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Abstract

Human African Trypanosomiasis, also known as sleeping sickness, is a neglected

tropical disease (NTD), a group of the most common conditions which affect the

poorest 500 million people living in sub-Saharan Africa. The disease is vector-

borne, parasitic, and transmitted through the bite of the tsetse fly. The rhodesian

form of the disease is prevalent in both human and animal hosts, and, in its ani-

mal form, is a causal factor in Animal African Trypanosomiasis (AAT), or nagana.

Characterised as an epidemiological enigma due to its ability to self-sustain at low

background levels between periodic epidemics, the disease is hard to control due to

under-reporting, invasive and often ineffective diagnosis techniques, and out-dated

treatments. With a focus on preventative measures to mitigate the disease, this

research presents a novel, detailed agent-based modelling (ABM) approach to aid

understanding of rHAT transmission at a fine resolution in a 75 km case study of

Eastern Province, Zambia. Within the research, ABM and A* pathfinding tech-

niques were combined to allow the generation of human movement routes between

homes and vital resources in a rural setting, given commonly available geospatial

datasets on population distribution, land cover and landscape resources. A multi-

host ABM was created using these paths, census and activity data for human, cattle,

and other domestic animal inhabitants, and a detailed tsetse fly model component.

Finally, seasonal fluctuations were incorporated into the model, before subjecting

the system to a realistic perturbation in the form of population growth - a factor
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which could be key in the future transmission landscape of the region as the pattern

of host-vector contact varies.

The research has shown that, for this case study, statistically significant walk

times to resources can be simulated along paths generated largely from remotely

sensed information, when compared to real world data. Through the identification

of possible spatial, demographic and behavioural characteristics which may have

differing implications for rHAT risk in the region, the ABM produced output that

could not be produced readily through compartmentalised approaches. The model

output identified that immigrant tribes and school-age children were the most at-

risk groups for acquiring the disease, while also highlighting spatial heterogeneity in

the transmission of the disease, and areas of high connectivity between vector and

host. Realistic population growth of both human and domestic animals resulted in

a dramatic change in the pattern of infections, with adult females and short, high

frequency resource trips creating the most vulnerability.

Ultimately, ABMs provide an alternative way of thinking about NTDs, providing

an attractive solution to the investigation of local-scale questions. The ABM can

be used as a tool for scenario testing at an appropriate spatial scale to allow the

design of logistically feasible mitigation strategies suggested by model output. This

is of particular importance where resources are limited and management strategies

are often pushed to the local scale.
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Chapter 1

Introduction

1.1 Overview

The research presented in this thesis aims to identify a new approach to investigate

rhodesian Human African Trypanosomiasis (rHAT or sleeping sickness) in a small

case study in Eastern Province, Zambia, using modelling techniques which have

the potential to help develop the scientific understanding of disease transmission,

but also aid policy making at the local scale. The thesis is divided into seven

main chapters. Chapter one provides the background to the research, including

information about the disease, its distribution, the study area, data collection, and

modelling techniques, before identifying specific research questions and objectives.

Chapters 2 to 5 present the main analyses and novel contributions to the field of

rHAT research, in the form of two published journal articles and two manuscripts

for submission. Finally, the merits, limitations, and significance of this work within

the field of study are discussed, while outlining potential future study (chapter 6),

before conclusions are drawn (chapter 7).
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1.1.1 General Project Aim

The research aims to produce a modelling framework which can be used to simulate

fine scale transmission zones for rHAT sleeping sickness in the Luangwa Valley,

Zambia. To produce a plausible model at this scale, the role of human movements

and activity in influencing disease transmission rates will be a focus. The product

of the resultant simulations may be useful in identifying methods to mitigate the

disease at a local level, particularly through the use of scenario testing.

1.2 Human African Trypanosomiasis (HAT)

Human African Trypanosomiasis, also known as sleeping sickness, is classified by

the Wold Health Organisation as one of 20 neglected tropical diseases worldwide

(NTD) (World Health Organization, 2017b), a group of the most common conditions

which affect the poorest 500 million people living in sub-Saharan Africa (Hotez

and Kamath, 2009). HAT is caused by two sub-species of the protozoan parasite

Trypanosoma brucei s.l.: T. b. rhodesiense, in eastern and southern Africa and T.

b. gambiense in West Africa (Welburn et al., 2001a). The parasite is transmitted

cyclically by tsetse flies (genus: Glossina), in which it undergoes a complex life-

cycle (Welburn and Maudlin, 1999). T. b. rhodesiense HAT (rHAT) is a zoonoses,

affecting a wide range of wildlife (Anderson et al., 2011; Auty et al., 2012a) and

domestic animals, particularly cattle (Welburn et al., 2001b), presenting in humans

as an acute disease (Fèvre et al., 2001). When present in animal reservoirs, usually

in combination with several other trypanosomes which affect the health of livestock,

the disease is referred to as African animal trypanosomiasis (AAT), considered to be

an important factor in restricting economic development in Africa (Fèvre et al., 2008;

Maudlin, 2006). While both forms of the disease will be discussed in this chapter,

largely for comparison purposes, this research is focused on rHAT transmission.

2



The transmission of sleeping sickness forms part of a complex system, and to

construct a plausible, detailed model for the disease, information concerning the

parasite, the vector, and the transmission process needs to be collated and reviewed.

The following sections describe these elements, including the parasite, the vector,

and the disease transmission cycle.

1.2.1 The Parasite Trypanosoma brucei

Trypaonosoma brucei is an extracellular, eukaryotic hemoflagellate parasite (Ber-

riman et al., 2005) (Figure 1.1). The two sub-species T.b. gambiense and T.b.

rhodesiense are morphologically indistinguishable, while a third subspecies, T. b.

brucei, does not infect humans under normal conditions (Turner et al., 2004; DPDx,

2012). One key characteristic of the parasite is the ability to evade the host’s im-

mune response by altering the antigenic character of its glycoprotein surface coat

(Vickerman, 1978).

Figure 1.1: Trypanosoma brucei with red blood cells (Shadan, 2009).

As the development of the parasite is intrinsically linked with the transmission

process, with the pathogen undergoing complex cycles of differentiation and mul-
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tiplication within the tsetse fly vector (Gibson and Bailey, 2003), the development

process is discussed together with transmission later in the chapter.

1.2.2 The Vector Glossina spp.

1.2.2.1 Tsetse Characteristics

The species of the genus Glossina are dark brown, black, or yellowish-brown flies.

The abdomen of the G. morsitans group is of a paler colour, and marked with

sharply denned dark brown bands which are largely concealed at rest beneath the

wings (Austen and Hegh, 1922) (Figure 1.2). They are found almost exclusively

in sub-Saharan Africa, and out of the 29-31 recognised sub-species, only six are

considered to be sleeping sickness vectors (World Health Organization, 2017c).

Figure 1.2: The Glossina morsitans tsetse fly, considered the primary vector for T.

b. rhodesiense in a savannah habitat. After: Attardo (2012).

Tsetse flies have a size ranging from 8 to 17 mm, and are distinguishable from

regular house flies due to the way their wings overlap over their abdomen when

resting (World Health Organization, 2017c). Although the blood meal size for each

tsetse is affected by several factors, including age, ambient temperature, food source

and mating status, adult insects will often consume meals that are twice their unfed
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body weight (Lehane, 2005). In addtion, the blood-sucking habits of the tetse fly

are common in both sexes, which is unusual as most phlebotomic Diptera exhibit

blood-sucking in the female alone, while the males are harmless (Austen and Hegh,

1922). In the wild, tsetse populations are thought to be made up of approximately

two-thirds females, and one-third males (Leak, 1998).

The apparent spatial divide between instances of the disease mentioned previ-

ously is not by chance. While both parasitic sub-species have the tsetse fly as a

vector, each form is predominantly carried by different species of tsetse fly, which

occupy different habitats resulting in the observed spatial distribution. T. b. gam-

biense is primarily associated with tsetse fly species which live in forested river and

shore areas, such as the Glossina fuscipes fuscipes species (Barrett et al., 2003),

while T. b. rhodesiense is predominantly carried by species of tsetse fly which live

primarily in savannah habitats, such as Glossina morsitans. Figures 1.3 and 1.4

show predictions of habitat suitability for these two species, highlighting the spatial

divide between T. b. gambiense vectors to the west, and T. b. rhodesiense vectors

to the south and east.
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This map shows the predicted areas of suitability for tsetse flies. 
It was produced for FAO - Animal Health and Production Division 

and DFID - Animal Health Programme by Environmental Research Group 
Oxford (ERGO Ltd) in collaboration with the Trypanosomosis and Land Use in 

Africa (TALA) research group at the Department of Zoology, University of Oxford 
in November 1999. The modelling process relies on logistic regression of fly 
presence against a wide range of predictors. The predictor variables include 

remotely sensed (satellite image) surrogates of climate: vegetation, temperature, 
moisture. Demographic, topographic and agroecological predictors are also used.

The prediction was created at 5 kilometers resolution for the whole sub-Saharan Africa.

Glossina fuscipes fuscipes
Prediction of suitability
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40% - 70%
70% - 95%
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sub-Saharan African Countries

Predicted areas of suitability for riverine tsetse
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Figure 1.3: Comparison of this suitability map with that presented in figure 1.4

illustrates the potential for the overlap of tsetse fly habitats which primarily trans-

mit different forms of sleeping sickness. After: Food and Agriculture Organisation

(1999a). 6
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The prediction was created at 5 kilometers resolution for the whole sub-Saharan Africa.
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Figure 1.4: Suitability map for Glossina morsitans, considered the primary vector

for T. b. rhodesiense. After: Food and Agriculture Organisation (1999b).
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1.2.2.2 Tsetse Life Cycle

A basic outline of the tsetse life cycle is shown in figure 1.5. The life span of a

tsetse fly is observed to be approximately 2-4 months, (e.g. (Leak, 1998)), although

trends derived from field data have highlighted a much higher rate of mortality in

male tsetse than females and that these rates vary with temperature (Figure 1.6)

(Hargrove, 2004; Hargrove et al., 2011).

Figure 1.5: Life cycle of the tsetse fly (Glossina spp.). After: Leak (1998).
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Figure 1.6: The upper two plots present an observed relationship between tsetse

mortality rate (MR) and temperature (produced using data from Hargrove (2004)).

The lower two plots illustrate a modelled relationship between tsetse age and mor-

tality rate (produced using data from Hargrove (2004)). Blue = male tsetse. Red

= female tsetse.

Although it is possible for female tsetse to mate more frequently, it is more com-

mon for the females to mate only once (males can mate numerous times), producing

a single full-grown larval offspring. On average, the first offspring produced by the

female fly may take around 18-20 days to develop within the uterus, however after

that, an offspring is produced every nine to ten days for the duration of the fly’s

life (Leak, 1998). Data collected in Zimbabwe in 1994 suggest that in warmer con-

ditions (˜30◦C), the time taken to produce a first pupa can be as low as 15 days

(Hargrove, 1994), with extrapolations of the data suggesting that subsequent off-
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spring could be produced at an interval of 16 days at 16◦C, and 7 days at 31◦C

(Hargrove, 2004)(Figure 1.7).

Figure 1.7: Tsetse reproduction intervals in response to temperature (produced

using data from Hargrove (2004)).

With females giving birth to a single larva at a time, tsetse have a very low rate

of reproduction, where the offspring develop to a third-stage larva in the uterus of

the mother. The live offspring pupates on the ground for a period of approximately

30 days, with a marginally longer pupal duration in males than in females (e.g. Leak,

1998; Phelps and Burrows, 1969b). Pupation is known to be temperature sensitive

with pupal periods decreasing with increasing temperature, a relationship observed

by Phelps and Burrow’s laboratory experiments at constant temperatures (Phelps

and Burrows, 1969b). Hargrove (Hargrove, 2004) utilised the data to present a near

perfect fit for pupal duration at temperatures between 16◦C and 32◦C (r2 = 0.998)

(Figure 1.8).
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Figure 1.8: Tsetse pupal intervals in response to temperature (produced using data

from Hargrove (2004)).

Pupae that don’t die during the period of development on the ground become

teneral flies and, on feeding and mating, become mature adult tsetse (Leak, 1998).

Due to the difficulty in finding pupae in the field, population estimates, and ul-

timately estimates of pupal death rates are rare (Hargrove, 2004). Although ob-

servations suggest temperature may not affect pupal mortality until extremes are

reached (>35◦C) (Phelps and Burrows, 1969a), it is estimated that a four month

long rainy season can result in the death of half the pupae collected in a sample

(Pollock, 1982). Different estimates from field observations suggest that there is a

26% chance of each pupae dying before becoming fully developed as a result of, for

example, predation (Jackson, 1937), or a 1% chance of pupal mortality per day for

the duration of the pupal period (Rogers and Randolph, 1990). These rates are

much lower than for developed tsetse (Figure 1.6), which is necessary to maintain
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the population, offsetting the low reproduction rate, long pupal period, and high

mortality rate amongst young, and comparatively weak, teneral flies (highlighted by

the high mortality rate in the first 5 days of age dependent mortality in Figure 1.6).

1.2.2.3 Tsetse Movement

Tsetse fly movement studies have been conducted extensively in both field investi-

gation and under laboratory conditions. In the field, Bursell (1970) was the first to

suggest that the movement exhibited by tsetse flies is more or less random, within

a boundary of their habitat. Although earlier work by Jackson (1930) suggests

that flies use different parts of their habitats for feeding and breeding, restricting

themselves to ‘ambits’ from which they rarely emigrate, Rogers (1977) found that

these data can be explained through random movements without the concept of

‘ambits’, and that the ambit theory is “an unnecessarily complicated interpreta-

tion of mark-release-recapture results.” Despite this, it is worth noting that while

the assumption of random movement gains support from investigations in largely

homogeneous habitats, the role of climate, food availability, and vegetation affect

movement ranges, with tsetse seeking cool, thick vegetation when it is hot and dry,

and dispersing in more cool and moist conditions (e.g. Nash, 1937; Hargrove and

Vale, 1980). Vale et al. (1984) suggest that daily rates of movement from a starting

location are approximately 700-800 m for Glossina morsitans, depending on sex,

based on a study of dispersal carried out in the Zambezi Valley of Zimbabwe.

Laboratory studies have been used to investigate the speed and longevity of

flights made by the tsetse fly. Flight-mill experiments have observed flight speeds of

up to 4 ms-1 (Hargrove, 1975) in comparison to field studies suggesting mean speeds

of 6 ms-1 (Gibson and Brady, 1988).

Laboratory tests suggested that the flight speed is balanced out by relatively

short spells of flight activity, with studies suggesting flights of between one and two

minutes (Bursell, 1978). Furthermore, Brady (1988) suggested observed activity
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patterns of 30-50 seconds are largely unaffected by hunger, although the interval

between bursts decreases with increasing hunger. The total flight time of a tsetse in

a day is considered to be approximately 15-30 minutes (Bursell and Taylor, 1980),

although this may be lower for female flies. Tsetse have been observed to show a

circadian rhythm which sees the majority of movements occur in daylight during

two activity periods in the morning (prior to 11 am), and in the afternoon (after 3

pm) (Brady, 1972; Brady and Crump, 1978; Brady, 1988).

1.2.2.4 Tsetse Feeding

Adult tsetse flies have been observed to feed approximately every two to three days

(e.g. Rogers and Randolph, 1985; Randolph et al., 1991; Hargrove and Williams,

1995; Schofield and Torr, 2002), and detect possible bite targets via odour plumes

from approximately 140 m away (e.g. Napier Bax, 1937; Vale et al., 1984, 2014).

The probability of a successful feed per bite attempt on cattle has been shown to

vary between male (33.3%) and female (52.7%) tsetse, possibly as a result of males

feeding consistently less often than females (Torr and Mangwiro, 2000), although

research suggests that this can vary significantly depending on the level of hunger

experienced by the tsetse, the age of the cattle, and size of the herd (Torr et al.,

2007). For example, Torr et al. (2007) note that although bite probabilities increase

(54% to 71%) as herd sizes grow from one to twelve individuals, the majority of the

bloodmeals are taken from adult cattle (>89%), even where they make up a small

proportion of the herd.

Early research by Vale (1979) suggested that humans accompanying cattle in

woodland habitats can be repellent to Glossina pallidipes based on odour release,

yet more recent research suggests that, in warmer conditions, tsetse may be likely to

enter households, undeterred by the presence of humans or artificial human odour,

suggesting the home can be an important venue for human vector contact (Vale

et al., 2013). A study by Torr et al. (2012) presented data suggesting that bites
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on men were reduced by 96-99% when accompanied by an ox, despite an increase

in the number and variety of tsetse in the vicinity. Furthermore, the study showed

that Glossina morsitans caught probing humans had a fat percentage which was

approximately two-thirds of that in tsetse biting the ox, suggesting an urgent need

for a bloodmeal in these cases. These cases suggest a preference for tsetse feeding

on cattle over humans, and it is possible that tsetse attempting to feed on humans

can be considered a last resort prior to starvation. The time taken for flies to starve

is known to vary by temperature, between teneral and adult flies, and between flies

in the field and those in kept in the laboratory, with values ranging from 3-4 days

for teneral tsetse, and 4-8 days (e.g. Jackson, 1937; Kubi et al., 2006; Buxton and

Lewis, 1934; Brady, 1975, 1973, pers. comm. Ian Maudlin).

