2016) SLEV quinquefasciatus
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(Caminade Zika Ae. albopictus Mechanistic | Retrospective T, P, + Y N
et al., 2017)

El Nino event

(Valdez et (NA) Cx. Mechanistic Theoretical P +/- Y N
al., 2017) quinquefasciatus

(Tjaden et Chikungunya (NA) Correlative Prospective T,P + N YA
al., 2017)

(Monaghan (NA) Ae. aegypti Correlative Prospective T,P + Y '
et al., 2018)

Abbreviations: (NA), data not available; MVEV, Murray Valley encephalitis virus; RVF, Rift valley fever; JEV, Japanese encephalitis virus; SLEV, St Louis
encephalitis virus; LF, lymphatic filariasis; WNV, West Nile virus; T, temperature; P, precipitation; H, humidity; W, wind; S, solar radiation; E,
evapotranspiration; Ph, photoperiod; Sm, soil moisture;

*Inclusion of critical climate thresholds that may impact specific vector life history traits (e.g., temperature thresholds for mosquito survival).
#Land cover, human population density; animal host migration

5 Land cover

¥ Land cover, human population density

€Trade

8 Human population density, urbanisation, GDP per capita

Y Land cover, animal host migration

A Human population density
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Appendix 2: Supplementary figures and data for Chapter 3

This appendix provides supplementary figures, tables and information on
data sources for the analyses conducted in Chapter 3, ‘Joint spatiotemporal
modelling reveals seasonally dynamic patterns of Japanese encephalitis
vector abundance across India’. The items contained in this appendix are:

Table S3.1. Vector surveillance data used in analyses.
Table S3.2. Data and rationale for covariates included in analyses.

Table S3.3. Impact of additional inferred absence data on selection results
for models of increasing complexity.

Table S3.4. Model comparison results for observed JE outbreaks.

Figure S3.1. Maps of covariates used in models.

Figure S3.2. Diagnostic plots for joint likelihood models; scatterplot of
predicted versus observed vector abundance (logscale) data.

Figure S3.3. Histograms of CPO and PIT values for joint likelihood models.
Figure S3.4. Random spatiotemporal cross-validation of the final model.

Figure S3.5. Association between one-month lagged vector abundance and
predicted JE outbreak probability.
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Table S3.1. Vector surveillance data used in analyses.

The table includes the study from which the data were extracted, the state or union territory in India in which the survey was conducted, the year
of the survey, the type of data collected, the survey method, the total number of months that were surveyed, the number of sampling sites per
study and the total number of datapoints (occurrence and abundance) generated from the study.

Study Surveyed Date Type of Survey Total Number of | Number of Number of Total
state/ union range vector method for number of | sampling occurrence | abundance number of

reference territory surveillance | adult months sites datapoints datapoints datapoints

data* mosquitos surveyed

(Rajavel, Andhra 2003- oC Aspirator 1 2 3 - 3

Natarajan and Pradesh 2004

Vaidyanathan,

2006a)

(Bhattacharyya | Assam 1993 ocC Aspirator 1 1 1 - 1

et al., 1994)

(Dhiman et al., | Assam 2011 oC Indoor light 1 3 3 - 3

2013) trap, aspirator
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(Kumari et al.,, | Delhi 2011 OC, AB Aspirator, net
2013) sweeping
(Korgaonkar et | Goa 2006 OC, AB Human
al., 2012) landing catch
(Rajavel and Guijarat 2003 OC, AB Aspirator
Natarajan,
2008)
(Srivastava, Guijarat, 2005 OC, AB Aspirator
Singh and
Thapar, 2008) | Uttar Pradesh
(Rajavel, Karnataka, 2003 ocC Aspirator
Natarajan and | Kerala
Vaidyanathan,
2006b, p. 6)
(Kanojia et al., | Karnataka, 2007 oC Aspirator
2010) Maharashtra,

Tamil Nadu
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(Thenmozhi et | Kerala 2011 OC, AB Aspirator 1 1 1 1 2
al., 2013)

(Yadav, Odisha 1990- OC, AB Aspirator 24 1 24 18 42
Sharma and 1991

Chand, 1997)

(Dash et al., Odisha 1993 OC, AB Aspirator 1 1 1 1 2
2001)

(Rajavel, Odisha 2000 OC, AB Light trap, 1 2 2 1 3
Natarajan and aspirator

Vaidyanathan,

2005a)

(Rajendran et Tamil Nadu 1998- OC, AB Aspirator 23 2 46 23 69
al., 2003) 2000

(Samuel et al., | Tamil Nadu 2003- OC, AB Hand catch 4 9 20 4 24
2010) 2006
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(Samuel et al., | Tamil Nadu 2006- OC, AB Aspirator 60 180 180 360
2016) 2011

(Paramasivan, | Tamil Nadu 2007- ocC Not described | 1 2 2
Dhananjeyan 2008

and Pandian,

2013)

(Tyagi et al., Tamil Nadu 2011- OC, AB Aspirator 21 21 21 42
2016) 2012

(Das, Lal and Telangana 2003 OC, AB Aspirator 1 6 6 12
Saxena, 2004)

(Kanojia, Uttar Pradesh 1991 ocC Aspirator 1 4 4
Shetty and

Geevarghese,

2003)

(Kanojia and Uttar Pradesh 1991- oC Aspirator 1 3 3
Geevarghese, 2000

2005)
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(Misra and
Gore, 2015)

Uttar Pradesh

2011

OC, AB

Aspirator

(Rajavel,
Natarajan and
Vaidyanathan,
2005b, p. 2)

West Bengal

2000

oC

Light trap,

aspirator

(Mariappan et
al., 2014)

West Bengal

2011-
2012

OC, AB

Aspirator

12

Totals

57

340

267

607

*OC = occurrence data; AB = abundance data
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Table S3.2. Data and rationale for covariates included in analyses.
The table includes the sources and rationale (hypothesises) for inclusion of covariates in spatiotemporal models of vector abundance.