1.2.2.5 Control Methods

Mitigation techniques for sleeping sickness in sub-Saharan Africa often focus on the

reduction or the removal of the tsetse fly vector. For example, while the burning

of tsetse infested bush and mass hunting of wildlife has fallen out of favour due to

the associated environmental damage, other effective techniques have incorporated

community led ‘vector trapping’ to reduce the concentration of the flies (Joja and

Okoli, 2001). The associated research concluded that the integration of public par-

ticipation aided community learning and made the volunteers much more open to

mass blood screening programmes.

A completely different approach to vector control has been researched in the

field of molecular genetics. Aksoy (2003) notes that the future of vector control

may be the genetic disruption of the parasite transmission cycle in the invertebrate.

While this requires a full understanding of the relationship between tsetse and try-

panosome, the replacement of susceptible insect phenotypes with anti-pathogenic

properties could result in decreased transmission. However, at present, the cycle of

the Trypanosoma brucei species in the alimentary tract of the tsetse fly is thought
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to be one of the most complex among salivary trypanosomes (Dean et al., 2009),

manifested by the number of parasitic transformations which occur in the vector

(see section 1.2.3).

A summary of past and current tsetse control methods, with examples, is in-

cluded in table 1.1.
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1.2.2.6 Summary

Based on the literature review of tsetse movement and feeding, a number of possible

parameters which may play a significant role in the connectivity between tsetse

vector and human and cattle host have been identified (Table 1.2). By dictating

this connectivity, the movements of tsetse can control the rate and distribution

of HAT transmission, and therefore these parameters need to be considered when

formulating a modelling framework.

Parameter Value Source/Adapted From

POPULATION

Gender Male (33%), Female (66%) (Vale and Torr, 2005; Leak,

1998)

MOVEMENT

Movement Speed 5 ms-1 (Gibson and Brady, 1988)

Movement Range 800 m radius from daily start

location.

(Vale et al., 1984)

Daily Flight Time 15-30 mins (Bursell and Taylor, 1980)

Single Flight Period 1-2 mins (Bursell, 1978)

Movement Periods (daily peri-

ods where activity can occur)

7 am 11 am, 3 pm 5 pm (Brady, 1972; Brady and

Crump, 1978; Brady, 1988)

FEEDING

Detection Range 140 m (Napier Bax, 1937; Vale et al.,

1984, 2014)

Feeding Interval 2-3 days (Rogers and Randolph, 1985)

Starvation Period (time be-

tween last bite and tsetse

death)

Mature 5 days, Teneral 3

days

(Ian Maudlin, pers comm)

Table 1.2: Summary of important tsetse parameters from the literature.

17



1.2.3 Transmission

The typical life cycle of the Trypanosoma brucei parasite in a mammalian host and

tsetse fly vector is displayed in figure 1.9.

Figure 1.9: Life cycle of the Trypanosoma brucei parasite. Diagram from DPDx

(2012)

.

During stage 1, an infected tsetse fly takes a blood meal from a mammalian host,

injecting metacyclic trypomastigotes into the skin tissue, which enter the lymphatic

system and subsequently the blood stream. Stages 2 and 3 see the transformation

of the parasite into bloodstream trypomastigotes, which are transported and mul-

tiply by binary fission in numerous bodily fluids, including lymph and spinal fluid.

Tsetse flies can ingest this form of the parasite at a blood meal (5), which triggers

further transformation to reproducing procyclic trypomastigotes in the midgut (6),

epimastigotes (7), and finally metacyclic trypomastigotes in the salivary gland (8),

before the cycle can be repeated. The cycle of the parasite in the tsetse fly takes
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approximately three weeks (DPDx, 2012). Note that the human can be diagnosed

only when it becomes at risk of transmitting the disease back to the vector (4),

caused by diagnosis methods requiring the analysis of blood samples.

The ability of Trypanosoma brucei to change the character of its glycoprotein

surface coat aids the evasion of the human host’s immune system (Vickerman, 1978;

Berriman et al., 2005). The phenotypic response, which occurs spontaneously in

approximately 1 in 10,000 individuals, introduces heterogeneity and ultimately com-

plicates plans to vaccinate humans and cattle. The host antibody plays a role in

changing the antigenic character of the parasite population by destroying the un-

changed organisms, leaving the remainder of the population to multiply (Vickerman,

1978; Berriman et al., 2005).

1.2.3.1 Vector

The susceptibility of tsetse to T.b. rhoesiense and T.b. gambiense is found to

have a genetic component which is inherited down the maternal line (Maudlin and

Dukes, 1985), with one experiment showing that low infection rates in the wild were

not in response to a low proportion of infected bloodmeals, by subjecting a sample

of teneral tsetse to infected bloodmeals on their first feeds. Results suggested that

there is approximately a 16% chance of a tsetse becoming susceptible to an infection

(Harley, 1971). For infections in tsetse which are known to have midgut stages,

such as T.b. rhoesiense and T.b. gambiense, tsetse are found to be most susceptible

to acquiring an infection on their first blood meal as teneral flies, with the risk

of acquiring a midgut infection reducing thereafter (Welburn and Maudlin, 1992).

While only a single trypanosome is required to infect a tsetse (Maudlin and Welburn,

1989), one study showed that there is only a 21% (male) or 4% (female) chance of

this midgut infection developing into an infective, salivary gland infection (Welburn

and Maudlin, 1999; Welburn et al., 1995), and this process can take 17-19 days (Dale

et al., 1995). It has also been suggested that infections which mature within tsetse
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can reduce the life expectancy of that fly, with infected males living to 81% of their

life expectancy, and females reaching 90% of theirs under lab conditions, although

the implication for tsetse in the wild are likely to be minimal due to the increased

rates of mortality (Welburn and Maudlin, 1999).

1.2.3.2 Host

The probability of an infected bite producing an infection in a host is known to

be unpredictable and variable (Fairbairn and Burtt, 1946), although, studies have

shown that transmission success between tsetse and mammalian host can reach 100%

(e.g. Godfrey and Killick-Kendrick, 1967; Buxton, 1955; Akoda et al., 2009) under

laboratory conditions. The pre-patent period for the host can depend on a number

of things, including the size of the host, and the size of the blood meal (as this

dictates the number of trypanosomes transmitted), and examples in the literature

range from 4-10 days for monkeys, to 10-14 days for cattle (e.g. Thuita et al., 2008;

van Hoeve et al., 1967; Moloo et al., 1999; Van den Bossche et al., 2005; Heisch et al.,

1958). Early experiments carried out on a human found that a 25 ml injection of

infected blood produced a pre-patent period of around 8 days (Heisch et al., 1958),

while a shorter period of 6 days was identified when a human was subjected to bites

from three infected tsetse (van Hoeve et al., 1967), although the shorter period may

be a result of an increased number of trypanosomes resulting from three vectors.

In humans, a T.b. rhoesiense infection will remain active until the host expires

or is treated (Welburn and Maudlin, 1999), while cattle have been found to show

little or no clinical signs or ill effects from such an infection up to approximately

150 days after transmission (van Hoeve et al., 1967). While this highlights that

T.b. rhoesiense infected cattle can act as reservoir that would not necessarily be

treated, HAT co-exists in natural ecosystems with a suite of trypanosomes that

affect the health of domestic livestock (Connor and Van Den Bossche, 2004; Auty

et al., 2012a).
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1.2.3.3 Summary

The literature in the previous sections has highlighted a number of parameters that

will need consideration when constructing a model of rHAT transmission in this

research. Table 1.3 summarises these parameters.

1.2.4 Symptoms, Diagnosis & Treatment

One of the key issues with the diagnosis and treatment of sleeping sickness in Africa is

the different symptoms and disease characteristics associated with the two prominent

strains of the disease: T.b. Rhodesiense and T.b. Gambiense. These features are

discussed below, along with the problems associated with slow diagnosis, ineffective

and invasive diagnosis techniques, and out-dated treatment methods.

1.2.4.1 Symptoms

Gambian sleeping sickness is a chronic form of the disease which predominantly

affects West Africa, accounting for 98% of HAT cases across the last decade (Franco

et al., 2014). Unlike the Gambian form, for which humans are the main reservoir,

Rhodesian sleeping sickness affects East Africa, has game and domestic animals as

a main reservoir, and accounts for the other 2% of HAT cases, producing an acute

disease and symptoms.

Both Gambian and Rhodesian forms of the disease evolve in two phases whereby,

after an initial asymptomatic period, the first phase presents intermittent symptoms

such as fever, fatigue, headaches, arthralgia and pruritus (Chappuis et al., 2005).

This phase is much shorter for Rhodesian sleeping sickness (Franco et al., 2014).

Later in the disease progression, after central nervous system invasion by the para-

site, further symptoms include mental disturbances, personality change, tremor and

the reversal of the sleep wake cycle.

Studies show that T.b. Rhodesiense can progress to the stage of central nervous

system involvement between 3 weeks and two months of infection, while over 80% of
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Parameter Value Source/Adapted From

Tsetse Genetic Suscepti-

bility

Disease susceptibility 16% chance of tsetse fly being

susceptible to HAT

(Harley, 1971)

INFECTION (infected

tsetse bites uninfected

host)

Incubation period (host) Cattle - 10-14 days; Humans -

9-10 days

(e.g. Thuita et al., 2008; van

Hoeve et al., 1967; Moloo

et al., 1999; Van den Bossche

et al., 2005; Heisch et al., 1958)

Large Domestic (non-cattle) -

9-10 days

Some estimates based on body

size

Small Domestic (non-cattle) -

6-10 days

INFECTION (uninfected

tsetse bites infected host)

Midgut infection probability

(if susceptible)

First Bite 100% (Welburn and Maudlin, 1992)

Future Bites 33%

Mature infection probability Male 21% (if midgut positive) (Welburn and Maudlin, 1999)

Female 4% (if midgut posi-

tive)

Mature infection age reduction

(% life expectancy remaining)

Male to 81%, Female to 90% (Welburn and Maudlin, 1997)

Incubation Period (tsetse) 17-19 days (Dale et al., 1995)

Table 1.3: Summary of important transmission parameters from the literature.
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deaths occur within 6 months of illness (Odiit et al., 1997). The T.b. Rhodesiense

fatality rate is shown to be 6% when treatment is given at an early stage, with

the rate in the late stage of the disease being two and half times greater than if

treatment is received in the early stages.

1.2.4.2 Diagnosis

The diagnosis of HAT can be made problematic as other diseases such as HIV,

malaria and enteric fever can mimic or co-exist with HAT, complicating the diag-

nosis process, resulting in the need for laboratory confirmation after initial clinical

diagnosis (Chappuis et al., 2005).

At present, sleeping sickness diagnosis consists of the detection of parasites in

blood or lymph under a microscope (Joja and Okoli, 2001). However, this process

has been shown to be problematic, with an estimated 20-30% of patients remaining

undiagnosed after screening (Robays et al., 2004).

As previously mentioned, the Gambian and Rhodesian forms of sleeping sickness

are morphologically indistinguishable. However, there is currently no geographical

overlap, making location the primary diagnosis (Welburn et al., 2016a). Further

methods used to distinguish between the diseases include complicated isoenzyme

determinations of DNA probes, and monitoring the rate of progression of the disease

by analysing the clinical symptoms (Pépin and Milord, 1994).

1.2.4.3 Treatment

Despite the re-emergence of sleeping sickness in the 1980s, little progress has been

made in treatment methods over the last few decades, leaving old, scarce and often

highly toxic (particularly in the late stages of the disease) drugs to administer (Wel-

burn et al., 2016a). Three examples of such drugs are Melarsoprol, Suramin and

Eflornithine (Pépin and Milord, 1994; World Health Organization, 2017a). Melar-

soprol was developed in the 1940s and is used to treat both forms of the disease.
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However, the drug is an arsenical, and therefore toxic, and can result in encephalopa-

thy as a side effect which causes death for more than half of cases. Suramin cannot

be used effectively for late stages of the disease due to poor central nervous system

penetration, and causes severe anaphylaxis in one in 2000 patients. Finally, while

Eflornithine can be very effective for Gambian sleeping sickness, the regularity with

which it has to be administered (every six hours), and the potential for bone marrow

suppression and convulsions, mean that the drug is used mainly at the later stages

(Pépin and Milord, 1994) (World Health Organization, 2017a).

1.3 HAT Distribution

1.3.1 HAT in Africa

The history of HAT in sub-Saharan Africa is characterised by long periods of en-

demicity where the disease self-sustains at low background levels, with periodic

epidemics in regional foci (Hide, 1999).

Figure 1.10 shows how the incidence of HAT in sub-Saharan Africa fluctuated

throughout the 20th Century, with sleeping sickness decimating populations in the

early period, before colonial administrations employed disease control programmes

in the 1930s (Simarro et al., 2008). The number of new cases reported annually

is significantly lower than the estimated number of deaths per annum, identified

previously, highlighting the high levels of under-reporting of the disease suggested

by Odiit et al. (2005). Tilley (2004) notes that the aforementioned disease control

efforts were concentrated on four methods: relocating groups from infested to non-

infested regions, developing prophylaxis and chemotherapy treatments, increasing

population densities in rural settlements with a low infestation, and controlling

tsetse fly populations through the clearing of bush and vegetation, killing game

and trapping flies. People were coerced into screenings, where physically invasive

24



Figure 1.10: New cases of sleeping sickness reported across Africa (figure from Franco

et al., 2014)

methods such as lumbar puncture were used to diagnose sleeping sickness, before

treatment was administered (Barrett, 1999).

Although transmission had been significantly reduced by the 1960s, a subsequent

upturn in the number of new cases is thought to be a product of a change in priorities

in many newly independent countries, combined with a decline in knowledge of how

the disease could re-emerge (Simarro et al., 2008).

Rises in sleeping sickness is exemplified by the differing impact of two epidemics

in Uganda in 1940 and 1971. As a result of these epidemics, the influence of regional

livestock movements, and the reported spatial convergence of T.b gambiense and

T.b. rhodesiense in the area, Uganda is a prominent case study within the field of

HAT literature. In November 1940 an outbreak spread eastwards along the shore

of Lake Victoria and towards the Kenyan border (see figure 1.11), but remained in

well-defined foci (MacKichan, 1944).
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Figure 1.11: Map of Uganda illustrating the northward progression of T. b. rhode-

siense, from the Busoga region north of Lake Victoria, through the districts of

Tororo, Soroti, Kaberamaido and Lira, towards the T. b. gambiense affected north

west. Map from The Electoral Commission Uganda (2012).

However, the persistence of sleeping sickness in the Busoga region led to a fur-

ther large outbreak in 1971, outside of the traditional tsetse fly belt (Matovu, 1982).

While the resettlement of communities in the epidemic of the 1900s had aided the

control of the disease, a large volume of uncontrolled movements through tsetse in-

fested bush, combined with a lack of resources and trained personnel, meant that

mitigation efforts were hindered in a time of political and economic unrest (e.g.

Matovu, 1982; Okiria, 1985). This instance highlights how important human move-

ments can be in driving disease spread, and that mitigation strategies often lack

the resources to cope with associated outbreaks. As a result of the poor control

measures, the T. b. rhodesiense form of the disease spread northwards towards the
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Tororo district in 1984 (Mbulamberi, 1989), before reaching the Soroti district on

the north west shores of Lake Kyoga in 1998 (Fèvre et al., 2004), and Kaberamaido

district in 2004 (Fèvre et al., 2005).

Figure 1.12: Annual reported cases of sleeping sickness (both gHAT and rHAT)

across Africa between 1940 and 2014. (figure from Franco et al., 2014)

.

The number of new cases being reported in both Gambian and Rhodesian forms

of the disease has seen reported cases decline across sub-Saharan Africa, in part

attributed to improved approaches to case finding and vector control (Simarro et al.,

2011) (see figure 1.12). Despite the disparity in the number of identified cases,

where rHAT occurs, local disease burden is much higher than would be expected

given the relative incidence (Welburn et al., 2016b). Such a finding is supported by

one participatory study in a high risk region adjacent to Ugala Game Reserve in

Tanzania, where inhabitants consider the health and socio-economic burden of HAT

to be similar to that of malaria (e.g. Reid et al., 2012). Mitigation in such situations

is difficult given that the control of rHAT infections in the wildlife reservoir and
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tsetse vector in protected areas and game reserves raises ecological, conservation

and environmental issues (Simarro et al., 2011).