Covariate Dataset Description = Spatial Temporal = Data classification Source Rationale
resolution resolution
Mean, min TerraClimate | High-spatial = 1/24°, Monthly: Maximum temperature, http://www.climatologylab.or | Temperature affects
and max air resolution minimum temperature, g/terraclimate.html important vector life
temperature data and derived mean history traits such as
WorldClimis =~ ~4 km; 1958— temperature (°C). development rate and
combined Global. 2019. survival (Mordecai et al.,
with coarser 2019).
spatial
resolution,
but time-
varying data
from CRU
Ts4.0 and
JRAS5.
Mean TerraClimate = High-spatial 1/24°, Monthly: Precipitation (mm). http://www.climatologylab.or | Rainfall has been shown
precipitation resolution g/terraclimate.html to influence vector
data populations due to the
WorldClimis =~ ~4 km; 1958— creation of standing water
combined Global. 2019. for vector breeding
with coarser (Reisen, Aslamkhan and
spatial Basia, 1976; Vythilingam
resolution, etal., 1997;
but time- Suryanarayana Murty,
varying data Srinivasa Rao and
from CRU Arunachalam, 2010).
Ts4.0 and
JRAS55.
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Land cover

Land-use
intensity
metrics for
rice crop
cultivation

European
Space
Agency
Climate
Change
Initiative
(CClI) Land
Cover;

version 3.14.

RiceAtlas;

version 2.

Land cover
time series
produced
with the

reprocessing

and the

interpretation

of five
different
satellite
missions
providing
daily
observation
of the Earth.

Database of
rice planting
and
harvesting
dates by
growing
season and
estimates of
monthly
production
for all rice-
producing
countries.

300m, Annual:

Global. 1992 -
2015.

Second 2010-

level 2012

subdivisions = average.

(i.e., district-

level for

India),

Global.
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37 UN Land Cover
Classes, derived into six
broad groups:
agricultural, mixed
agricultural, forest,
mixed vegetation, urban
and water.

Location information —
geographic scale / crop
calendar -planting,
harvesting, growing /
production / area.
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http://maps.elie.ucl.ac.be/CC

I/viewer/index.php

(Laborte et al., 2017)

Irrigated agricultural
practices provide suitable
habitat for vector
development and C.
tritaeniorhynchus is
reported to preferentially
breed in rice paddy fields
(Keiser et al., 2005;
Sabesan, Raju Konuganti
and Perumal, 2008a).

Vector abundance is
positively associated with
rice field density (Richards
et al., 2010), rice crop
growth stage (Raju et al.,
2016, 2018) and standing
water availability
(Rajagopalan and
Panicker, 1978; Keiser et
al., 2005).
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Table S3.3. Impact of additional inferred absence data on selection results for
models of increasing complexity.

The table details the structure of the joint-likelihood models and the difference
between their corresponding within-sample predictive accuracy assessed on
Watanabe-Akaike Information Criterion (WAIC) values when additional absence
data is excluded. The differences (A4) in WAIC between the other models and the
best fitting environmental model are still equivalently large when compared to the
AWAIC values when the additional absence data is included.

Model Fixed Random WAIC AWAIC | AWAIC
effects intercepts for model

with
additional
absence
data

1 | Baseline model - ST, S 721.60 | 72.94 77.53

2 | Seasonal model - ST,S, M 652.62 | 3.96 6.52

3 | Environmental Precipitation, | ST, S, M 648.66 | 0.00 0.00

model

Agri. land
proportion,
Annual rice
crops,
Annual rice
area, Annual
rice
production,
Nonlinear
temp.
function
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Table S3.4. Model comparison results for observed JE outbreaks.

AIC, odds ratio and 95% confidence intervals reported from logistic regression of JE
outbreak probability as a function of model predicted vector abundance. Vector
abundance predictions were generated from the final model with and without a one-
month lag. A null model (i.e., intercept only) was developed to assess the ability of
vector abundance predictions in estimating JE outbreaks when compared to
predictions expected at random.

Model AlC AAIC Akaike | Odds 95%
weight | ratio Confidence
interval
Null (intercept-only) | 168.02 23.85 0 - -
No lag 147.66 3.49 0 2.25 1.35-3.74

(JE outbreak
probability as a
function of predicted
vector abundance in
the same month)
One month lag 144.17 0.00 1 2.45 1.52-4.08
(JE outbreak
probability as a
function of predicted
vector abundance in
the previous month)
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Figure S3.1. Maps of covariates used in models.

(A) average mean temperature per month (°C) (example given for the year 2005);
(B) average precipitation per month (mm) (example given for the year 2005); (C)
number of rice crop rotations per year (average for period 2010-12); (D) total annual
rice area cultivated per year in hectares (average for period 2010-12); (E) total rice
produced per year in tonnes (average for period 2010-12); (F) land-use classes
(example given for the year 2005).
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Figure S3.2. Diagnostic plots for joint likelihood models; scatterplot of
predicted versus observed vector abundance (logscale) data.

Plots show observed data against model predicted values, and the red line shows
the expectation if observed equals predicted for each model: (A) baseline (spatial
effects and study- level random effects), (B) seasonal (spatial, seasonal, and

random effects), (C) environmental (spatial, seasonal, and random effects and
environmental covariates).
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Predicted
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Figure S3.3. Histograms of CPO and PIT values for joint likelihood models.