While control of rHAT infections caused by transmission from domestic cattle in

affected areas appears to be a plausible target (Kabasa, 2007), one possible issue is

the privatisation of state veterinary services in countries such as Zambia and Uganda,

which has led to the responsibility for controlling endemic diseases in livestock to

shift to the individual farmers (Welburn et al., 2006). While the farmers often have

access to animal health assistants and other local organisations, they are often ill-

equipped for diagnosis and treatment (e.g. Chilonda and Van Huylenbroeck, 2001).

Combine the issues of domestic and wildlife reservoirs with known high levels of

underreporting - one study suggested that levels of under-detection of rHAT could

be as high as 12 cases for every one identified (Odiit et al., 2005) - and the Rhodesian

form of sleeping sickness will remain an epidemic risk in human populations (Franco

et al., 2014).

1.3.2 HAT in the Luangwa Valley, Zambia

Within this investigation, the impact of trypanosomiasis in Zambia will be explored

in partnership with the Dynamic Drivers of Disease in Africa Consortium (DDDAC),

an ESPA-funded research programme which has been designed to explore the rela-

tionship between ecosystems, zoonoses, and health and wellbeing, with the aim of

reducing poverty in the area.

The first documented appearance of sleeping sickness in the Luangwa Valley,

Zambia, occurred in 1908 when a human fatality was linked to a bite by a G.

morsitans in Petauke (Spinage, 2012). At the time, the role of G. morsitans as

a sleeping sickness vector was unknown, and it was subsequently thought that the

disease must have been brought across the border from Dowa, Malawi, due to the

absence of G. palpalis in the region. Eventually, after further cases the Luangwa

region was closed to the public and Dr. Alan Kinghorn recognised G. morsitans as
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a sleeping sickness vector during 1911 (Spinage, 2012). Vail (1977) notes that at

this time it was also reported that approximately 50% of animals (both animals and

game) harboured trypanosomes. Kinghorn advised taking measures to mediate this

through the burning of bush and the killing of game. This advice was ignored, which

potentially contributed to the documented rise in sleeping sickness cases in the area

by the 1940s, before bush clearing, game eradication and human resettlement were

eventually carried out by the Government in 1942 (Spinage, 2012).

During the early 1970s, a sleeping sickness epidemic occurred which has been

attributed to the encroachment of the fly belt from Luangwa into Isoka (Buyst,

1974) (the location of the outbreak is noted in figure 1.13, amongst other sleeping

sickness foci in East Africa).

Game animals were in Isoka (figure 1.13) for only a limited number of months

during the rainy season, before migrating to other areas during the dry season. While

the game were absent from the area, the tsetse were more likely to approach villages

in order to take feeds from humans, as they approached starvation (Buyst, 1977).

Indeed, this process is supported by data collected by Buyst (1977), where observed

male infection showed small increases between the wet season of 1972 and the dry

season of 1972, and an approximate four-fold increase in infections in women and

children. The marked increase in infections in women and children is hypothesised

to be a response to the expansion of the tsetse fly zone in the dry periods, as

they would stay close to the villages throughout the year, unlike the men, who

venture further afield to hunt. This observed relationship highlights the complexity

of the HAT transmission system, with seasonal and human activity-based variability

both contributing to variability in the vector-host contact network, and ultimately,

disease incidence. In this example, age and gender specific activity appear to produce

different temporal incidence records, a pattern which can only be captured through

modelling at a fine resolution.
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Figure 1.13: HAT foci in Eastern and Southern Africa, (modified from Hide, 1999).

The 1970s Zambian epidemic is highlighted by the red circle, while the Isoka region

is highlighted by the blue circle.

In 1973, early diagnosis and improved treatment methods were introduced, and

resulted in the restoration of endemic levels of sleeping sickness in the region, through

the reduction of the human reservoir (Buyst, 1977).

Recent estimations suggest that 416,000 people could be at risk of acquiring

a T. b. rhodesiense infection in Zambia (Simarro et al., 2012), with between 4

and 15 cases being reported annually between 2000 and 2009 (Simarro et al., 2010),

while cases reported in visiting tourists in the Luangwa region could have significant

consequences for tourism activities (Moore et al., 2002). As is frequently the case

with T. b. rhodesiense infections, research suggests that official figures for sleeping
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sickness in the region provides an under-estimate of true incidence (Anderson et al.,

2015).

1.3.3 Summary

Sections 1.3.1 and 1.3.2 have considered rHAT sleeping sickness outbreaks both from

within and outside of the study region. An example from Uganda highlighted the

role of uncontrolled human movements through tsetse infested areas as a causal

factor, and that reactive mitigation strategies were impeded by lack of training and

resources. An example from within the Luangwa Valley highlighted the variability in

incidence rates based on age and gender associated activity. As such, both examples

provide reasoning for the research of rHAT at a fine spatial resolution, allowing

for a greater understanding of how the disease is transmitted in specific regions,

within specific populations, meaning that plausible site-specific mitigation strategies

can be investigated. An emphasis on preventative mitigation strategies appears

important, given the previously highlighted issues of poor and invasive diagnosis, the

outdated treatments associated with an NTD, and the pressure that outbreaks can

exert upon poorly resourced, reactive mitigation strategies. Indeed, HAT is rarely

prioritised in Zambia due to competing public health interests (e.g. Welburn et al.,

2006), and the economic cost of infections to households suggests investigation of

preventative methods for mitigation would be beneficial. Therefore, the construction

of a computational model appears a justifiable way to proceed, with the ability to

produce a plausible universe to test ideas, expand our understanding, and build

towards predictively useful output.
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Figure 1.14: Map showing the districts of Eastern Province, and the Province’s

location within Zambia itself

1.4 Study Area

1.4.1 Luangwa Valley, Eastern Province

Eastern Province, Zambia is situated in southern Africa, sharing borders with

Malawi (to the East) and Mozambique (to the South) (Figure 1.14). The Luangwa

Valley is an extension of the Great Rift Valley in East Africa characterised as a flat

bottomed valley bounded by steep, dissected escarpments which rise to a plateau at

approximately 900-1000 m, and lies across the Eastern and Northern Provinces of

Zambia. SRTM elevation data for the Luangwa Valley situated within the bounds

of Eastern Province is displayed in figure 1.15. As a result of climatic variation,
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different types of vegetation are observed at different altitudes, with valley areas

consisting mainly of mopane woodland and patches of grassland, while the natu-

ral vegetation on the escarpment and plateau is miombo woodland, interspersed

with munga woodland (open deciduous woodland following tributaries) (Yang and

Prince, 2000).

Figure 1.15: Elevation data for Eastern Province, Zambia, highlighting that that

Luangwa River provides a natural border to the province, and the steep valley sides

rising to a plateau in the east and south of the province.
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Figure 1.16 presents vegetation data from the European Space Agency at 300m

resolution for the years 1992 and 2015, with the most obvious difference being the

rise in cropland area on the plateaus to the south and east of the province, and in

the southern end of the valley.

Figure 1.16: Vegetation data for Eastern Province, Zambia, highlighting the anthro-

pogenic modifications of the environment, with an increase in cultivated land both

on the plateaus and in the valley itself.
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The area has recently seen considerable immigration due to people looking for

fertile land. The plateau area is well settled by humans, highly cultivated and sup-

ports an increasing cattle density. The escarpment areas between the valley base

and the plateau support increasing human populations with increasing levels of cul-

tivation and increasing livestock populations. Land pressure is now leading to the

colonisation of tsetse-infested areas, which would once have been avoided due to

the fear of disease, posing new risks for people and livestock. Since the decline of

the mining industry, cotton growing has been promoted as a cash crop, along with

maize and groundnuts for use in the home (DDDAC, 2013). These anthropogenic

changes have the potential to destabilise current trypanosomiasis transmission cy-

cles, resulting in increasing prevalence of trypanosomiasis in both human and animal

hosts, and the spread of HAT into previously unaffected areas. The potential risk

of increased rHAT transmission and potential epidemics as a result of an increasing

human and cattle population in the region is made clearer if we consider the suitabil-

ity of tsetse habitat in the valley (Figure 1.17), and the overlapping distribution of

National Parks and Game Management Areas, home to a protected wildlife reservoir

(Figure 1.18).
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Figure 1.17: Tsetse suitability in the Eastern Province, Zambia, highlighting the

high suitability of land in the lower reaches of the valley. Reproduced by the Dy-

namic Drivers of Disease in Africa Consortium, using data from (Wint and Rogers,

2000)
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Figure 1.18: Distribution of National Parks and Game Management Areas (GMAs)

in Eastern Province, Zambia
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Figure 1.19: Average annual climate data for the study area, collected at Mfuwe

airport weather station. Produced using data from Climate-data.org (2017). Back-

ground colours represent typical seasons found in the study area.

.
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Minimum, mean and maximum monthly temperature and rainfall measurements

collected at the Mfuwe airport (1982-2012) weather station are reproduced in Fig-

ure 1.19 (Climate-data.org, 2017). There are three main seasons in Zambia’s tropi-

cal climate: the rainy season spans November to April (wet and warm) with mean

monthly rainfall peaking at 210 mm in January. After the rains, a cold and dry pe-

riod occurs prior to August, where May is the hottest and wettest month, with mean

temperatures below 23◦C and mean rainfall below 3 mm. The hot and dry season

usually spans August, September and October, with mean temperatures reaching

28◦C in October accompanied by 17 mm of rainfall on average, the first after four

dry months in succession (Climate-data.org, 2017; DDDAC, 2013). The Luangwa

River and its main tributaries are perennial, and although flash flooding occurs in

all rivers during the wet season, the smaller rivers which drain the valley floor dry

out during the dry season and flow during the rains (Astle et al., 1969).
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1.4.2 Study Area

The study area (see Figure 1.20) spans a sparsely populated region of the Luangwa

Valley. Villages are small (between 5 and 20 households, see Figure 1.21 and in-

habitants are predominantly subsistence farmers. The data collection area consists

of a 75 km transect which starts close to Mfuwe airport in the north, and runs

southwards along the Lupande River and its distributaries.

Figure 1.20: Map of the study area size and location. Households from the census

included in this modelling study are indicated as white circles and Mfuwe airport,

the location of the region’s weather station, is visible in the north (produced using

Landsat 7 imagery from USGS)
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Figure 1.21: Image of a typical village setting in the study area

1.4.3 Summary

This area is a site of interest in trypanosomiasis research as the Luangwa valley

region suffered a sleeping sickness outbreak in the 1970s. During this outbreak 241

cases were reported in a small section of the Luangwa fly belt around Isoka over a

period of three years (Buyst, 1974). Attributed to an encroachment of the tsetse fly

belt, this was a drastic increase in the number of cases, given that only 15 cases were

reported in the previous three years in a larger section of the fly belt (Mpika) (Buyst,

1970), and cases continue to be reported. In addition to such outbreaks, the ability of

the low level of transmission to maintain itself for long periods is considered to be an

enigma in the epidemiological field (Gouteux et al., 2000) and, with the Rhodesian

form of the disease being a zoonosis, the significant game reservoir adds complexity

to the system, with migration of hosts into the valley (Anderson et al., 2011). In the

scope of this study, important environmental resources are distributed throughout

the region (e.g. water) and, thus, a degree of human exposure to the hazard posed

by the tsetse fly is regarded as necessary. Therefore, accurate prediction of human

movement patterns may highlight areas to target with mitigation strategies in the

future.
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1.5 Data Collection

1.5.1 Dynamic Drivers of Disease in Africa

Fieldwork was undertaken in 2012 and 2013 as part of the Dynamic Drivers of

Disease in Africa Consortium (DDDAC) research programme. The DDDAC is a

consortium of researchers from 20 institutions in Africa, Europe and America, con-

ducting research funded by Ecosystem Services for Poverty Alleviation (ESPA). The

focus of the project was to advance the understanding of animal-to-human disease

transmission through investigating the linkages between disease and the environment

in Africa. The project ran from 2011 to 2016 and included research of different dis-

eases in different countries: Lassa fever in Sierra Leone, henipavirus in Ghana, rift

valley fever in Kenya, and trypanosomiasis in Zambia and Zimbabwe.

Data collection by the Zambia team was broad, ranging from surveys aimed at

identifying levels of health and wellbeing in the region, to testing blood samples

of humans (for malaria, trypanosomes and brucellelosis) and domestic animals (for

trypanosomes, cysticercosis, and African swine fever), and surveying movement and

routine data for a sample of inhabitants. Human and animal censuses were also

completed, along with tsetse surveys and subsequent testing for trypanosomes.

Although not personally funded through the project, I worked closely with the

team, and was given access to data collected in the field. Data on human movements

and routines was collected on my behalf, and as such, is described fully in this thesis.

For data I have been given access, but am not the owner, I have described in as

much detail as possible, given that the data belongs to those who may not yet have

completed their PhD, or successfully published their findings.

1.5.1.1 Ethics Statement

All data collected in the field study, and described in the following sections, gained

ethical approval from ERES Converge, a Zambian private research ethics board.
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1.5.1.2 Co-worker Contributions

Listed below are members of the Zambia team of the DDDAC who worked in the

collection and processing of data for the project, and their involvement, either direct

or indirect, in making this thesis possible:

Kathrin Schaten (PhD Student, University of Edinburgh): With the aid

of a Zambian research team, conducted human and animal surveys while staying

in the study area for three months between June and August 2013. Collected and

tested blood samples for infections. Helped to conduct 2012 census.

Joanna Kuleszo (PhD Student, University of Southampton): Produced

land cover classification. Helped to conduct 2012 census.

Ewan Macleod (Lecturer, University of Edinburgh): Assisted analysis of

tsetse catches from study area. Provided invaluable insight into trypanosome trans-

mission and tsetse behaviour.

Neil Anderson (Lecturer, University of Edinburgh): Assisted analysis of

tsetse catches from study area. Provided invaluable insight into trypanosome trans-

mission, tsetse behaviour, and wildlife in the Luangwa Valley. Assisted with survey

data collection.

Noreen Machila (In-country lead, UNZA): Coordinated all data collection,

Zambia team, and in-country visits. Conducted participatory mapping and aided

Kathrin with surveys. Helped to conduct 2012 census.

Martin Simuunza (In-country lead, UNZA): Analysed tsetse catches. Coor-

dinated all data collection, Zambia team, and in-country visits.
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All current published output by the Zambia research team can be found at the

following frequently updated link, along with research from partners from different

working groups across Africa:

https://steps-centre.org/blog/latest-publications/

Within the programme, the role of the research in this thesis was to draw upon

the data collected by team members in the field, and investigate fine scale disease

transmission in the region.

1.5.2 Human & Cattle Distribution

A household and livestock census was conducted in August 2012 and October-

November 2012. The total number of households counted in the study transect

were 3,717. Of these, 1,354 (36%) households had livestock at the time the census

was conducted.

The census produced demographic data for 16,024 human inhabitants, 2,925

cattle, and 11,576 other domestic animals (goats, pigs, donkeys, cats and dogs).

Information was processed to determine human and animal distributions across the

villages within the study area. The populations are shown to be unevenly dis-

tributed, with clusters of higher human population in the central region and in the

north near the airport, and higher cattle population in the east, and south towards

the plateau (Figure 1.22). It is perhaps unsurprising that the majority of the cattle

population is located away from the game areas identified previously, given the ex-

pected heightened level of exposure to rHAT where tsetse suitability is high and the

wildlife reservoir is protected. However, the higher concentration of the human pop-

ulation to the north of the study area, near the region’s airport, is situated within

a game management area, potentially heightening the risk to the population.
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Figure 1.22: Map of the distribution of humans and cattle in the study area, pro-

duced using the collected census data

1.5.3 Human Movement and Routine Data

Survey data collection included a questionnaire being conducted across a sample of

houses from the study area illustrated in figure 1.23.

Individual information such as sex, age and relationship to household head was

collated, along with their village role, and the amount of time an individual thought

it took them to make a single journey to numerous resources, ranging from water

and charcoal collection, to schools and markets. Information was also recorded on
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Figure 1.23: Distribution of houses sampled for the human movement and routine

questionnaire. Households are recorded in red, and an example resource - boreholes

- in blue.

the frequency of these trips, including number of trips per day, and whether these lie

in the morning, afternoon or evening. While the sample’s household locations were

identified using a GPS receiver, along with fixed location facilities such as schools

and markets, as the data collectors could not accompany each individual on a trip to
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water, the exact location of different riverine water sources was not recorded. The

questionnaire was administered to 126 households, producing complete response

records (i.e. no missing data) for 94 of the households. Responses were arranged by

age and gender, generating a set of possible daily routines that might be undertaken,

for example, by a female between 18 and 50 years old.

The distribution of the sampled households is presented in figure 1.23, along

with the distribution of boreholes identified in the region. Questionnaire results for

water collection are summarised in the appendix of chapter 2, while routine data

are summarised in the appendix of chapter 3.