Plots show CPO and PIT histograms, with the red line indicating the level of the of
the different values if their distribution was uniform: (A) baseline (spatial effects and
study- level random effects), (B) seasonal (spatial, seasonal and random effects),
(C) environmental (spatial, seasonal and random effects and environmental
covariates).
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Figure S3.4. Random spatiotemporal cross-validation of the final model.

| tested the sensitivity of fixed effects estimates to random (10-fold) subsampling.
Points and error bars show posterior marginal parameter distributions for each hold-
out model (median and 95% quantile range), with colour denoting hold-out group.
Directionality and magnitude of fixed-effects estimates are robust to all tests.
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Figure S3.5. Association between one-month lagged vector abundance and
predicted JE outbreak probability.
Vertical axis displays model predicted JE outbreak probability, and vertical axis

gives predicted vector abundance on the log scale. Smooth line highlights the non-
linear relationship of JE outbreak probability to predicted vector abundance with a

one-month lag.
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Appendix 3: Supplementary figures and data for Chapter 4

This appendix provides supplementary figures, tables and information on
data sources for the analyses conducted in Chapter 4, ‘Climate, land-use and
socioeconomic factors predict spatiotemporal dynamics of Japanese
encephalitis risk’. The items contained in this appendix are:

Text S4.1: Mapping the spatial distribution of Ardeid bird reservoir host
occurrence.

Table S4.1. Japanese surveillance data collected for northeast India from
2009-2019 (115 districts).

Table S4.2. Data sources for all covariates included in analyses.
Table S4.3. Results of univariate analysis for spatial model covariates.
Table S4.4. Results of multivariate analysis for spatial model covariates.

Table S4.5. Model adequacy results for predictive spatial models of
increasing complexity.

Table S4.6. Model predictive accuracy results for temporal models of
increasing complexity.

Table S4.7. Parameter values from the evaluative spatial model of JE
outbreak occurrence.

Table S4.8. Model selection results for models predicting spatial JE outbreak
occurrence in northeast India for outbreak threshold of 3 confirmed cases.

Figure S4.1. Indian climatic regions and biomes.

Figure S4.2. The spatiotemporal pattern in Japanese encephalitis cases
across India, 2009 - 2019.

Figure S4.3. A map of cattle egret (B. ibis) occurrence in northeast India.

Figure S4.4. A map of intermediate egret (A. intermedia) occurrence in
northeast India.

Figure S4.5. A map of little egret (E. garzetta) occurrence in northeast India.

Figure S4.6. A map of Indian pond heron (A. grayii) occurrence in northeast
India.
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Figure S4.7. A map of black-crowned night heron (N. nycticorax) occurrence
in northeast India.

Figure S4.8. The spatial pattern of JE outbreaks between 2009 and 2019 in
northeast India.

Figure S4.9. Time series of monthly confirmed JE cases per district in the
state of Assam*, 2009-2019.

Figure S4.10. Correlates of annual JE occurrence in northeast India 2009—
2019 for different JE outbreak occurrence thresholds.

Figure S4.11. Random 5-fold cross-validation for the spatial model of JE
occurrence.

Figure S4.12. The difference in Brier score between the baseline (random
effects only) and socio-ecological model per district.

Figure S4.13. Comparative effect of the inclusion of vaccination data at

different lags on the predictive accuracy of the temporal model of JE
incidence in endemic districts of Assam.
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Text S4.1: Mapping the spatial distribution of Ardeid bird reservoir host

occurrence

Methods

To estimate the geographical distribution of sylvatic JE reservoir host species
(van den Hurk, Ritchie and Mackenzie, 2009; Pearce et al., 2018b), | fitted
species distribution models (SDMs) with Bayesian additive regression trees
(BART) (Carlson, 2020) to Intermediate egret (Ardea intermedia), Little egret
(Egretta garzetta), Cattle egret (Bubulcus ibis), Indian pond heron (Ardeola
grayii), and Black-crowned night heron (Nycticorax nycticorax) occurrence
data, using the embarcadero package in R (Carlson, 2021). The BART
approach was chosen since it adds a Bayesian component to classification
tree methods that handles model uncertainty (i.e., builds a posterior
distribution) and is comparable to the Bayesian approach | have taken in this

Chapter.

To account for uneven sampling effort across the geographical range, |
generated the same number of random background (pseudo-absence) points

as presence points for each host species (Phillips et al., 2009).

Data

Occurrence data for the five species recorded from January 2009 to
December 2019 was obtained from ebird (eBird, 2021) and Global
Biodiversity Information Facility (GBIF) (GBIF, 2021f, 2021d, 2021b, 2021i,
2021e, 20219, 2021h, 2021a, 2021c). | retrieved data on the presence and
absence of the reservoir hosts for the Indian states in the northeast region,
Bangladesh and Bhutan to achieve a more accurate projection of potential
species distributions that are unlikely to reflect country borders.

| obtained yearly precipitation, and minimum and maximum temperature from
the Terraclimate dataset (Abatzoglou et al., 2018) and averaged over 2009-

2019. | extracted percentage land cover data from the ESA Climate Change
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Initiative Land Cover dataset for the year 2014 (i.e., the middle of the study
period). | extracted data for land cover classes that are reported to be
preferrable host habitat (i.e., irrigated cropland, rainfed cropland, flood
vegetation water bodies and grassland cover) as predictors in the models
(see Appendix 3 Table S4.2 for details of the data used in the SDMs).

Results

The SDMs performed well with high area under the ROC curve (AUC) values
for each of the species (i.e., B. ibis AUC = 0.83, A. intermedia AUC =0.79, E.
garzetta AUC = 0.81, N. nycticorax AUC = 0.76, A. grayii AUC = 0.81). The

models reported low uncertainty (i.e., posterior width) in general with highest

uncertainty reported in central regions of the study area.

All JE hosts had similar distributions and response curves to covariates.
Overall, the probability of occurrence for each species; increases with
increasing minimum temperature until peak at 22°C, increases at lower
rainfall values, and decreases with cropland land cover. Only the
intermediate and little egret are strongly influenced by water bodies (positive
effect). Despite irrigated cropland being described as an important habitat for
these hosts (Czech and Parsons, 2002; Elphick et al., 2010), all SDMs apart
from for B.ibis did not reflect this. However, this may be an artefactual
problem due to less observations by ebird reporters in anthropogenic-

dominated habitats such as agricultural cropland.

Partial dependence plots showing the marginal response of each JE host to
all covariates and the corresponding predicted distribution of each JE host in

northeast India is shown in Appendix 3 Figure S4.X.
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Table S4.1. Japanese surveillance data collected for northeast India from
2009-2019 (115 districts).

The table includes the source from which the data were extracted, and information
of the spatial and temporal scales of the data, and the total number of data points for
each source (suspected, confirmed positive and confirmed negative cases).

Source

Indian
government’s
Integrated
Disease
Surveillance
Programme
(IDSP)

Indian
government’s
Health
Management
Information
System (HMIS)

National Centre
for Disease
Control’s
(NCDC) Media
scanning and
verification
system

ProMed

Published
literature

Published
literature

Published
literature

Published
literature

Published
literature

N
138

255

99

122

24

24
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Years

2009—-
19

2017-
18

2016-
19

2010-
19

2016—
17

2015-
16

2009-
10

2011-
12

2011-
12

Months |States Districts
1-10 7 48

1-12 7 35

5-7 5 12

5-9 5 39

1-12 1 9

1-12 1 2

1-12 1 1

1-12 1 18

8-10 1 6
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Reference

(Government of India,
2021b)

(Government of India,
2021a)

(Sharma et al., 2012)

(International Society
for Infectious Diseases,
2021)

(Singh et al., 2019)
(Baruah et al., 2018)
(Borah et al., 2013)
(Bandyopadhyay et al.,

2013)
(Sarkar et al., 2013)



Table S4.2. Data sources for all covariates included in analyses.

The table includes the sources and rationale (hypothesis) for inclusion of covariates in spatial and temporal models of Japanese encephalitis

risk incidence across northeast India. Modelling is described in full in Methods.

Covariate

District ID

Mean, min and
max air
temperature

Mean
precipitation

Dataset

India census
2011.

TerraClimate

TerraClimate

Description

640 districts that

were present in
2011.

High-spatial
resolution data
WorldClim is
combined with
coarser spatial
resolution, but
time-varying
data from CRU
Ts4.0 and
JRAS5.
High-spatial
resolution data
WorldClim is
combined with
coarser spatial
resolution, but
time-varying
data from CRU
Ts4.0 and
JRASG5.,

Spatial
resolution

District

1/24°,
~4 km;
Global.

1/24°,
~4 km;
Global.

Temporal Units
resolution

2011 N/A
Monthly: degrees C
1958-2019.

Monthly: mm
1958-2019.
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Source
(Government of

India, 2011)

(Abatzoglou et al.,
2018)

(Abatzoglou et al.,
2018)

Rationale

Proxy for public access
with links to state-level
surveillance
infrastructure.

Temperature affects
important vector life
history traits such as
development rate and
survival (Mordecai et al.,
2019) and the
environmental niche of
avian species (Hafner,
1997; Barnagaud et al.,
2012).

Rainfall has been shown
to influence vector
populations due to the
creation of standing water
for vector breeding
(Reisen, Aslamkhan and
Basia, 1976; Vythilingam
et al., 1997; Murty, Rao
and Arunachalam, 2010)
and suitable ardeid bird



Mean Palmer
Drought Index
(PDSI)

Rainfed
agricultural land
cover

TerraClimate

European
Space
Agency
Climate
Change
Initiative
(CCl) Land
Cover,
(version
3.14).

High-spatial
resolution data
WorldClim is
combined with
coarser spatial
resolution, but
time-varying
data from CRU
Ts4.0 and
JRASG5.

Land cover time
series produced
with the
reprocessing
and the
interpretation of
five different
satellite
missions
providing daily
observation of
the Earth.

1/24°,
~4 km;
Global.

300m,
Global.

Monthly:
1958-20109.

Annual:
1992 -
2020.
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Palmer
Drought
Index

Proportion
district area

(Abatzoglou et al.,

2018)

https://www.esa-

landcover-cci.org/

feeding habitat (Hafner,
1997).

Extremely wet conditions
can provide increased
vector breeding (Ramesh
et al., 2015) and host
feeding habitats (Urfi,
2011), but can also
destroy vector habiatats
(Chen et al., 2012).
Droughts can reduce
aquatic habitat of some
mosquito species
(Chareonviriyaphap et al.,
2003).

Agricultural land provides
suitable habitat for vector
development (Keiser et
al., 2005; Sabesan, Raju
Konuganti and Perumal,
2008a) and reservoir host
feeding (Richardson,
Taylor and Growns,
2001).


https://www.esa-landcover-cci.org/
https://www.esa-landcover-cci.org/

Irrigated
agricultural land
cover

Water bodies land

cover

Mosaic vegetation

land cover

European
Space
Agency
Climate
Change
Initiative
(CCl) Land
Cover,
(version
3.14).

European
Space
Agency
Climate
Change
Initiative
(CCl) Land
Cover;
(version
3.14).

European
Space
Agency
Climate
Change
Initiative
(CCl) Land
Cover;
(version
3.14).

Land cover time
series produced
with the
reprocessing
and the
interpretation of
five different
satellite
missions
providing daily
observation of
the Earth.

Land cover time
series produced
with the
reprocessing
and the
interpretation of
five different
satellite
missions
providing daily
observation of
the Earth.

Land cover time
series produced
with the
reprocessing
and the
interpretation of
five different
satellite
missions
providing daily

300m,

Global.

300m,

Global.

300m,

Global.

Annual:
1992 -
2020.

Annual:
1992 -
2020.

Annual:
1992 -
2020.
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Proportion
district area

Proportion
district area

Proportion
district area

https://www.esa-

landcover-cci.org/

https://www.esa-

landcover-cci.org/

https://www.esa-

landcover-cci.org/

Agricultural land provides
suitable habitat for vector
development (Keiser et
al., 2005b; Sabesan, Raju
Konuganti and Perumal,
2008) and reservoir host
feeding (Richardson,
Taylor and Growns,
2001).