1.5.4 Tsetse Data

Two intensive tsetse surveys were undertaken in June and November 2013, using

black screen fly-round transects, and Epsilon traps. In total, 353 G. m. morsitans

were caught during the two surveys (see figures 1.24 and 1.25 for morsitans caught

by fly-round, and figure 1.26 for those caught by Epsilon traps. Note that both

catches in Epsilon traps are aggregated on the same plot due to low count).

Figures 1.27 and 1.28 present the fly counts overlain in elevation and game man-

agement areas (GMA) respectively. Unsurprisingly, the caught tsetse were located

almost completely within the bounds of the GMA.
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Figure 1.24: G. m. morsitans caught by fly round in June 2013.
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Figure 1.25: G. m. morsitans caught by fly round in November 2013.
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Figure 1.26: Image highlighting the limited number of G. m. morsitans caught by

Epsilon trap in June 2013.
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Figure 1.27: Fly counts overlain on elevation in the study area
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Figure 1.28: Fly counts overlain on the Game Management Areas (GMAs) in the

study area
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1.5.5 Land Classification

A land classification study was carried out as part of both a PhD project (unpub-

lished: Joanna Kuleszo), and the DDDAC programme, with the aim of assessing

fine-scale temporal land-use change in the Luangwa Valley at a 30 m resolution.

The classification of images was performed using an object-based approach with a

nearest neighbour algorithm in eCognition. The segmentation method involved a

two-step multi-threshold approach. Training data was based on a combination of

GPS data collected in Zambia and Landsat 7 ETM+ sensor from 2005 and aerial

imagery. The overall accuracy of the land classification was 91% which is above the

80% (Vogelmann et al., 2001) to 85% (Anderson et al., 1976) minimum accuracy

level recommended for land covers based on 30 m resolution satellite imagery.

For the purposes of this investigation, with a much smaller 75 km x 25 km

study area, the land classification was cropped using QGIS and resampled to an 11

m resolution. This resolution matched that of aerial imagery which was available

through the open layers plugin in QGIS. By overlaying the land classification on the

aerial imagery, it was possible to digitise features such as roads and narrow rivers

that would not have been visible and therefore not included at the lower resolution

of 30 m. A section of the produced land classification for the study area is presented

in Figure 1.29.
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Figure 1.29: A section of the land classification produced for the study area. Colours

represent bush/forest (green), built/developed land (brown), and cultivated land

(yellow). Finer scale features are digitised: river (blue), roads (grey).
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1.5.6 rHAT Presence

1.5.6.1 Humans and domestic animal hosts

Figure 1.30: Distribution of the sampled households for the human and animal

health survey conducted within the study area

As mentioned previously, data was collected on disease prevalence within a sam-

ple of households (Figure 1.30) in the study area (unpublished: Kathrin Schaten

55



PhD). Based on the early analysis of these data, the estimated population across

the study area infected with T.b. rhodesiense is presented in table 1.4. Note that

no humans in the sample presented a T.b. rhodesiense infection. However, com-

munication with medical teams in the region suggested 2 human cases of sleeping

sickness had been identified in the previous year.

Host Estimated Population Infected with T.b.

rhodesiense

Cattle 6

Goat 5

Dog 1

Pig 2

Human 2 cases identified in previous year

Table 1.4: Summary of host infections estimated for the study area, based on sample

data and communication with regional medical teams.
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1.5.6.2 Tsetse flies

PCR on tsetse flies indicated 2.2% T.b. brucei prevalence (Martin Simuunza, pers

com) although an estimate was reduced to 0.1% to account for the inability of PCR

to distinguish between refractory flies possessing parasite DNA from feeding on an

infected animal, and flies with a cyclical infection (Dennis et al., 2014), an issue

identified in comparisons between PCR and dissection data (Malele et al., 2007).

1.6 Modelling Methods

1.6.1 Overview

For the current investigation, figure 1.31 outlines the key processes in rHAT trans-

mission that need to be captured in order to produce a detailed, high resolution

model of the system. The flow chart illustrates that space and time govern the

three dynamic elements of the system: vector, cattle and human host movements.

This produces a specific distribution of individuals at any given time, defining both

the parasite distribution (i.e. the variable locations of infected individuals), and a

dynamic contact network, which dictates the probability of transmission.

Figure 1.31: A visualisation of the required components for the proposed research.
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Within the current investigation, the ultimate goal is to gain a greater under-

standing of disease transmission in a region of Eastern Province, Zambia. To model

the rate of transmission, a contact network between infected individuals and unin-

fected individuals, which is dependent on the probability of these agents meeting

and interacting, is needed. This probability varies based on the speed, frequency and

direction of individual movement, which is governed by how resources are spread

across geographical space, the distribution of habitats and populations, and the

characteristics of the individuals themselves (e.g. movement speeds, villager activ-

ity etc.).

The following pages consider three possible modelling techniques, including ex-

amples within epidemiology, before identifying the most appropriate approach for

the current investigation, given the aims and data availability.

From a scientific perspective, epidemiological modelling provides a means of

exploring the mechanisms of transmission, with the view to gaining a greater under-

standing how a disease works. Indeed, May (2004) considers the ability to represent

biological processes with a degree of transparency and accuracy when representing

epidemiological assumptions using a mathematical model an advantage, allowing

the comparison of observed patterns with model output, and ultimately testing our

understanding of disease epidemiology.

Modelling can also provide plausible data of estimated transmission rates and

disease burden where active surveillance would be impossible for various reasons,

including an absence of resources. For policy-makers, the use of epidemiological

models for prediction can be valuable planning tools, both passively to control ex-

posure, or to actively mitigate (Huppert and Katriel, 2013). The ability to run

scenarios to test, for example, worst-case outbreaks, or the implications of possible

mitigation strategies, provide data for cost-benefit analysis, and therefore decide

on an appropriate course of action, if any, to manage diseases in the future (e.g.

Yang et al., 2009; Epstein, 2009; Ferguson et al., 2006; Germann et al., 2006; Lee
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et al., 2010; Longini et al., 2005; Bogaards et al., 2011; Van de Velde et al., 2010;

Arino et al., 2008). Such models can be employed over long periods to look at gen-

eral trends, but also aid the development of strategies to cope with outbreaks, and

assess their potential effectiveness (Royal Society, 2002).

1.6.2 Modelling Techniques

During the design of a model for simulating any dynamic system, several decisions

have to be made. Factors to consider include the temporal resolution which is to be

represented, whether spatial variation will be incorporated explicitly, if at all, and if

so, what spatio-temporal resolution is best suited. If individuals are to be modelled,

the amount of detail to be assigned to each individual may also influence the decision.

Moreover, the questions being asked will impact the output required and, therefore,

have implications for the required model framework. The following sections provide

an overview of three established methods for modelling disease transmission, in-

cluding population models, meta-population models, and individual-based models,

before considering their suitability for this piece of research. A comparable schematic

of each modelling type is presented in figure 1.32 to support the descriptions. For

example, the meta-population model provides a more detailed representation of a

population model as the homogenous mixing occurs on a finer scale, and it is pos-

sible to identify that the infected person is two cells, or ‘distance units’, from the

majority of the population. A more detailed model is represented by the individual-

based model. Here, the fine resolution allows more detail to be modelled, such as

individual-level demographics and fine-scale human-human/human-vector contacts.

1.6.2.1 Option 1: Population Modelling

The traditional, mathematical modelling of disease transmission within a defined

total population uses a compartmentalised approach, where the total population

is considered to be made up of three groups: those who are susceptible (S) to

the disease but are not yet infected, those who are infected and can transmit the
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Figure 1.32: Simple schematic representations of a) a population model, b) a meta-

population model, and c) and individual-based model. Black icons represent unin-

fected people, while red icons represent infected people. The boundaries of the black

boxes represent the resolution of the models, governing both the level of detail that

needs to added to the model, and also the level of detail that can be extracted.

disease (I), and those who are removed through recovery and subsequent immunity,

or death (R) (Anderson and May, 1992). Using inputs including population size and
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infection rate, the dynamics of the disease are modelled through the calculation of

the flow of the population between these compartments over time. The population

is homogeneously mixed, such that each member of the population is equally likely

to become infected. The flow of the population between compartments is governed

by a set of differential equations.

Figure 1.33: An example of a susceptible-infected-susceptible model. (After Enns,

2010).

For diseases such as malaria and sleeping sickness, where recovered victims do

not become immune, the SIR model becomes an SIS model (figure 1.33). In this

model, where recovered victims are returned to the susceptible compartment, S(t)

and I(t) are the susceptible and infected populations at a given time, and therefore

a fixed total population (N ) can be written as S(t) + I(t) = N (Enns, 2010).

In the model shown in figure 1.33 (after Enns (2010)), the susceptible popula-

tion is reduced as people die naturally (µS ), and people become infected (βSI ).

Conversely, the susceptible population increases with new births (µN ), and the re-

covery of infected people (γI ). The final flow of population (µI ) conveys the death

of individuals within the infected population.

These numerical models can be solved analytically using partial differential equa-

tions to establish equilibrium points and basic reproduction rates (R0). For example,

Artzrouni and Gouteux (1996) use a ‘host - vector model’ (Hethcote, 1976) to test

the impact of a vector control strategy for sleeping sickness in the Niari focus of cen-

tral Africa. The results of their model agree that a 50% reduction in vector density

is a causal factor in the extinction of a T.b. gambiense epidemic in the region.

Despite being the traditional approach, these compartmentalised approaches

have been criticised for their difficulties in representing interdependent processes,
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such as how individuals interact with each other and their environment (through

space and time) (Auchincloss and Diez Roux, 2008). Equally, where there are many

parameters (e.g. vector-borne diseases with multiple hosts), the incorporated com-

plexity rapidly becomes unmanageable and “SIR models might not be the most

suitable tool to truly capture overall disease circulation within that environment”

(Roche et al., 2008). The homogeneous mixing in compartmental models means that

several factors are poorly represented, if at all, compared to a spatialised approach.

These factors include human behaviour and activity based movement, the density

and mobility of any disease vectors, and the influence of additional hosts.

1.6.2.2 Option 2: Meta-Population Models

Meta-population models consider a group of spatially separated populations of the

same species which interact at some level, and were first used to describe population

dynamics of insect pests in agricultural fields (Levins, 1969). In the Levin model,

meta-populations are distributed over ‘patches’ of habitat with population dynamic

models applied within each ‘patch’ and coupling links defined between ‘patches’.

Meta-population models are also used to model disease transmission by incorporat-

ing the traditional compartmentalised approach into the internal ‘patch’ equations

(Ball et al., 2015). The impact of additional degrees of freedom leads to increas-

ingly more complex partial differential equations to solve. Due to the nature of

meta-population models, they lend themselves well to cellular automata techniques

where each cell in a grid can represent a ‘patch’ and each ‘patch’ is affected only

by its internal equations, and that of its neighbours, allowing a spatially abstract

representation (Keymer et al., 1998).

Cellular automata (CA) are a type of spatially explicit model constructed on a

grid of cells. In their simplest form, CA can occupy a one-dimensional line. How-

ever, two-dimensional representations such as Conway’s Game of Life and Schelling’s

model of segregation (Schelling, 1972) allow the incorporation of spatial information
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in the model. Cells within a CA grid are attributed one of several states. Whether

this state remains the same or changes is typically governed by a simple set of rules

concerning the state of neighbouring cells. Decisions to be made include the number

of possible states that a cell can occupy, with the simplest example being binary (i.e.

on or off), and the type and size of the neighbourhood being considered. Examples

include an eight cell Moore neighbourhood, or a four cell Von Neumann neighbour-

hood, where a neighbourhood could include the nearest-neighbours of a cell, or also

the neighbours of neighbours and so on. Cells in a CA are always homogeneous and

dense, such that every cell in the grid is identical and can portray the same states.

Approaches to epidemiology in CAs include the spatialisation of SIR models

(e.g. White et al., 2007; Fuentes and Kuperman, 1999; Schimit and Monteiro, 2009).

Instead of using the homogeneous mixing approach to populations as is seen in

traditional SIR models, the incorporation of a CA means that populations can be

treated as individuals, and space dictates the spread of the disease. For example,

the population across a grid does not have to be evenly spread, and state changes

in the cells can indicate both the movement of people, and how outbreaks of the

disease propagate spatially. Critically, as the CA evolves, the updating of cell states

through time determines how the global behaviour of the system is influenced by

local interactions. Additional examples of studies which include SIR models on CA

grids can be found in investigations of foot and mouth (Doran and Laffan, 2005)

and avian influenza (Situngkir, 2004), amongst others.

Meta-population using CA models are limited to one type of entity or species,

whereas many systems consist of multiple heterogeneous individuals. These mod-

els are typically deterministic in that the outcome of the simulation will be the

same for a given set of initial parameters, whereas a degree of stochasticity can be

incorporated into a typical individual-based model with relative ease.
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1.6.2.3 Option 3: Individual-based models

Individual-based models are simulations based on the global consequences of local in-

teractions between members of a population with each other, and their environment

(Reynolds, 1987). Synonymous with individual-based models, agent-based models

(ABMs) are an object-oriented computational approach to modelling a system, fo-

cusing on the interactions of autonomous agents, and aiming to assess the impact

of these agents and their interactions on the system as a whole. Indeed, Farmer

and Foley (2009) state that “an agent-based model is a computerized simulation

of a number of decision-makers (agents) and institutions, which interact through

prescribed rules.” Object-oriented programming is a paradigm which groups data

(rules and operations), behaviour and state into units called objects (An et al., 2005),

which provides one of the obvious distinctions between CAs and ABMs: a CA pro-

gram will typically iterate through the cells in the grid per time-step, whereas an

ABM with iterate through the individuals or objects. Axelrod (1997) suggests that

ABMs are a “third way” to conduct scientific research, incorporating both deductive

(ABMs start with basic assumptions) and inductive (produces simulation data to

analyse) approaches.

The use of agent-based models (ABMs) as a unique means of capturing human

systems is well documented (e.g. Bonabeau, 2002). Examples range from spatially

abstract environments such as Sugarscape (Epstein and Axtell, 1996), to applica-

tions which require greater detail regarding space representation and human move-

ment, such as carnival crowd control (Batty et al., 2003) and evacuation planning

(Chen and Zhan, 2006).

One of the most well cited examples of an ABM is Reynolds (1987) investigation

of flocking birds. Reynolds found that using very simple rule-sets for individual bird

agents such as, steering to avoid crowding, steering towards the average heading of

local agents, and steering towards the centre of mass of local agents, emergent group

behaviour was established. Indeed, the result was a non-colliding aggregate motion
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which resembled the movement of flocking birds. This emergent group behaviour,

produced from a set of agents programmed to work independently, could be extended

to show how the flocks would avoid obstacles and regroup, and provides an important

example of the simple assumptions which provide the basis of an ABM rule set, and

the more complex emergent phenomena which is produced. ABMs have frequently

been applied to the modelling of disease transmission, and the testing of future

possible scenarios for disease progression and mitigation (e.g. Yang et al., 2009;

Epstein, 2009; Ferguson et al., 2006; Germann et al., 2006; Lee et al., 2010; Longini

et al., 2005).

Although ABMs are frequently used to gain a greater understanding of the sys-

tem under investigation and consider what if scenarios (An, 2012), their usefulness

in complex systems has been questioned (e.g. Couclelis, 2001), and difficulties with

validation and local scale prediction have been highlighted (Lempert, 2002; Parker

et al., 2003; Matthews et al., 2007). Despite this, Seppelt et al. (2009), consider

ABMs to be a useful ‘virtual landscape lab’, providing that models contain an ad-

equate degree of complexity, that data is available, and that model performance is

tested.

1.6.2.4 Summary

The components of population, meta-population and individual-based models have

been described and discussed with reference to examples in the literature. Table 1.5

summarises the pros and cons of each possible technique. It has been highlighted

that both population and meta-population approaches are limited in the detail which

can be represented, whether this be spatial heterogeneity, heterogeneous mixing of

individuals, or direct interactions between entities. Previous sections of this thesis

identified that the fine-scale interactions between hosts and vectors is key to gaining

an understanding of HAT dynamics. Based on the information outlined in the re-

view of the different modelling techniques above, it appears that an ABM approach
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suits both the geographical area of study and the aims of the investigation above

population-based techniques. Both types of population-based models are noted to

struggle with the representation of geographical space, the incorporation of multiple

different entities, the modelling of interactions between individuals, and incorporat-

ing variation between individuals. Given the local scale of this investigation, and

the detailed nature in which we intend to model individuals with differing daily

routines, these limitations are very important. Additionally, being unable to ac-

curately represent geographical space in a sparsely populated environment would

undoubtedly result in problems when polling contacts and infection: one can see

that homogeneous mixing in an environment when contact probabilities may vary

on a steep gradient may not be the best approach. As such, the construction of an

ABM has been identified as the method of choice for this investigation.

1.6.3 Examples of ABMs in Epidemiology

1.6.3.1 ABMs and spatial epidemiology

Agent-based modelling provides a means of modelling disease transmission with

a spatialised approach, incorporating factors which are often overlooked, such as:

human behaviour and activity-based movement, the density and mobility of the

disease vectors, and the influence of additional hosts (Muller et al., 2004).