River and freshwater
marshlands are
associtaed with JEV
wildlife host presence
(Walsh et al., 2021).

Agricultural land provides
suitable habitat for vector
development (Keiser et
al., 2005b; Sabesan, Raju
Konuganti and Perumal,
2008) and reservoir host
feeding (Richardson,
Taylor and Growns,
2001). Fragmented
agriculural land is
associtaed with JEV


https://www.esa-landcover-cci.org/
https://www.esa-landcover-cci.org/
https://www.esa-landcover-cci.org/
https://www.esa-landcover-cci.org/
https://www.esa-landcover-cci.org/
https://www.esa-landcover-cci.org/

Mean Normalized

Difference
Vegetation Index
(NDVI)

Mean probability
of presence for
sylvatic reservoir
hosts

(individual
species and
combined)

MOD13C2
MODIS/Terra
Vegetation
Indices
(version

006).

Species
distribution
models (see
Appendix 3
Text S4.1).

observation of
the Earth.

This product is
generated from
the
MODIS/006/MO
DO9GA surface
reflectance
composites.

Intermediate
egret (Ardea
intermedia),
Little egret
(Egretta
garzetta), Cattle
egret (Bubulcus
ibis), Indian
pond heron
(Ardeola grayii) ,
and Black-
crowned night
heron
(Nycticorax
nycticorax)
occurrence
probability.

0.05°,
~5.6km;
Global.

1/24°,

~4 km;
Northeast
India.

Monthly: NDVI
2000-

Present.

Static Logistic
(study probability
period per district
2009-2019)
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(Didan, 2015)

(see Appendix 3
Text S4.1)

wildlife host presence
(Walsh et al., 2021).

A positive relationship
has been reported
between NDVI and JE
vector population density
in India (Raju et al.,
2018).

Japanese encephalitis
virus is maintained in an
enzootic transmission
cycle with vertebrate
reservoir hosts including
ardeid wading birds
(Buescher et al., 1959;
van den Hurk, Ritchie and
Mackenzie, 2009; Le
Flohic et al., 2013).



Mean pig
population density

Proportion of the
population living
in rural areas

Proportion of
population
working in
agriculture,

Proportion of the
population under
6 years old

Gridded
Livestock of
the World
(version 3).

India census
2011.

India census
2011

India census
2011

Global
population
densities of pigs
retrieved from
census data.

The most
current Indian
Census of the
population
provides
population
enumeration
data.

The most
current Indian
Census of the
population
provides
population
enumeration
data.

The most
current Indian
Census of the
population
provides
population
enumeration
data.

0.083333 °,
~10 km;
Global.

District

District

District

2010

2011

2011

2011

Density per
district area

Proportion
district area

Proportion
district area

Proportion
district area
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(Gilbert et al.,
2018)

(Government of
India, 2011)

(Government of
India, 2011)

(Government of
India, 2011)

Japanese encephalitis
virus is maintained in an
enzootic transmission
cycle with vertebrate
reservoir hosts including
domestic pigs (van den
Hurk, Ritchie and
Mackenzie, 2009; Le
Flohic et al., 2013).

Rural populations have
potentially higher
exposure to JE due to the
presenece of vectors in
ahgricultiral land (Keiser
et al., 2005; Sabesan,
Raju Konuganti and
Perumal, 2008a).
Agricultural workers have
potentially higher
exposure to JE due to the
presenece of vectors in
ahgricultiral land (Keiser
et al., 2005; Sabesan,
Raju Konuganti and
Perumal, 2008a).

Most JE cases occur in
children (Pearce et al.,
2018b).



Proportion of
population
practicing major
religions (i.e.,
Hindus, Muslims,
Sikh, Buddhists,
Jain, Christians)

Healthcare
access

Proportion of the
population living
in poverty

Proportion of the
population
vaccinated

India census
2011

India Health

Management

Information
System
(HMIS) data

Multidimensi
onal Poverty
Index (MPI)

India HMIS
data

The most
current Indian
Census of the
population
provides
population
enumeration
data.

Indian
government
portal to monitor
the National
Health Mission
and other Health
programmes.
The index tracks
poverty across
several
indicators of
health,
education and
living standards.
Indian
government
portal to monitor
the National
Health Mission
and other Health
programmes.

District

District

District

District

2011

2010-2018

2016

2010-2018
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Proportion
district area

Per capita
value for
the district

Proportion
district area

Proportion
district area

(Government of
India, 2011)

(Government of
India, 2021a)

(Alkire, Oldiges
and
Kanagaratnam,
2018)

(Government of
India, 2021a)

Pig farming is associated
with religion (Lord, Gurley
and Pulliam, 2015).

Limited healthcare access
results in underreporting
of cases (WHO, 2020b).

JE risk in increase in
poverty settings (Badari,
1985; Luo et al., 1995;
Sarkar et al., 2012).

Vaccination reduces JE
cases (Quan et al., 2020).



Table S4.3. Results of univariate analysis for evaluative spatial model covariates.

The change in widely-applicable information criterion (WAIC) and the cross-validated (CV)
mean logarithmic score from the baseline model (grey cells) when each covariate is fitted in
turn. Lower scores indicate a better fitting model when compared to the baseline.

Model A WAIC A CV mean
log score
Baseline 0 0

Baseline + proportion of rainfed and irrigated cropland

-4.022 -0.022
Baseline + mean annual Tmax nonlinear effect

-3.392 -0.019
Baseline + healthcare access per capita

-2.459 -0.014
Baseline + mean annual Tmin

-2.446 -0.013
Baseline + mean annual Tmax

-2.406 -0.013
Baseline + mean annual precipitation

-2.170 -0.012
Baseline + proportion of rainfed cropland

-2.002 -0.011
Baseline + mean annual precipitation nonlinear effect

-1.137 -0.006
Baseline + mean annual Tmin nonlinear effect

-0.918 -0.005
Baseline + pig population density GLW (Gridded Livestock of the
World)

-0.830 -0.004
Baseline + proportion of mosaic cropland

-0.696 -0.004
Baseline + proportion of population working in agriculture

-0.590 -0.003
Baseline + proportion of population in poverty

-0.329 -0.002
Baseline + proportion of population under 6

-0.137 -0.001
Baseline + total pigs from Indian census

0.209 0.001
Baseline + presence bird hosts

0.293 0.002
Baseline + healthcare access per rural population

0.512 0.003
Baseline + mean annual PDSI nonlinear effect

0.969 0.006
Baseline + proportion of irrigated cropland

1.061 0.006
Baseline + proportion total population that are children in rural areas

1.322 0.007
Baseline + proportion of population in rural areas

1.664 0.009
Baseline + mean annual PDSI

1.839 0.010
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Table S4.4. Results of multivariate analysis for evaluative spatial model covariates.

The widely-applicable information criterion (WAIC) score when each covariate is excluded in
turn from the full model (grey cells). If the exclusion of a covariates elevated the WAIC by a
threshold of at least five units, they were included in the final model since their addition in the
model improved WAIC scores.

Covariate excluded from model WAIC

Full model 201.689

(Baseline model + Mean annual Tmax nonlinear effect + Mean
annual precipitation + Proportion of rainfed and irrigated cropland +
Pig population density GLW + Healthcare access per capita +
Proportion of population working in agriculture + Proportion of
population in poverty)

Mean annual Tmax nonlinear effect 218.469
Mean annual precipitation 207.626
Proportion of rainfed and irrigated cropland 210.906
Pig population density GLW (Gridded Livestock of the World) 206.763
Healthcare access per capita 212.061
Proportion of population working in agriculture 185.623
Proportion of population in poverty 208.748
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Table S4.5. Model adequacy results for predictive spatial models of increasing
complexity.

The out-of-sample predictive ability for a subset of predictive spatial models of increasing
complexity determined by the Brier score. Lower scores indicate a model with better
predictive ability.

Model JE outbreak occurrence estimate Brier score
Random effect of year and district-level spatial random 0.0653

Baseline effects

Tmax 0.0641
Base model + mean annual Tmax nonlinear effect

Precipitation 0.0651
Base model + mean annual precipitation

Cropland Base model + proportion of rainfed and irrigated 0.0643
cropland

Pig population Base model + pig population density GLW (Gridded 0.0671
Livestock of the World)

Healthcare 0.0668
Base model + healthcare access per capita

Poverty 0.0652
Base model + proportion of population living in poverty

Tmax + precipitation Base model + mean annual Tmax nonlinear effect + 0.0644
mean annual precipitation

Tmax + precipitation + 0.0640

cropland Base model + mean annual Tmax nonlinear effect +
mean annual precipitation + agricultural cropland

Tmax + precipitation + Base model + mean annual Tmax nonlinear effect + 0.0637

cropland + healthcare mean annual precipitation + agricultural cropland +
healthcare access per capita

Tmax + precipitation + Base model + mean annual Tmax nonlinear effect + 0.0634

cropland + healthcare + mean annual precipitation + agricultural cropland +

poverty healthcare access per capita + proportion of population
living in poverty
Base model + mean annual Tmax nonlinear effect + 0.0637

Tmax + precipitation +
cropland + healthcare +
poverty + pig population

mean annual precipitation + agricultural cropland +
healthcare access per capita + proportion of population
living in poverty + pig population density GLW
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Table S4.6. Model predictive accuracy results for temporal models of increasing
complexity.

The out-of-sample predictive ability for a subset of predictive temporal models of increasing
complexity (with regards to input covariates and probability distributions) determined by the
root mean square error (RMSE). Lower scores indicate a model with better predictive ability.

Model JE outbreak incidence estimate RMSE

Baseline Random effect of data source, year, and month = 53.369

Precipitation Nonlinear precipitation function 102.13
Nonlinear precipitation 1-month lag function 102.13
Nonlinear precipitation 2-month lag function 59.97
Nonlinear precipitation 3-month lag function 101.90

PDSI Nonlinear PDSI function 50.63
Nonlinear PDSI 1-month lag function 38.53
Nonlinear PDSI 2-month lag function 41.94
Nonlinear PDSI 3-month lag function 101.61

Tmean Nonlinear Tmean function 56.64
Nonlinear Tmean 1-month lag function 37.92
Nonlinear Tmean 2-month lag function 103.16
Nonlinear Tmean 3-month lag function 58.02

NDVI Nonlinear NDVI function 61.22
Nonlinear NDVI 1-month lag function 55.33
Nonlinear NDVI 2-month lag function 38.86
Nonlinear NDVI 3-month lag function 103.41

PDSI + Tmean Nonlinear PDSI 1-month lag function + 39.82

+ NDVI Nonlinear Tmean 1-month lag function +
Nonlinear NDVI 2-month lag function

PDSI + Nonlinear PDSI 1-month lag function + 33.83

Tmean + Nonlinear Tmean 1-month lag function +

Precipitation + Nonlinear precipitation 1-month lag function +

Rice area Rice area under cultivation

PDSI + (Nonlinear PDSI 1-month lag function +

Tmean + Nonlinear Tmean 1-month lag function +

Precipitation + Nonlinear precipitation 1-month lag function +

Rice area + Rice area under cultivation )

Vaccination + Vaccination 32.98
+ Vaccination 1-month lag 36.55
+ Vaccination 2-month lag 28.80
+ Vaccination 3-month lag 33.85
+ Vaccination 4-month lag 52.81
+ Vaccination 5-month lag 44.63
+ Vaccination 6-month lag 100.74
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Table S4.7. Parameter values from the evaluative spatial model of JE outbreak
occurrence.