Lambin et al. (2010) review the merits of using multi-agent simulations (MAS)

to model disease transmission, concluding that the technique is a good method of

acquiring preliminary knowledge of a disease system, and that the representation

of the dynamics of people-vector contacts in space and time are ideal to investigate

scenarios that have not previously been observed or explored. In the context of

sleeping sickness and this investigation, the modelling of people-vector contacts is

of particular significance given that the majority of current mitigation strategies

focus on the control of tsetse fly movement and density. Lambin et al. (2010) also

consider the incorporation of geographical information in epidemiological models
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Model Type Pros Cons

Population Fast computation. Do not capture interdependent pro-

cesses.

High-level understanding. With parameter addition, complex-

ity rapidly becomes unmanageable.

Generalised results. Doesn’t capture spatial or demo-

graphic heterogeneity.

Low data requirements. Can only model single enti-

ty/species.

Meta-population Spatially explicit. Do not capture interdependent pro-

cesses.

Fast computation. With parameter addition, complex-

ity rapidly becomes unmanageable.

High-level understanding. Spatial heterogeneity is abstract.

Generalised results. Can only model single enti-

ty/species.

Low data requirements.

Individual-based Spatially explicit. Slow computation.

model Model individual interactions be-

tween agents and environment.

Large amount of data input re-

quired.

Multiple species/entities. Output is specific to input (i.e.

place, population, disease).

Table 1.5: Summary of key pros and cons for each model type discussed in this

thesis
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through the use of MAS, such as the impact of land-use and land cover change. The

report suggests that the benefits include an increased knowledge of transmission

cycles, allowing the construction of “pathogenic landscapes” which can subsequently

provide an early warning of increased transmission risk.

The benefits of incorporating geographical data into epidemiological models can

be observed widely in the literature. For example, Raffy and Tran (2005) note

that landscape features largely control the connectivity between hosts and vector

habitats, inhibiting movement, and ultimately modifying disease risk. Similarly, one

of the least well integrated factors in traditional landscape epidemiology is human

behaviour (Lambin et al., 2010). Despite this, different risk perceptions between men

and women, and also by permanent and part-time residents of endemic areas, has

been shown to influence the adoption of preventative measures and ultimately vary

transmission risk (e.g. Stjernberg and Berglund, 2005). The way spatial factors (e.g.

hydrology and vegetation) change over time is also a crucial factor when simulating

transmission, particularly if the model is to be used as a warning system. A simple

example of this may be a water source which can flood or dry out periodically during

the year. This spatial variation may not be captured in a static mathematical model,

but can have implications for the connectivity between vector and host, as hosts

cannot use a dried up river as a water source, and the absence of water may severely

damage a vector’s habitat, reducing the degree and range of the risk of transmission.

Soti et al. (2009) presented such an example in Ferlo, Senegal, where the modelling

of spatial and temporal variation in water level aided the simulation of mosquito

population dynamics, highlighting the fluctuating risk of infection from rift valley

fever.

While there are many more examples in the literature, those presented above

highlight the importance of incorporating spatio-temporal and cultural data for

accurate epidemiological models.
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At present, human behaviour is an additional factor considered to be ignored or

given less emphasis in epidemiological study (Lambin et al., 2010). As previously

mentioned, ABMs are particularly useful when aiming to model the interactions

between agents, and between agents and their environments. The modelling of this

social contact structure, along with daily activity routines, are noted as being of im-

portance when aiming to model the diffusion of infectious diseases, and subsequently,

in designing policies for disease mitigation (e.g. Eubank et al., 2004; Epstein, 2009).

Another advantage of an ABM in epidemiology is the stochastic nature by which

human agents become infected (Perez and Dragicevic, 2009), with the model land-

scape creating variation in the timing, location and probability of infection as a

result of the landscape’s influence in creating variability in contact patterns (Stroud

et al., 2007; Yang et al., 2008).

The following two examples show how ABMs can be incorporated into the study

of vector-borne diseases. Of particular significance to the proposed investigation,

the following malaria study tests a scenario for a local preventative measure: the

elimination of localised habitats. In this example, hypothetical villages were cre-

ated in grid-based landscapes with aquatic habitats randomly distributed across the

landscapes, with numbers of houses and habitats similar to African rural commu-

nities (Gu and Novak, 2009). The mosquito model was detailed, and included the

mosquito life-cycle including reproduction, larval, and immature stages. To avoid

overpopulation of habitats, they were allowed to become saturated, with a limit of

5000 eggs per habitat set. Once the mosquitoes were considered to have entered

adulthood, they could be one of three statuses; newly emerged, host-seeking, and

gravid mosquitoes. Their movement consisted of two phases; random flight and

directional flight. This second stage took place when a mosquito was in close prox-

imity to a resource cell. While the households were populated with between two and

five people, their movement was not described. A total of 63 scenarios were tested,

where different landscapes, and different degrees of source reduction (eliminating
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all habitats within 100 m, 200 m and 300 m of households). It was found that

the malaria incidence was reduced by 13%, 91% and 94% for 100 m, 200 m, and

300 m respectively. These targeted interventions were much more successful than

simulated randomised source elimination (4%, 20%, and 43% for 100 m, 200 m, and

300 m of grid area). The most important finding from this study is that the pre-

conceived area required to eliminate for successful reduction in malaria instance was

2 km around villages. Secondly, the paper suggested that the spatial connectivity

between households and habitats is at least, if not more, important than mosquito

productivity in targeting areas for source reduction.

In the field of chagas research, Devillers et al. (2008) constructed an ABM to

investigate the prevalence of two strains of T. cruzi in a spatially homogeneous

environment. In an attempt to gain greater insight into the transmission process

of the disease, multiple versions of the model were tested and it was found that

the inclusion of reservoir hosts as an additional agent type was required to obtain

realistic simulation results for the prevalence of both parasite strains. This highlights

the power of ABMs: to be able to test different parameter scenarios, and be able to

add and remove different agent classes to the model with relative ease.

1.6.3.2 ABMs and sleeping sickness

Examples of ABMs which investigate sleeping sickness are relatively rare in the lit-

erature. One example simulates disease transmission in the Bipindi sleeping sickness

focus in southern Cameroon (Muller et al., 2004). While this is a detailed description

of an ABM for the simulation of sleeping sickness, it is an exploratory study, which

focuses on testing the capabilities of the model rather than producing any predictive

results. Nevertheless, since this is the only ABM of sleeping sickness found in the

literature, it is directly relevant to this study.

The authors introduced a spatialised approach, noting that the ABM technique

allows the dynamic occupation of space which is not integrated in deterministic
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models, while suggesting that the domain area is of particular interest, given that

the sustained low-level transmission over a period of years is an epidemiological

enigma (Gouteux et al., 2000).

The model focuses on the Gambian form of the disease and was limited to six

or thirteen simulated years, incorporating tsetse fly vectors, a parasite incubation

period in the fly, and humans as hosts. Animals are not included as agents, although

their numbers per location are taken into account. The model eminated from the

village of Lambi, which has a simulated population of 500 inhabitants and is the

epicentre of the disease focus in the region. With Lambi at the centre, an area with

a 3 km radius was simulated, containing a population of 5000 tsetse flies. Within the

model, sedentary humans (those who don’t leave the village) are thought to make

up 10% of the population. Through experimentation, Muller et al. (2004) found

that when reducing the number of agents in the model by a factor of 10, no adverse

effects on the system occurred.

The authors modelled tsetse movements as random. However, they noted that an

upgraded version of the simulation was in production which would better represent

the behavioural complexity of the tsetse fly, with the aid of linking with a GIS.

Unfortunately a journal article on this model does not appear to have been produced.

It was suggested that further explorative simulations need to be conducted, along

with a general sensitivity study. While not currently explored, it was suggested

that future models may be able to show that the presence of an animal reservoir

is partially responsible for the observed stability in the disease spread. It also

appears from the results that a greater degree of spatial complexity in the simulation

contributes to this stability.

1.6.4 The Role of Human Movements

As with all vector-borne diseases, the contact pattern between vector and host is

integral to the transmission of the disease. Therefore, an understanding of human
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movements in the study region, and how this affects exposure to the tsetse fly, is an

important aspect of this investigation.

1.6.4.1 Human movement and exposure

Humans are exposed to a variety of hazards as part of their everyday routines, which,

in turn, carry associated risks (e.g. Wisner and Luce, 1993). Unfortunately, a degree

of exposure to such hazards is often unavoidable in order to obtain the resources

upon which humans depend. Indeed, examples range from the financial resources

obtained from attending work which potentially exposes people to diseases such as

influenza (Sandoval et al., 2016), to collecting basic water resources from a river

with contaminated water (Fong and Lipp, 2005), or surrounded by mosquito- or

tsetse fly-infested bush (Hay et al., 2004; Muller et al., 2004). Given that exposure

is at the heart of the disease transmission problem, the study of human movements

can provide important information on how exposure to such hazards varies through

time and space, with potential implications in policy making and risk mitigation

(e.g. Prothero, 1977; Epstein, 2009; Lee et al., 2010; Bogaards et al., 2011; Van de

Velde et al., 2010).

1.6.4.2 Human movement and epidemiology

Traditionally, epidemiological research has viewed human movement at a compara-

tively low resolution, considering the movement of susceptible host populations into

high risk areas, or the migration of infected hosts into susceptible populations, as

a means of explaining disease spread (Stoddard et al., 2009). Examples of such

approaches can be found for HIV (e.g. Decosas et al., 1995), measles (e.g. Grenfell

et al., 2001), tuberculosis (e.g. Pareek et al., 2016; van der Werf et al., 2016), and

also the vector-borne diseases Japanese encephalitis virus (e.g. Yoshikawa et al.,

2016), chagas (e.g. Schmunis, 2007), dengue (e.g. Hou et al., 2016) and malaria

(e.g. Cruz Marques, 1987; Conn et al., 2002; Martens and Hall, 2000), among many
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others. However, for vector-borne diseases, heterogeneity in the contact patterns

between vectors and hosts is frequently observed (e.g. Galvani and May, 2005; Shaw

et al., 1998; Woolhouse et al., 1997) and, as a result, an understanding of how this

variability can amplify (e.g. Anderson and May, 1992; May, 2006), or dampen (e.g.

Smith et al., 2007), transmission rates could be of particular use in targeting dis-

ease surveillance or prevention programmes. This could be achieved by highlighting

specific transmission nodes to target spatially (e.g. showing areas where vector-host

contacts are particularly high), but also by helping to identify the characteristics

of hosts which are important in the transmission process (Eubank et al., 2004),

possibly based on the daily movement activity of different potential hosts.

1.6.4.3 Modelling human movements

Human movements can be modelled using the idea of an ‘activity space’, where the

space applies to the locations where people spend most of their time, and movement

refers to the use of these locations (for example, the frequency and length of visits)

(Stoddard et al., 2009). Perkins et al. (2014) present a modelling framework which

integrates five distinct aspects of movement including: the number of locations in

the activity space, the location type, their distances from home locations, and the

frequency and duration of visits. With this information, the framework allows for

the simulation of locations within the activity space, and parameters that govern

a stochastic movement process between locations. While this example focuses on

time allocations for human movements in an urban environment, spatial heterogene-

ity could be more significant in a sparsely populated rural setting, where changes in

land cover can affect not only the exposure, but routes taken between places within

the activity zone. Given that a higher level of detail might be required to accurately

model human movements in this scenario, pathfinding techniques which are more

commonly used in the field of artificial intelligence (e.g. Sharon et al., 2013; Milling-
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ton and Funge, 2016; Korf, 2010) will be included as an alternative approach which

would readily incorporate information about the terrain over which people travel.

1.6.4.4 A* Pathfinding

Pathfinding techniques can be simple to calculate, such as the Euclidean distance be-

tween two points, or computationally demanding, for example, Dijkstra’s algorithm

(Dijkstra, 1959). A* pathfinding, a technique more commonly used in the produc-

tion of computer games (e.g. Stout, 1996; Khantanapoka and Chinnasarn, 2009; Hu

et al., 2012), UAVs and mazes (e.g. Sathyaraj et al., 2008; Xiang Liu and Daoxiong

Gong, 2011), and pedestrian/traffic models (Kamalanathsharma and Rakha, 2013),

is based on Dijkstra’s algorithm, but with a modifiable heuristic which can reduce

computational cost, by limiting the search area based on the distance to the goal.

Figure 1.34 shows how A* produces output which fits somewhere between the

output from an implementation of Dijkstra’s algorithm, and a greedy, best-first

search path (e.g. Xie et al., 2014) between points A and B. Dijkstra’s algorithm,

often referred to as flood-fill, produces a route after methodically considering every

cell in the grid (dispersing in a 360◦ direction from the start point) until the goal

is reached. This technique is particularly suited to examples such as mazes, where

the majority of cells are considered obstacles, due to the high computational cost of

checking the value of every available cell. Due to the large open spaces available in

the study area, a large number of cells are potential moving points, and therefore

the computational cost would be high.

While A* would get the same result as Dijkstra with the same cost surface, the

resultant path can be achieved more quickly as the search is more directed with

the inclusion of the Euclidean distance from each searched cell to the goal. This

dramatically reduces the number of cells which are considered as possible steps along

a potential route. For this reason, A* has been chosen as a means for calculating

human movements in the current investigation.
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Figure 1.34: An example of different paths that would be produced by different

pathfinding techniques for three simple scenarios. Orange and red cells represent

the start and goal respectively. Yellow cells represent the calculated path, while

blue cells represent the algorithm’s search area. Black cells represent an obstruction

which cannot be passed by the pathfinding technique, while green cells represent a

passable, but higher cost region. The 9 examples highlight how A* can draw on the

benefits of both more extreme techniques in terms of search area and path quality,

and is the only technique where a ‘decision’ is made about the relative cost of indrect

travel vs. the value of impedance in the cells.

To implement an A* pathfinding algorithm, a cost surface should be created to

define the level of impedance in each cell, which is dictated by the type of surface

that cell represents (e.g. road suggests a high flow of movement, while thick bush

would slow movement in comparison). By iterative process, assuming a movement
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between arbitrary start and goal, the algorithm assesses the cost of moving to each

of its eight neighbouring cells based on the summation of two factors; g and h:

f(child) = g(child) + h(child) (1.1)

g(child) = f(parent) + Cα (1.2)

The g score represents the cost of movement between the start and the current

cell, which is known and includes accurate surface costs thus far, while the h score

is the remaining linear distance to the goal. C represents the cost of moving from

the current cell to the next (potential) cell, which varies depending on the surface

value, or impedance level. α represents the weighting of the movement cost with a

higher value of α resulting in the algorithm favouring low cost cells over the most

direct route.

At each iteration the optimal cell is selected from the eight neighbours, which

represents the best path to take (lowest f(n)), and made into the ‘child’ of the

current cell before it itself becomes the ‘current cell’ in the next iteration. This

means that the algorithm creates a trail of cells that results in the path so far,

which is linked by parent-child connections. By taking this approach, this also

means that there could be multiple potential paths during the process. When one

of these potential paths reaches the goal, the parent-child connections from goal to

start are declared the best possible route, and the algorithm ends by creating a list

of these cells.

In the real world, when a person chooses a route of travel there is often a con-

flict between the most direct path, and the ‘easiest’ path to the destination, often

resulting in a compromise. α can be varied to calibrate the model to incorporate

the correct ‘directness’ of movement observed in a sample population, with known

start and goal locations, and an appropriate resolution cost surface.
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1.6.5 Simulation and Generalisation

1.6.5.1 Simulation and Generalisation

When developing a simulation model of a complex real world system, it is essential

to capture the information that is relevant for the model’s purpose while minimis-

ing the irrelevant information, through generalisation (Weibel and Dutton, 1999).

While traditionally used for cartography, generalisation is now applied to the digital

domain, in the form of object and model generalisation. The following sub-sections

highlight the main objectives of these types of generalisation, and how they can be

applied to the building of an ABM.

1.6.5.2 Object Generalisation

Since models are abstract representations of the real world system of choice, a degree

of object generalisation must take place. This involves selecting only the relevant

information for the application, through defining the relevant object classes, along

with their attributes and relations, as well as sampling methods and interpretation.

For example, for an ABM of a traffic system in a city, it would be sensible to identify

the automobiles as the relevant objects, while humans are not necessarily required to

be modelled individually. This would result in an abstract model, where automobile

objects are defined with decision-making attributes to represent the human driver

behaviour.

1.6.5.3 Model Generalisation

Model generalisation is specific to the digital domain, in that it focuses on reducing

information to allow for reduced data storage and increased computational efficiency

(Weibel and Dutton, 1999). It is used to develop more special-purpose models with

a reduced resolution from the model initially developed using object generalisation

alone. Continuing with the example from above, this could involve using a lower
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resolution grid for the automobiles use, rather than a detailed road map, to allow

the computational power required to be reduced. Another way to utilise model

generalisation in this example could be to determine the more popular roads/routes

used, and not include those that are rarely part of a route, thus, reducing the data

storage required.

1.6.5.4 Agent-Based Models and Calibration

As described in the previous section, models are an abstract representation of reality.

To be of predictive use in the real world, a degree of calibration and validation must

take place. Indeed, with the rapid advancement of computational power over the

knowledge of environmental systems and their analysis, it is becoming increasingly

important to make sure that data are available for calibration and that the model’s

performance is tested regularly (e.g. Seppelt et al., 2009).

A recurring theme in the earlier review is the importance of the ability to in-

corporate space in ABMs and how the dynamic occupation of space can lead to

variability in disease transmission through the promotion and inhibition of contacts

between vectors and hosts. Given these findings, and the fine scale at which we wish

to construct a modelling tool, the accurate modelling of human movements is a key

factor as this will vary their exposure to disease-bearing tsetse.

1.7 Aims, Objectives & Research Questions

A general aim was identified at the beginning of the thesis:

“The research aims to produce a modelling framework which can be used to simu-

late fine scale transmission zones for rHAT sleeping sickness in the Luangwa Valley,

Zambia. To produce a plausible model at this scale, the role of human movements

and activity in influencing disease transmission rates will be a focus. The product of
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the resultant simulations may be useful in identifying methods to mitigate the disease

at a local level, particularly through the use of scenario testing.”

The following sections present research questions and objectives, drawing on the

information acquired across the preceding literature review, the data available for

the investigation, and assessment of appropriate modelling methods.

1.7.0.1 Research Questions

Drawing on information from the review, three research questions have been identi-

fied:

1. Through the use of remotely acquired information and questionnaire output,

is it possible to adequately simulate movement times to vital resources for a

set of individuals across villages in a study area?

2. Is it possible to produce a detailed model of rHAT sleeping sickness transmis-

sion at a fine spatial scale, which produces plausible local disease incidence

output?

3. Conditional upon the plausibility of the chosen model as representing the real

situation in the Luangwa Valley system, what is the effect on local incidence

of AAT and HAT of population growth in the area?

1.7.0.2 Objectives

Objective 1: Modelling human movements to resources. The first stage of

model development, presented in chapter 2, is to draw on A* pathfinding techniques

and collected human movement questionnaire data for the region to estimate plau-

sible paths between households in the study area, and the required resources. The

initial framework of the ABM will be constructed, and used to simulate movements

along these paths for calibration. The goal of this first iteration of the simulation is
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to investigate whether, with remotely acquired information and questionnaire out-

put, it is possible to accurately generate movement times to water resources (as

an example) for different agents generated across the villages in the simulation re-

gion. This is deemed important considering the sparsity of literature concerned

with calibrating human movements in ABMs. Similarly, human movements are an

important control on exposure to several of hazards, including disease-bearing flies

and, therefore, an important aspect to model accurately before further progression

of the model.

Objective 2: Incorporating a fly model and transmission parameters. A

detailed fly model will be added to the ABM to allow the modelling of rHAT trans-

mission at the individual level, between tsetse and human, cattle, domestic animal

and wildlife hosts. Completion of this objective will allow a greater knowledge of

disease dynamics in the specific region, by incorporating previously acquired spatial

data and applying the daily routine patterns established in the villager question-

naire, to agents in the simulation. To complete the objective, numerous parameters

which control how the vector interacts with the host will be varied and investigated.

These will include, for example, varying how the flies move, how far from their habi-

tat they can seek food, and the probabilities associated with a successful bite on a

human vs. an animal. Through the investigation of these parameters, it should be

possible to establish what values are required in the model to invoke an epidemic, to

reflect the current situation, and most importantly, to reduce disease transmission.

This research is presented in chapter 3, while the inclusion of a seasonality driven

tsetse population is presented in chapter 4.

Objective 3: Scenario Testing: Population Growth. Once the parameters

required for current disease patterns are established, changes to the model can be

tested as potential future scenarios. One such scenario for inclusion is the potential

for growth in the population within the study area, given the previously discussed
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reported recent and expected future migration into the region, and the impact this

has had on tsetse habitat, but also connectivity between human and domestic animal

host, the vector and the wildlife reservoir and therefore rHAT transmission. This

presents a relevant scenario for both the region, but also the modelling technique,

given the importance of variation in the contact network. This research is presented

in chapter 5.
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Chapter 2

Analysis 1

This chapter presents the first stage of model development - modelling human move-

ments to water resources, working towards objective 1.

The first stage of model development draws on A* pathfinding techniques and

collected human movement questionnaire data for the region to estimate plausible

paths between households in the study area, and required water resources. The

initial framework of the ABM is constructed, and used to simulate movements along

these paths for calibration. The goal of this first iteration of the simulation is to

investigate whether, with remotely acquired information and questionnaire output, it

is possible to accurately generate movement times to water resources (as an example)

for different agents generated across the villages in the simulation region. This is

deemed important considering the sparsity of literature concerned with calibrating

human movements in ABMs. Similarly, human movements are an important control

on exposure to several of hazards, including disease-bearing flies and, therefore, an

important aspect to model accurately before further progression of the model.
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Abstract
In this research, an agent-based model (ABM) was developed to generate human move-

ment routes between homes and water resources in a rural setting, given commonly avail-

able geospatial datasets on population distribution, land cover and landscape resources.

ABMs are an object-oriented computational approach to modelling a system, focusing on

the interactions of autonomous agents, and aiming to assess the impact of these agents

and their interactions on the system as a whole. An A* pathfinding algorithm was imple-

mented to produce walking routes, given data on the terrain in the area. A* is an extension

of Dijkstra’s algorithm with an enhanced time performance through the use of heuristics. In

this example, it was possible to impute daily activity movement patterns to the water

resource for all villages in a 75 km long study transect across the Luangwa Valley, Zambia,

and the simulated human movements were statistically similar to empirical observations on

travel times to the water resource (Chi-squared, 95% confidence interval). This indicates

that it is possible to produce realistic data regarding human movements without costly mea-

surement as is commonly achieved, for example, through GPS, or retrospective or real-time

diaries. The approach is transferable between different geographical locations, and the

product can be useful in providing an insight into human movement patterns, and therefore

has use in many human exposure-related applications, specifically epidemiological
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research in rural areas, where spatial heterogeneity in the disease landscape, and space-

time proximity of individuals, can play a crucial role in disease spread.

Introduction

Risk, exposure and human movements
Humans are exposed to a variety of hazards as part of their everyday routines which, in turn,
carry associated risks [1].

Whether the hazard is physical degradation [2], disease-bearing flies [3], or chemical toxins
[4], a high degree of exposure can result in considerable risk to human health and wellbeing
[5]. Unfortunately, a degree of exposure to such hazards is often unavoidable in order to obtain
the resources upon which humans depend. Indeed, examples range from the financial
resources obtained from attending work which potentially exposes people to influenza, to col-
lecting basic water resources from a river surrounded by mosquito- or tsetse fly-infested bush.
Given that exposure is at the heart of this problem, the study of human movements can provide
important information on how exposure to such hazards varies through time and space, with
potential implications in policy making and risk mitigation [6].

Gaining an insight into the dynamics of a disease can be crucial in developing forms of con-
trol and mitigation, whether this is reducing the impact of nodes or hubs which exhibit high
infection rates, or disconnecting areas to limit infection pathways. One means of gaining this
understanding of disease dynamics is the investigation of human movements relative to patho-
gen prevalence and host abundance, whether these are migratory flows over large geographical
areas [7, 8], or daily movement routines of individuals within or between local settlements [9].
Although the measurement of human movements is primary, and can be captured through the
use of, for example, mobile phone data [10], GPS, and individual diaries, these data are not
always readily available or accessible, due to a lack of human or financial resources, or possible
privacy concerns. Furthermore, the lack of available literature which considers individual
human movement patterns has been highlighted [9].

Modelling human movement patterns is an alternative approach to direct measurement,
and literature exists which considers ‘activity spaces’, including patterns concerning time allo-
cations at different locations and frequency of these trips from a home site [11, 12]. Although
this helps gain an understanding of people’s routines and, therefore, of periods when people
might be exposed to hazards due to their location, often the journey itself is not modelled in
detail. For urban settings, indoor or in-vehicle activity spaces are primary. However, where the
hazard occurs outdoors, and given the degree of spatial heterogeneity in some rural environ-
ments combined with often long journeys by foot, exposure along a route is primary. As a
result, this paper utilises a novel approach to model human movements in a rural setting in
Africa, using a pathfinding algorithm which calculates a path between home and resource
based on information about the surroundings.

Agent-based models provide a useful tool for the exploration of fine scale human move-
ments as they, by definition, simulate the behaviour of individuals. Furthermore, the ability to
incorporate spatial heterogeneity at a similarly fine scale through the incorporation of land-
cover data means that the influence of an individual’s surroundings can be considered for even
very short journeys. We argue that, through the implementation of an agent-based model, it is
possible to estimate human movement patterns in rural settings and, thus, exposure to a given
hazard, based on knowledge only of the spatial distributions of the (i) human population, (ii)
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resources upon which humans depend, (iii) landscape through which humans must travel in
order to reach the necessary resources, and (iv) the hazard.

Agent-based models
Agent-based models are a class of computational models for exploring a system through the
simulation of the interactions between individuals using simple rules, with often quite complex,
emergent behaviour [13], and have been considered a “third-way” of conducting scientific
research through the incorporation of both deductive and inductive approaches [14].

The use of agent-based models (ABMs) as a unique means of capturing human systems is
well documented [15]. Examples range from spatially abstract environments such as Sugars-
cape [16], to applications which require greater detail regarding space representation and
human movement, such as carnival crowd control [17] and evacuation planning [18].

ABMs focus on interactions (agent-agent, agent-environment) in ways that other modelling
techniques find difficult to capture [19]. This leads to notable success for ABMs in domains
like traffic and pedestrian flow where the interaction between vehicles or people can be mod-
elled [20].

Calibrating ABMs
For ABMs to be predictively useful, the basic assumptions about movement rates and move-
ment strategies must be well founded (e.g. cars move at the right speed, people fighting to get
out of a burning plane move plausibly, etc.). As a result, there exists a strong motivation for
developing methods for calibrating an agent’s movement strategies against data. As researchers
must often accept data in the form that they are provided (e.g. census, surveys, mobile phone
records, etc.) there is a need for flexible methods for comparing a process model (an initial the-
ory of what people do, applied to a set of agents) to data from the real world in any arbitrary
form. The detail captured in ABMs is particularly useful here because it makes possible the
simulation of arbitrary data collection methods in the model, to match those in the real world,
thus, allowing a direct comparison for calibration purposes.

In statistical model fitting, as practiced in much of empirical science, there are well estab-
lished techniques (e.g., method of maximum likelihood) for deciding which of a suite of possi-
ble statistical models gives the best fit to data. However, while conceptual frameworks for
spatially explicit ABMs in epidemiology have been formulated [21] and explored [22], at pres-
ent, little information is available in the literature concerning how real world data can be used
to calibrate simulated human movements in an epidemiological ABM. Thus, a challenge to the
wider acceptance of ABMs is the lack of universally agreed methods for calibrating them
against data. Given the additional issue that calibration data are not always available for ABM
studies due to the issues of cost and accessibility discussed previously, ABM construction can
be hindered, and this could be one of the reasons why there are relatively few studies presenting
epidemiological ABMs in the literature. As a result of these factors, many ABMs are not cali-
brated to data at all and are left as suggestive, approximate theoretical exercises.

Recent developments in the study of spatial epidemiology have seen ABMs applied to sys-
tems involving multiple classes of agents (e.g., human, livestock, fly) to investigate disease
transmission [23]. As with the examples of social systems provided above, the resolution at
which movements through space and time need to be represented varies in the field of epidemi-
ology. When considering the average flows of people at a national or continental scale over a
long period of time (when investigating, e.g., the large area prevalence of a disease such as
malaria) modelling the daily frequency and direction of individual’s movements may not be
that useful. However, when investigating a vector-borne disease in a sparsely populated
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environment at a local scale, the spatial locations of hosts and vectors are likely to be of funda-
mental importance to disease dynamics [24]. Indeed, capturing the spatial heterogeneity of a
study area in landscape epidemiology can be an integral component of a realistic disease simu-
lation [25].

As part of an existing interest in modelling the epidemiology of Human African Trypanoso-
miasis (HAT, or more commonly, sleeping sickness) and Animal African Trypanosomiasis
(AAT, also referred to as Nagana), we previously constructed a simplified ABM of humans,
cattle and tsetse flies [26]. As sleeping sickness is a neglected tropical disease, the prospect for
development of new, more effective treatments in the near future is limited, with out-of-date,
difficult to administer, and partially validated treatments currently in use [27–29]. Unfortu-
nately, where tools are available, HAT is rarely prioritised due to competing public health inter-
ests [30]. As a result, public health policy is critical, and appropriate control methods will
require a greater understanding of disease dynamics [31]. ABMs used wisely can potentially
lead to better informed public health policy. However, an accurately calibrated model is
required to make any simulated predictions of disease prevalence sufficiently representative
and, thus, potentially useful as a decision-support tool.

This paper demonstrates the potential use of ABMs as tools for generating human move-
ment patterns, which could subsequently be used for a range of potential applications including
assessment of individual exposure to biting insects such as mosquitoes and tsetse flies, contact
probabilities and, thus, transmission pathways and potential. The approach depends only on
an initial distribution of agents, resource locations, and a given landscape (capturing the diffi-
culty of traversing elements in the landscape), and fairly well accepted assumptions about peo-
ple’s daily resource requirements. In this study area, these include frequent trips to water and
for the collection of firewood, children’s trips to school in the morning or afternoon, less fre-
quent trips to market, and work in the fields. Thus, this paper proposes for the first time the
use of ABMs to simulate human movements based only on widely available geospatial datasets,
as an alternative to expensivemeasurement of human movements, for use in epidemiological
studies. The implication is that plausible movement patterns can be generated for any similar
location, with limited need for human movement data. Using extensive household survey data
from the Luangwa Valley, Zambia, a method for calibrating human agent movements against
real world data in epidemiological ABMs was explored, demonstrating that the ABMmethod
proposed here is able to predict human movements accurately.

Methods
The resources and techniques used to construct the ABM for human movement are shown in
the form of a flowchart in Fig 1. The open source software Quantum GIS and Python 2.7 were
used for image processing and model construction, respectively.

Land Cover Classification and Cost Surface
When a person moves from A to B, their chosen route is often influenced by the terrain ahead
of them. To incorporate this decision process into the ABMmodel, a cost surface of the study
area was generated. Specifically, a Landsat image of the study area with a spatial resolution of
30 m was used to produce a land cover classification, dividing the region into areas of bush
(high cost), farmland and cleared land (low cost). These classes allow different speeds of
human movement (4 or 5 or 6 km hr-1) based on modifications of the movement speeds used
in [32] and, therefore, need to be considered as potential facilitators or inhibitors when deter-
mining human routes to resources. Subsequently, where agent routes traverse different classes
of land cover, these data can be used to define the speed at which people move through them.
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Fig 1. Flow chart of all methods used to produce the agent paths andmovement times to calibrate to
real world data.

doi:10.1371/journal.pone.0139505.g001
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The incorporation of this technique may be important as exposure to different risks can be
reduced or heightened depending on the precise route of human movement, but also by how
long it takes for an individual to cross through one of these zones. Although it is acknowledged
that variations in elevation can play a role in varying path choice and movement speed, the set-
tled area under investigation is relatively flat with only a gentle south-to-north slope, and thus
elevation was not considered in this iteration of the model as a result.

A* Pathfinding Algorithm
Many different methods can be used to simulate human movements in an ABM. At two
extremes, one could simulate linear movement by programming the agent to move along a
Euclidean path between start and goal, or use an implementation of Dijkstra’s flood fill algo-
rithm to ensure the least cost route is taken from cell to cell or pixel to pixel, regardless of how
direct it is. In real world terms, the first approach simulates a person who wants to get from
point A to point B as fast as possible, assuming that there are no obstacles in the way, and that
the terrain underfoot is uniform, whereas the second approach simulates a person who will get
from A to B eventually, at minimal cost to them (e.g. avoiding unfavourable land cover etc.).

Something more complicated than either of the above options is likely to be a better match
to reality, and this requires finding a balance between the two. Indeed, while it is often impor-
tant to move as directly as possible to a goal, certain areas along this direct route may be
impassable or at a higher cost than the individual is willing to allow.

Although numerous pathfinding algorithms have been used in the literature, A� [33] was
used in this research as it was considered to be the technique which most accurately replicates
the process by which a human would devise a route to goal, while having the added advantage
of being computationally economical.