Posterior means and 95% credible intervals (Cl, obtained from the 2.5% and 97.5% quantiles
of the marginal posterior distribution) for the model intercept and fixed-effect parameters
associated with the explanatory variables.

Parameter Posterior mean (95% CI)
Intercept -3.249 (—-3.943, -2.645)
Mean annual precipitation -0.314 (-0.690, 0.024)

Proportion of the population living in poverty | 0.344 (0.057, 0.639)

Mean pig population density 0.159 (-0.068, 0.363)
Healthcare access per capita -0.106 (-0.486, 0.228)
Agricultural land proportion 0.336 (0.152, 0.527)

Table S4.8. Model selection results for models predicting spatial JE outbreak
occurrence in northeast India for outbreak threshold of 3 confirmed cases.

The table shows the differences in structure and out-of-sample model fit (Brier score) for the
baseline (random effects only) and best-fitting socio-ecological model.

Outbreak Model Random effects | Socio-ecological Brier score
threshold effects

3 confirmed Baseline Year, district- - 0.052
cases level spatial

random effects

Socio- Year, district- Precipitation 0.050
ecological level spatial Poverty
random effects Healthcare access

Agricultural land prop.
Nonlinear Tmax function
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Climate zone

Biome

Deserts & Xeric Shrublands

Flooded Grasslands & Savannas

Mangroves

Montane Grasslands & Shrublands

Temp. Broadleaf & Mixed Forests

Temp. Conifer Forests

Trop. & Subtrop. Coniferous Forests

Trop. & Subtrop. Grasslands, Savannas & Shrublands
Trop. & Subtrop. Moist Broadleaf Forests

Tundra

Figure S4.1. Indian climatic regions and biomes.

Location of (A) 12 Koppen climate classification groups (AM: tropical monsoon, AW: tropical
savanna, BWH: hot arid, BSH: hot semi-arid, CSA: temperate dry and hot summer, CWA:
temperate dry winter and hot summer, CWB: temperate dry winter and warm summer, CFA:
temperate no dry season and hot summer, DSB: cold with dry and warm summer, DWB: cold
with dry winter and warm summer, DFB: cold with no dry season and warm summer, ET:
polar tundra) and (B) ten biomes (desert, savanna, mangrove, montane, temperate broadleaf
and conifer forests, tropical broadleaf and coniferous forest, tropical grassland/ savanna and

tundra).
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Figure S4.2. The spatiotemporal pattern in Japanese encephalitis cases across India,
2009 - 2019.

Maps show the total reported suspected and confirmed Japanese encephalitis cases in each
state and union territory during the specified years.
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Figure S4.3. A map of cattle egret (B. ibis) occurrence in northeast India.

The map is constructed using species distribution modelling with BART (see Appendix 3 Text
S4.1), including (A) partial dependence plots, (B) the posterior mean and (C) the posterior
width (95% credible interval).
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Figure S4.4. A map of intermediate egret (A. intermedia) occurrence in northeast India.

The map is constructed using species distribution modelling with BART (see Appendix 3 Text
S4.1), including (A) partial dependence plots, (B) the posterior mean and (C) the posterior
width (95% credible interval).
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Figure S4.5. A map of little egret (E. garzetta) occurrence in northeast India.

The map is constructed using species distribution modelling with BART (see Appendix 3 Text
S4.1), including (A) partial dependence plots, (B) the posterior mean and (C) the posterior
width (95% credible interval).
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Figure S4.6. A map of Indian pond heron (A. grayii) occurrence in northeast India.

The map is constructed using species distribution modelling with BART (see Appendix 3 Text
S4.1), including (A) partial dependence plots, (B) the posterior mean and (C) the posterior
width (95% credible interval).
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Figure S4.7. A map of black-crowned night heron (N. nycticorax) occurrence in
northeast India.

The map is constructed using species distribution modelling with BART (see Appendix 3 Text
S4.1), including (A) partial dependence plots, (B) the posterior mean and (C) the posterior
width (95% credible interval).
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Figure S4.8. The spatial pattern of JE outbreaks between 2009 and 2019 in northeast
India.

The presence and absence of JE outbreak occurrence per district per year at a threshold of
(A) one confirmed case and (B) three confirmed cases per district, with black donating a
confirmed case presence, pale pink denoting absence of reported cases.
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Figure S4.9. Time series of monthly confirmed JE cases per district in the state of
Assam?*, 2009-2019.

(A) The location of districts in Assam and (B) reported confirmed JE cases per district from
2009-2019. *Abbreviations for Assam districts provided for the time series data (B).
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Figure S4.10. Correlates of annual JE occurrence in northeast India 2009-2019 for
different JE outbreak occurrence thresholds.

(A) The mean and 95% credible interval of the posterior distribution for each model covariate
for the best fitting model with a threshold of one confirmed case and three confirmed cases
for comparison. The linear fixed effects are displayed on the standardised z-score scale so
parameters measure the effect of 1 scaled unit change in the covariate (1 standard deviation)
on the log odds of occurrence. Curves show nonlinear effects of mean annual Tmax on JE
outbreak probability for (B) threshold 1 and (C) threshold 3 models.
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Figure S4.11. Random 5-fold cross-validation for the spatial model of JE occurrence.

The direction and magnitude of linear fixed effects and nonlinear climate effects in the model
were robust to 5-fold cross validation. This involved in turn excluding all districts from each of
5 folds, with point or line colour denoting the fold that was excluded in each model iteration.
(A) Points and error bars show linear fixed effects (mean and 95% credible interval), (B) lines
show fitted nonlinear effects of mean annual Tmax on the probability of JE outbreak
occurrence.
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Figure S4.12. The difference in Brier score between the baseline (random effects only)
and socio-ecological model per district.