By combining a Euclidean distance heuristic (i.e. the straight line route from start to goal),
with the previously described cost surface, a search which resembles a ‘directed flood fill’ is pro-
duced. In this sense, while the cost surface between different pixels from start to goal remains
constant, the most efficient straight line route is preferred. However, when a higher cost region
is encountered along the path, the algorithm will decide whether the optimal route is to travel
around the high cost area, or through it, in order to continue moving towards the goal.

Questionnaire Data
Information regarding the time people take to collect domestic water was collected as part of a
wider human movement questionnaire in the Luangwa Valley, Zambia, in June 2013 (S1
Appendix). The valley is an extension of the Great Rift Valley in East Africa, and lies across the
Eastern and Northern Provinces of Zambia Fig 2. The survey was administered to a sample of
94 individual households. Individual-level information such as sex, age and relationship to
household head was collected, along with their village role, and the amount of time an individ-
ual thought it took them to make a single journey to the water source of their choice. Informa-
tion was also recorded on the frequency of these collections, including number of collections
per day, and whether these occur in the morning, afternoon or evening. While the sample’s
household locations were identified using GPS, along with the locations of a number of bore-
holes, as the data collectors could not accompany each individual on a trip to water, the exact
location of different riverine water sources was not recorded.

Multi-Layer Input Map
The GPS coordinates obtained for household location were overlain on fine spatial resolution
Bing aerial imagery, accessed through the open layers plug-in in QGIS. The previously
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mentioned 30 m spatial resolution land cover classification was then overlain on this finer spa-
tial resolution imagery, before cross-referencing and editing through the digitizing of river and
road detail which was too detailed to be captured at the coarser spatial resolution. The product
was a multi-layer input map for the model, comprising spatial information on household,
river, road and borehole locations, along with pixels allocated to the classes of bare ground, for-
est and crop growing fields, at a spatial resolution of 11 m. Fig 3 shows a sample section of the
land cover classification layer for the model.

Fig 2. Sample village sites (red circles) and observed boreholes (blue circles) in the study area,
Luangwa Valley, Zambia (Produced using Landsat 7 imagery from USGS).

doi:10.1371/journal.pone.0139505.g002
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Program Description
Two separate computer programs were used to produce the observed results. Firstly, a program
was written to implement multiple heuristics in the A� algorithm, producing different paths
from the 94 households to different riverine and borehole water sources. This was implemented
using the Iridis 3 supercomputer at the University of Southampton. Secondly, an ABM was
constructed to test how long it takes agents to travel along each of these paths, given the imped-
ance resulting from the cost surface. These programs are described in greater detail in the
methodology.

Study Area
The study area spans a sparsely populated region of the rural Eastern Province of Zambia. Vil-
lages are small (between 5 and 20 households) and inhabitants are predominantly subsistence
farmers. Based on direct observations in the field, and questionnaire responses, the prominent
mode of transport in the area is walking, with walkways varying from a few more established
roads, to small dirt tracks or ‘desire paths’ which cannot be seen on satellite sensor imagery.
The data collection area consists of a 75 km transect which starts close to Mfuwe airport in the
north, and runs southwards along the Lupande River and its distributaries. Data were collected
in the form of questionnaires (as described above) in Zambia from June to August in 2013 as a
part of the NERC ESPA-funded Dynamic Drivers of Disease in Africa Consortium (DDDAC)
research programme.

The study area is a site of interest in Trypanosomiasis research as the Luangwa valley region
suffered a sleeping sickness outbreak in the 1970s. During this outbreak 241 cases were
reported in a small section of the Luangwa fly belt around Isoka over a period of three years
[34]. Attributed to an encroachment of the tsetse fly belt, this was a drastic increase in the num-
ber of cases, given that only 15 cases were reported in the previous three years in a larger sec-
tion of the fly belt (Mpika) [35], and cases continue to be reported. In addition to such
outbreaks, the ability of the low level of transmission to maintain itself for long periods is con-
sidered to be an enigma in the epidemiological field [36] and, with the Rhodesian form of the

Fig 3. Sample section of the land classification map, with forest (green), crop (off-white), and bare land (magenta) areas highlighted. Road and river
are represented by gold and blue lines respectively.

doi:10.1371/journal.pone.0139505.g003
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disease being a zoonosis, the significant game reservoir adds complexity to the system, with
migration of hosts into the valley [37]. In the scope of this study, important environmental
resources are distributed throughout the region (e.g. water) and, thus, a degree of human expo-
sure to the hazard posed by the tsetse fly is regarded as necessary. Therefore, accurate predic-
tion of human movement patterns may highlight areas to target with mitigation strategies in
the future.

The field study gained ethical approval from ERES Converge, a Zambian private research
ethics board.

Methodology

A* Algorithm
The land cover map introduced above was used to produce a grid of cells with values associated
to their cost in terms of human movement speed. For example, road was allocated the least
cost, followed by crop and bare land, with bush allocated the highest cost. While river levels are
highly seasonally dependent, river cells were considered impassable in this study, reflecting
river levels in the rainy season, where human exposure is likely to be higher due to more
favourable conditions for the tsetse fly. Whilst beyond the scope of this study, it would be pos-
sible to adjust this assumption, varying the weight applied to river cells in order to reflect sea-
sonal changes in how ‘passable’ the river is. Land cells that neighbour the river were collated
and a random sample of 1000 of these was used as a set of potential riverine watering sites.
Agents were allowed to choose randomly between the three sites closest to their village as their
resource goal.

In each iteration of the model, the algorithm assessed the cost of moving to each of its eight
neighbouring cells based on the summation of two factors; g and h:

fðchildÞ ¼ gðchildÞ þ hðchildÞ ð1Þ

gðchildÞ ¼ fðparentÞ þ Ca ð2Þ

The g score represents the cost of movement between the start and the current cell, which is
known and includes accurate land surface costs thus far, while the h score is the remaining lin-
ear distance to the goal. C represents the cost of moving from the current cell to the next
(potential) cell, which varies depending on the land cover. α represents the weighting of the
movement cost, with a higher value of α resulting in the algorithm favouring low cost cells
such as road, over the most direct route.

At each iteration the optimal cell is selected from the eight neighbours, which represents the
best path to take (lowest f(n)), and made into the ‘child’ of the current cell before it itself
becomes the ‘current cell’ in the next iteration. This means that the algorithm creates a trail of
cells that results in the path so far, which is linked by parent-child connections. By taking this
approach, this also means that there could be multiple potential paths during the process.
When one of these potential paths reaches the goal, the parent-child connections from goal to
start are declared the best possible route, and the algorithm ends by creating a list of these cells,
along with the corresponding cell land cover classes.

As the construction of these paths is a variable under investigation, how much of an impact
the land cover has on the chosen path (i.e. how far will an agent travel off the Euclidean route
to walk on, e.g., road instead of crop) was varied for multiple runs.

In the real world, when a person chooses a route of travel, there is often a conflict between
the most direct path, and the ‘easiest’ path to the destination, often resulting in a compromise.
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This paper seeks to identify the appropriate balance of these two factors in this investigation by
varying α. α was varied from 0–45, providing a sufficient range of weightings to identify the
optimum choice. The cost (C in the above equation) was multiplied by α before adding to the g
score in different runs to give a greater weighting to certain land covers. Therefore, as the value
of α increases, the algorithm will increasingly favour low cost routes at the expense of direct
travel. An α = 0 run was included as a control as this represents the Euclidean distance. h was
multiplied by 10 in each run for computational efficiency, removing the decimal number asso-
ciated with diagonal moves. Future references to the different variations of the algorithm, and
the results they produce, will be by their respective h and g values in the form: H10Gα. Fig 4
shows an example path produced using the algorithm in the study area of this investigation.

Fig 4. Example path produced using the A* and land classification between arbitrary points. Arbitrary
points were used to emphasise how the algorithm diverts the path around a prominent obstacle; in this case,
the river itself (Produced using Bing aerial imagery).

doi:10.1371/journal.pone.0139505.g004
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Agent-Based Model
Initially, the 11 m spatial resolution aerial imagery was made into a graphical interface to
observe the subsequent simulation running using the Tkinter package in Python 2.7. The cost
surface land cover information, along with the coordinates of villages, boreholes and potential
watering sites were incorporated as arrays. Populations were then initialised, placing 5000
agents randomly across the villages in the simulation. A large number such as this was used so
that each village would be populated and therefore a comparative simulated distribution of
walk times could be produced. Iterations of the simulation were used to represent clock time
(18 seconds per iteration), where an agent would move between their home village, and a
watering site (either borehole, or one of the three closest riverine sites) along the previously cal-
culated A� paths. 18 second iterations, or 4800 iteration days, were used so that the temporal
resolution of the model was fine enough to include the shortest trips of agents to water, which
can be less than 5 minutes. Movement speed between cells was dictated by the land cover of the
cell which the agent was about to move to, so that the agent moves faster through preferable
terrain such as road, and slower through the other types of land cover. The number of steps an
agent takes per iteration was governed by the maximum distance an agent could travel in this
period, which was defined by the land cover of the cells across this distance. The number of
cells moved in one time step would be at a maximum if an agent encountered only road cells
(resulting in an approximate speed of 6 km-1). Conversely, an agent would cover fewer cells per
time step should some of these cells be, for example, bush, reducing their speed. The fewest
cells covered or lowest speed would be associated with an agent encountering only forest cells.
Certain combinations of cells within a particular time step may not meet the distance threshold
exactly. Should the distance travelled be less than the threshold, and the difference less than a
step size, a random draw was used to decide whether another step was taken in this iteration.
The time taken for the agent to travel a single journey from village to the water resource goal
was recorded in minutes. Return trip times were not considered in this investigation due to the
form of the questionnaire data, but also due to the difficulty in quantifying the reduction in
walk speed which could result from carrying a heavy load of water.

The results were divided into bins to allow a Chi-squared analysis, comparing the distribu-
tions of the simulation results and the questionnaire data. The simulation was run again for a
single agent per village to allow analysis of the individual error between the simulation and real
world data.

Results
The model was run multiple times to investigate the impact of two independent variables on
the trip times of agents from home to water. The first independent variable is the seven differ-
ent sets of paths produced by varying the g score in the A� pathfinding algorithm, which are
now represented in the form H10G05—H10G45. The second independent variable is a bore-
hole threshold. The borehole threshold is defined as the distance that an agent is willing to
travel to a borehole in order to collect water from this superior source, and ignore closer river-
ine water sources. These borehole thresholds are taken from the set 0.5, 1, 2, 3, 4, 5 km and the
simulation results are compared to the observed data. A matrix of Chi-squared results for the
goodness-of-fit between simulated results and the questionnaire data for these different heuris-
tics is shown in Table 1. The results vary greatly (min = 6.54, max = 65.19), with all relation-
ships where the Chi-square statistic is not significantly elevated (Chi-squared< 9.488, 95%
conf.) being found with borehole thresholds of 2 km and below. Similarly, six of the seven sce-
narios where we do not observe a significant deviation between the simulation and the data
were found to use a heuristic with a larger g weighting, where the land cover classification had
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a greater influence on path construction. As H10G25 has the most scenarios without significant
deviation, the ABM for these paths was run for 100 repeats per borehole threshold. The results
and standard deviations for these additional simulations are shown in Fig 5.

The model of best fit was further analysed by plotting the difference between actual walking
time and the simulated walk time to water for the corresponding individual households (repre-
sented by one agent per village), allowing for more in-depth comparison through the produc-
tion of an error distribution (Fig 6).

The plot has a right-skewed distribution, with 75% of the simulated walk times being within
14 minutes of the corresponding questionnaire data. The long tail of the distribution and large
maximum error of 59 minutes accounts for the elevated mean individual error of 11.71
minutes.

To identify a possible cause for the elongated tail in (Fig 6), the spatial distribution of the
error was plotted by household coordinate on an xy grid (Fig 7). Green circles indicate house-
holds with very low errors in individual walk times, red circles indicate those with larger errors,
and red crosses represent the locations of known boreholes. For this figure, the square root of
the error was plotted. The most obvious cluster of large errors is in the area furthest north with
the households that lie close to the airport; these are located furthest from known boreholes
and river sites. Households around the areas where boreholes are known to be located have
smaller errors in general.

Discussion
The optimal parameter set (the H10G25 pathfinding heuristic and a 1 km BT) appears to rep-
resent reasonable values as both parameter values lie between the fastest possible scenarios (i.e.
straight line movement to the nearest water source) and the least cost to the individual with the
best quality resource (i.e. movement across the most forgiving terrain to the nearest borehole
water source). This reflects expectations, given our understanding of human decision-making
processes and physical capabilities, and the fact that these trips to water make up only a part of
an individual’s daily responsibilities. For example, the optimum pathfinding heuristic, which
lies somewhere between the absolute least cost path and Euclidean movement, represents the
decisions made by humans every day. Imagine a scenario where an individual walks along a
country path which detours around a wooded area and continues at a similar point on the
other side. Based on the time pressure of the trip, length of the detour, the quality of the path,
the size of the obstacle, and the penetrability of the wooded area, an individual will likely make

Table 1. Matrix of Chi-squared results for varying cost weighting and borehole distance threshold;
bold indicates statistically significant (95% conf.).

Chi-Squared Borehole Threshold (km)

A* Input 0.5 1 2 3 4 5

H10G00 (Euc) 15.94 11.2 13.14 28.45 35.56 37.78

H10G05 9.77 11.2 7.71 23.29 31.29 34.11

H10G15 18.32 20.13 16.32 30.12 38.21 32.92

H10G15 15.7 14.1 14.91 35.4 43.94 47.69

H10G25 6.54 7.89 8.73 26.22 41.5 44.8

H10G35 10.35 8.95 17.31 36.4 49 65.19

H10G45 6.64 6.7 13.1 26.39 40.44 39.43

doi:10.1371/journal.pone.0139505.t001
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a decision on whether to take a short-cut through the wooded area or not. With the inclusion
of the cost surface and a proportion of the A� heuristic preferring direct movement, the model
simulates this sort of decision-making process. The result is a very believable set of scenarios
where agents will avoid obstacles or high cost surfaces up to a point where the accumulated
pixel-based cost is such that it is no longer beneficial to veer away from the direct route to goal.

Similarly, in an ideal world, all people would be able to collect their water from the preferred
borehole sources. However, the Chi-squared results for low borehole thresholds suggest that
this is not realistic. Again it is easy to see that, with other daily responsibilities, people are
unlikely to ignore nearby riverine water sources in favour of a long (e.g., 10 km) round trip to a
borehole source. The simulation instead suggests that round trips of 1 km or 2 km are the limit
to how far people are willing to travel to a borehole source, potentially ignoring much closer
riverine sources. This is likely to reflect not only the time pressure on the task, but also the
physical limitations of carrying large vessels of water over a long distance.

Fig 5. Chi-squared values and standard deviations for ten repeat runs of each borehole threshold for heuristic model H10G25. The red line shows
95% significance.

doi:10.1371/journal.pone.0139505.g005
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Observed travel times do not significantly differ from predictions from the model using the
optimal heuristic (H10G25) for 0.5 km and 1 km. The square root of individual errors suggests
that the model predicts walking times accurately in the majority of villages, especially where
boreholes have been identified, except for a few anomalies. However, clusters of errors form in
the north and south of the transect. The uniformity of these errors in close proximity to each
other suggests that a borehole or reservoir water source has been missed, particularly as these
sites lie further from the river than most households in the central region. In particular, the
close proximity of the red households in the north towards the airport, a notable area of infra-
structure in the region, suggests that these overestimates of up to 59 minutes can be accounted
for by water sources which have not been recorded. It is worth noting that the ability to visual-
ise the errors spatially facilitates this type of diagnosis, and can be extremely helpful in support-
ing further model development.

Fig 6. Distribution of the individual errors (difference between simulation and questionnaire results) for the H10G25 simulation, with a 1 km
borehole threshold.

doi:10.1371/journal.pone.0139505.g006
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An important methodological point which has arisen from this investigation is that the
method used allows one to challenge or notice discrepancies between the theoretical picture
suggested via the ABM, and the collected survey data. While the value of quantitative informa-
tion is appreciated, an advantage of this method is that where lack of coherence between model
and data arises, the data can be questioned, and possible gaps identified. Although a more accu-
rate measurement approach would arguably be through GPS tracking of individuals through-
out their daily routine, such methods come with their own potential issues, such as a lack of
understanding of the technology, technical faults, misuse and financial cost. The method pre-
sented relies primarily on remotely collected data, calibrated to a short sample questionnaire
which can be affordably attached to larger fieldwork studies. As a result, the method and asso-
ciated model are sufficiently general to be applied to different resources, sought by different
populations, in different poor, sparsely populated rural areas, given the correct satellite sensor
imagery, and a small sample of real world movement times. Furthermore, possible applications
of the resultant route data are varied, including the calculation of catchment areas for
resources, and the production of ABMs of disease transmission.