A negative (blue) value indicates that the socio-ecological model performs better on OOS
predictive ability for the district when compared to the baseline model, a positive (red) value
indicate that the socio-ecological model performs worse than the baseline and, a zero value
(white) indicates equivalent performance between models.
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Figure S4.13. Comparative effect of the inclusion of vaccination data at different lags
on the predictive accuracy of the temporal model of JE incidence in endemic districts
of Assam.

Points show the predictive performance of the environment and vaccine-driven JE incidence
model when vaccination data at different lags (months) are included in the model (posterior
mean and 95% credible interval). | measured predictive performance as out-of-sample root
mean square error (RMSE), calculated for four neighbouring districts in Assam (i.e.,
Dibrugarh, Jorhat, Sivasagar and Tinsukia) across the entire study period (2009-2019). The
model that included vaccination data at a 2-month lag improved out-of-sample RMSE for all
districts when compared to the environment-driven model (RMSE value represented by
dashed line) and other vaccination lags.
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Appendix 4: Supplementary figures and data for Chapter 5

This appendix provides supplementary figures, tables and information on data
sources for the analyses conducted in Chapter 5, ‘Predicting Japanese encephalitis
risk under different scenarios of global change’. The items contained in this appendix
are:

Table S5.1. Total human population (in thousands) in per state in northeast India in
2011 (Government of India, 2011) and under different SSP scenarios for 2030, 2050
and 2070 (Jones and O’Neill, 2016).

Table S5.2. Model selection results for models predicting spatial JE outbreak
occurrence in northeast India.

Table S5.3. Changing population at risk of JE in northeast India under different SSP-
RCP scenarios.

Figure S5.1. Map of India indicating states and union territories.
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Table S5.1. Total human population (in thousands) per state in northeast India in 2011 (Government of India, 2011) and under different

SSP scenarios for 2030, 2050 and 2070 (Jones and O’Neill, 2016).

Total population (in thousands)

State 2011 2030 2050 2070
SSP1 | SSP2 | SSP3 | SSP5 | SSP1 | SSP2 | SSP3 | SSP5 | SSP1 | SSP2 | SSP3 | SSP5

Arunachal 85 92 101 107 93 88 108 127 88 76 105 143 76
Pradesh*
Assam 1126 1330 | 1408 | 1491 | 1329 | 1392 | 1590 | 1844 | 1389 | 1307 1619 2128 1303
Manipur 314 366 384 399 366 382 429 479 382 362 437 543 361
Meghalaya 332 390 415 441 390 404 466 544 403 375 470 625 373
Mizoram 134 148 160 169 149 145 174 202 145 128 170 228 128
Nagaland 205 227 245 259 227 221 266 308 221 196 260 348 196
Sikkim 128 121 136 140 121 97 133 149 97 71 117 156 71
Tripura 464 549 580 613 547 574 653 755 571 539 663 867 536
West Bengal 4476 5399 | 5575 | 5775 | 5388 | 5861 | 6360 | 7030 | 5838 |5726 6608 8054 5696
Total 1175 1403 | 1462 | 1525 | 1400 | 1499 | 1658 | 1861 | 1494 | 1443 1708 2134 1436

* A part of Arunachal Pradesh is claimed by both India and China
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Table S5.2. Model selection results for models predicting spatial JE outbreak
occurrence in northeast India.

The table shows the differences in structure and out-of-sample model fit (Brier score) for the
baseline (random effects only) and best-fitting environmental model of JE outbreak
occurrence.

Outbreak Model Random effects @ Environmental effects | Brier score

threshold

1 confirmed Baseline District-level - 0.064

case spatial random
effects

Environmental District-level Precipitation 0.061

spatial random Rice cropland proportion
effects Poverty prevalence

Nonlinear Tmax function
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Table S5.3. Changing population at risk of JE in northeast India under different SSP-

RCP scenarios.

Change in absolute human population at risk in northeast India when compared to present-
day, broken down by epoch (2030, 2050, 2070) and SSP-RCP scenarios.

Epoch SSP-RCP Change in population at risk from
present-day

2030 SSP1-RCP2.6 -9556 (-12475, -6637)
SSP2-RCP4.5 -2484 (-4074, -894)
SSP3-RCP6.0 2487 (132, 4843)
SSP5-RCP8.5 -9442 (-10527, -8357)

2050 SSP1-RCP2.6 -9734 (-13168, -6300)
SSP2-RCP4.5 4559 (3118, 5999)
SSP3-RCP6.0 25552 (20460, 30644)
SSP5-RCP8.5 -13624 (-12476, -14773)

2070 SSP1-RCP2.6 -22338 (-25227, -19450)
SSP2-RCP4.5 3574 (-906, 8054)
SSP3-RCP6.0 45739 (38028, 53449)
SSP5-RCP8.5 -24844 (-25652, -24035)
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Figure S5.1. Map of India indicating states and union territories*.
The northeast region described in this study (nine states) is highlight in brown.

*Abbreviations for Indian states and union territories: AP - Andhra Pradesh, AR - Arunachal
Pradesh, AS - Assam, BR - Bihar, CH — Chandigarh, CT- Chhattisgarh, DD - Daman and
Diu, DL - Delhi, DN - Dadra and Nagar Haveli, GA — Goa, GJ — Gujarat, HP - Himachal
Pradesh, HR - Haryana, JH - Jharkhand, JK - Jammu and Kashmir, KA - Karnataka, KL —
Kerala, MH - Maharashtra, ML - Meghalaya, MN - Manipur, MP - Madhya Pradesh, MZ -
Mizoram, NL - Nagaland, OR - Odisha, PJ - Punjab, PY - Puducherry, RJ - Rajasthan, SK -
Sikkim, TL — Telangana, TN — Tamil Nadu, TR - Tripura, UP - Uttar Pradesh, UT -
Uttarakhand, WB — West Bengal.
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Appendix 5: Typeset publication based on thesis work

Typeset publications based on and informed by thesis work.
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