Fig 7. Individual errors for the single agent per village simulation using the H10G25 heuristic and 1 km
borehole threshold. The square root of the errors is shown, for ease of interpretation (Produced using
Landsat 7 imagery from USGS.)

doi:10.1371/journal.pone.0139505.g007

Simulating Human Movement Patterns for Use in Epidemiological Systems

PLOSONE | DOI:10.1371/journal.pone.0139505 September 30, 2015 15 / 18

98



With A� being a novel approach for such an investigation, direct comparisons would be dif-
ficult. However, through the creation of multiple versions of the algorithm, it has been
highlighted that the use of A� is justified as it outperforms the null H10G00 (Euclidean equiva-
lent). Furthermore, the additional information acquired using this approach compared with
the Euclidean metric, such as fine scale deviations from the direct route and time spent on spe-
cific land classes, provide important information for epidemiological study where exposure can
vary with spatial heterogeneity and, critically, where transmission depends on proximity.
While this paper has presented an example of the A� algorithm which simulates human move-
ment behaviour accurately in this case study, it should be noted that the method has been
developed, and is appropriate, for sparsely populated rural areas, such as the one described,
and may not be extended to urban settings without significant additional research and modifi-
cation. The main concern here is the characterisation of realistic human movement patterns
for use in modelling neglected tropical disease transmission systems, which impact primarily
on the poorest rural populations of the developing world.

Conclusion
This research has demonstrated that it is possible to generate movement patterns using ABMs
which, in the example, are a very close match in comparison to empirical observations of travel
times to the water resource. Using the ABM and commonly available geospatial datasets on
population distribution, land cover and landscape resources, it was possible to impute daily
activity movement patterns to the water resource for all surveyed villages in the 75 km long
study transect without costly measurement as is commonly achieved, for example, through
GPS, or retrospective or real-time diaries. This opens up the possibility of using the movement
patterns to assess exposure to environmental hazards such as, in the present case, disease carry-
ing biting insects. Importantly, since the ABM is process-based, it is possible to generalize the
approach to other areas where geospatial data are available.

While there can be no substitute for direct and intensive measurement where the quality of
information is key, the approach generated here holds promise for multiple applications,
including rapid assessment where measurement is impossible, and simulation in areas that are
inaccessible. Moreover, there is no gold-standard method of measuring movement patterns,
and all methods are known to be at risk of large uncertainties and blunders (e.g., GPSs being
loaned to siblings, being removed from the person for periods of time, etc.). Whilst the simu-
lated walk times show a large correlation with real-world data, further cases should be explored.
Nevertheless, the novel modelling approach presented here holds promise as a data fusion
engine, capable of integrating measurements from multiple sources, and additional sites could
be explored using the same remotely acquired data sources used in this investigation. Further-
more, as the model is process-based and not data-driven, questions concerning the data and its
completeness can be identified and addressed readily.

Future research will use this study as a basis to investigate sleeping sickness transmission,
using the calibrated movement model produced here to identify exposure of agents to high
density fly zones, simulating contacts and infection.

Supporting Information
S1 Appendix. Questionnaire Data. Questionnaire responses and distribution for walk time to
water resource.
(DOCX)
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2.1.1 Supplementary Information

The following pages include supplementary information that was provided with this

publication
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Supplementary Material - S1 Appendix  

2013 Zambia Data Collection - Human Movement Questionnaire Results 
 

The following section of text outlines the questions asked, and the subsequent responses, from the 

94 households illustrated in Figure 2.  

The data show that, unsurprisingly, the vast majority of the respondents collect water regularly from 

external water sources. The ~8% of respondents who do not collect water on a regular basis may 

have another member of the household who fulfils this role.  

Similarly, most respondents collect water multiple times per day, and approximately half of these 

identify two time periods (from morning, lunchtime, afternoon and evening) when this collection 

takes place.  

Morning and afternoon are the most popular times to collect water, and the maximum recorded 

single journey time to the resource was 60 minutes. 

Water Collection – (94 complete responses) 

Personally collect water regularly?  

Yes: 114 (90.5%) 

No: 10 (7.9%) 

Sometimes: 2 (1.6%) 

 

How often do you go?  
Several per day: 99 (78.6%) 
Once per day: 16 (12.7%) 

Rarely: 2 (1.6%) 

N/A: 9 (7.1%) 

 

What times?  

3 time periods given: 27 (21.4%) 

2 time periods given: 66 (52.4%) 

1 time period given: 24 (19%) 

N/A: 9 (7.1%) 

 

Frequency of time period in responses: (N.B. includes multiple responses per person) 

Morning: 114 

Lunchtime: 24 

Afternoon: 75 

Evening: 24 
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Supplementary Material - S1 Appendix  

Trip time to water (minutes):  

 

Median = 10, Mean = 12.2, Min = 1, Max = 60. 
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Chapter 3

Analysis 2

This chapter presents the second stage of model development - incorporating a fly

model and transmission parameters, working towards objective 2.

A detailed fly model was added to the ABM to allow the modelling of rHAT

transmission at the individual level, between tsetse and human, cattle, domestic an-

imal and wildlife hosts. Previously acquired spatial data and pathfinding techniques

were utilised as well as applying the daily routine patterns established in the vil-

lager questionnaire, to agents in the simulation. The model drew on data collected

in the field as part of the DDDAC project, including estimated rHAT prevalences

and tsetse distribution. The tsetse model included information identified in the lit-

erature, and information acquired from experts in the field of entomology during

workshops held in Lusaka, with academics from the University of Edinburgh, Uni-

versity of Zambia and University of Zimbabwe in attendance.The paper provides an

overview of a first attempt at modelling a 1:1 tsetse population in a highly detailed

ABM for sleeping sickness in this field of research, and is the base model for the

research presented in the subsequent analysis.
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Abstract

Background

This paper presents a new agent-based model (ABM) for investigating T. b. rhodesiense

human African trypanosomiasis (rHAT) disease dynamics, produced to aid a greater under-

standing of disease transmission, and essential for development of appropriate mitigation

strategies.

Methods

The ABM was developed to model rHAT incidence at a fine spatial scale along a 75 km tran-

sect in the Luangwa Valley, Zambia. The method offers a complementary approach to tradi-

tional compartmentalised modelling techniques, permitting incorporation of fine scale

demographic data such as ethnicity, age and gender into the simulation.

Results

Through identification of possible spatial, demographic and behavioural characteristics

which may have differing implications for rHAT risk in the region, the ABM produced output

that could not be readily generated by other techniques. On average there were 1.99 (S.E.

0.245) human infections and 1.83 (S.E. 0.183) cattle infections per 6 month period. The

model output identified that the approximate incidence rate (per 1000 person-years) was

lower amongst cattle owning households (0.079, S.E. 0.017), than those without cattle

(0.134, S.E. 0.017). Immigrant tribes (e.g. Bemba I.R. = 0.353, S.E.0.155) and school-age
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children (e.g. 5–10 year old I.R. = 0.239, S.E. 0.041) were the most at-risk for acquiring

infection. These findings have the potential to aid the targeting of future mitigation

strategies.

Conclusion

ABMs provide an alternative way of thinking about HAT and NTDs more generally, offering

a solution to the investigation of local-scale questions, and which generate results that can

be easily disseminated to those affected. The ABM can be used as a tool for scenario testing

at an appropriate spatial scale to allow the design of logistically feasible mitigation strategies

suggested by model output. This is of particular importance where resources are limited and

management strategies are often pushed to the local scale.

Author Summary

African trypanosomiasis is a parasitic disease which affects humans and other animals in

36 sub-Saharan African countries. The disease is transmitted by the tsetse fly, and the

human form of the diseases is known as sleeping sickness. Infectious disease transmission

has traditionally been modelled using techniques that consider the impact on a population

as a whole (e.g. compartmentalised models such as SIR). For diseases such as sleeping

sickness, which are often prevalent in sparsely populated rural environments, these mod-

els don’t always capture the spatial and demographic heterogeneity within an area, and

the varying exposure to the disease that this can cause. This research introduces a novel

agent-based model to the field, which incorporates spatial data for the Luangwa Valley

case study, along with demographic data for its inhabitants. Tsetse and potential human

and animal hosts are modelled at the individual level, allowing each contact and infection

to be recorded through time. Through modelling at a fine-scale, we can incorporate

detailed mechanisms for tsetse birth, feeding, reproduction and death, while considering

what demographics, and which locations, have a heightened risk of disease.

Introduction

Human African trypanosomiasis (HAT), also known as sleeping sickness, is a parasitic disease

which poses a significant disease burden in affected communities living in HAT foci across

sub-Saharan Africa [1, 2]. HAT is caused by two sub-species of the protozoan parasite Trypa-
nosoma brucei s.l.: T. b. rhodesiense, in eastern and southern Africa and T. b. gambiense in

West Africa [3]. The parasite is transmitted cyclically by tsetse flies (genus: Glossina), in which

it undergoes a complex life-cycle [4]. T. b. rhodesiense HAT (rHAT) is a zoonoses, affecting a

wide range of wildlife [5, 6] and domestic animals, particularly cattle [7], presenting in humans

as an acute disease [8].

HAT epidemics display characteristic periodicity [9, 10]; cases are currently declining

across sub-Saharan Africa, in part attributed to improved approaches to case finding and vec-

tor control [11]. HAT co-exists in natural ecosystems with a suite of trypanosomes that affect

the health of domestic livestock. African animal trypanosomiasis (AAT) was described in 1963

as being “one of the most important factors restricting economic development in Africa

today” due to widespread disease, and overstocking of cattle in tsetse-free areas [12]. A greater
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understanding of disease transmission in natural and changing ecologies will aid HAT and

AAT strategies for disease prevention and control, improving the health and wellbeing of

humans, livestock and wildlife. Mathematical modelling of neglected tropical disease (NTD)

transmission systems can have a significant impact on intervention strategies and feed into

policy formulation [13]. Whether through assessing theoretical interventions [14], investigat-

ing vector mortality (e.g. [15]), or modelling vector-host interactions (e.g. [16–18]), transmis-

sible disease modelling can be undertaken using a range of methods, at a range of scales,

targeted at various aspects of transmission and control. For HAT, multiple approaches have

been applied including mathematical modelling of antigenic variation in trypanosomes [19],

investigation of local scale migrations [20], and examining the implications of activity-related

movements through agent-based models (ABM) [17]. Traditional compartmentalised model-

ling approaches have also been applied to HAT. Using a ‘host—vector model’ [21], the impact

of a vector control strategy for T. b. gambiense HAT (gHAT) in the Niari focus, Central Africa

was modelled, and suggested that a 50% reduction in vector density could prevent a gHAT

outbreak [22].

Compartmentalised models have been criticised for their inability to represent interdepen-

dent processes such as how individuals interact with each other and their environment

through space and time [23]. Where multiple parameters are at play as for vector-borne dis-

eases with multiple hosts, susceptible-infected-susceptible (SIS) models may not fully capture

overall disease circulation within that environment [24].

This paper describes the development of an ABM for rHAT/AAT from data derived from a

detailed rHAT, AAT, and tsetse ecological survey, undertaken in 2013, in Eastern Province,

Zambia, combined with published data and information from experts in the field. The ABM

was applied to answer the following research questions; Who is at greatest risk? Where is infec-

tion most likely to occur? Where are cases likely to reside? And to whom and where should

control strategies be targeted? Specifically the ABM can be used to identify activities that gen-

erate large amounts of simulated infection in the human population, and these results can be

explored, in depth, to identify emergent demographic and spatial patterns. For example: does

sparse provision of schools in an area generate the need to travel long distances to access edu-

cation which heightens exposure? And, in the absence of a borehole, do frequent trips to the

river increase connectivity between vector and host? The results are meaningful in relation to

the situation at the study site, but the case study also serves as an exemplar of what is possible

with an ABM in the vector-borne disease context.

Agent-based modelling enables the incorporation of fine-scale spatial and demographic

information. Since exposure is key to HAT infection, agent-based modelling of human move-

ments that expose individuals to hazards that vary through time and space has implications for

risk-mitigation that can feed into policy [25]. Agent-based modelling has been previously

applied to model gHAT in Cameroon, but the ABM did not incorporate realistic geographical

data, linked to a geographical information system (GIS) [17].

ABMs model disease transmission using a completely spatialized approach, incorporating

factors often overlooked (e.g. human behaviour and activity-based movement, density and

mobility of vectors and contribution of additional hosts). Agent-based modelling can be

applied to acquire preliminary knowledge of disease systems, including patterns of interactions

between individuals within the network [17]. An agent-based modelling representation of the

dynamics of people-vector contacts in space and time can facilitate investigation of scenarios

that have not been observed or previously explored. For rHAT the modelling of people-vector

contacts is of particular significance given that mitigation strategies focus on the control of

tsetse fly movement and density. The benefits of incorporating geographical data into epidemi-

ological models is comprehensively described in the literature, particularly as landscape

A Multi-Host Agent-Based Model for a Zoonotic, Vector-Borne Disease
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features largely control the connectivity between hosts and vector habitats, inhibiting move-

ment, and ultimately modifying disease risk ([26, 27], e.g.).

One of the least well integrated factors in traditional landscape epidemiology is human

behaviour [27]. Different perceptions of risk between sexes and by permanent and part-time

residents within endemic areas, influences the adoption of preventative measures and ulti-

mately varies transmission risk [28]. The modelling of social contact structure, together with

daily activity routines, are key when attempting to model the diffusion of infectious diseases,

and for design of policies for disease mitigation ([29, 30], e.g.). Agent-based modelling can

capture the stochastic nature of human agent’s infection [31], with the model landscape creat-

ing variation in the timing, location and probability of infection as a result of its influence on

variability in contact patterns [32, 33].

Materials and Methods

Ethics Statement

The field study described in the following sections gained ethical approval from ERES Con-

verge, a Zambian private research ethics board.

Study Area

The Luangwa Valley, in Zambia is an extension of the Great Rift Valley in East Africa, travers-

ing Eastern, Northern and Muchinga Provinces. Mid-Luangwa Valley has recently experi-

enced increased immigration of people seeking fertile land. Land pressure has resulted in

human settlement in tsetse-infested areas, previously avoided, for fear of disease risk to intro-

duced livestock. Households grow cotton as a cash crop and maize and groundnuts for home

consumption [34].

HAT is endemic in the Luangwa Valley, first being observed in 1908 [35]. G. m. morsitans
was not originally considered a vector of HAT in the valley, despite 50% of domestic and game

animals in the valley having been observed to harbour trypanosomes [36]. HAT infection was

assumed to have originated from Dowa, Malawi, where G. p. palpalis were reported. In the

early 1970s, a large HAT outbreak occurred in Isoka (241 case in 3 years) attributed to fly

encroachment from Luangwa [37]. Game had been observed to reside in Isoka for several

months during the rainy season, migrating away during the dry season. Buyst [37] speculated

that during the dry season, starved tsetse took feeds from humans in villages and that a pre-

dominance of infections in women and children (four times that in men) was due to them

remaining close to the village throughout the year (even though women and children did ven-

ture into tsetse habitat to fetch firewood and water). Men were considered to be least at risk as

they ventured further afield to hunt. In 1973, early diagnosis and improved treatment methods

were introduced, and case numbers fell [38]. Today, cases of rHAT continue to be reported in

the Luangwa Valley.

The area in which this study was undertaken is an area undergoing substantial transition;

with constant immigration and land pressure, new immigrants to the valley are forced to

occupy increasingly marginal land where they at greater risk to exposure to rHAT and their

animals from AAT [34]. Risk factors include human proximity to the large wildlife reservoir in

the South Luangwa National Park to the north-west [5], and ever-increasing livestock (and

human) density on the plateau. Little is known concerning tsetse-trypanosome-human inter-

action in the region and the ABM can enable exploration of the risk within these communities.

Study transect. The study area spans a sparsely populated region of the rural Eastern

Province of Zambia (Fig 1). Villages are small (between 5 and 20 households, S1 Fig) and

inhabitants are predominantly subsistence farmers. The data collection area consists of a
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Fig 1. Map of the study area size and location. Households from the census included in this modelling

study are indicated as blue circle (produced using Landsat 7 imagery available from USGS).

doi:10.1371/journal.pntd.0005252.g001
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75 km transect which starts close to Mfuwe airport in the north, and runs southwards along

the Lupande River and its tributaries.

Three primary sources of data collection were used to generate an ABM of the study area:

tsetse fly distribution data to highlight the risk areas for disease transmission, a sample of

demographic specific routines used by inhabitants across the study area to gain an indication

of the prominent activity patterns, and census data for humans, cattle and other domestic ani-

mals in the region so that the whole population of the study area could be modelled based on

an accurate spatial distribution. Data describing human routines and tsetse fly distribution

were acquired using human movement questionnaires and tsetse fly rounds, respectively,

together with human and animal censuses in the region. Fieldwork was undertaken periodi-

cally from 2012–2014 as a part of the Dynamic Drivers of Disease in Africa Consortium

(DDDAC) research programme. The following sections describe the collection and processing

of sensor data (to identify routes between villages and resources), before presenting tsetse fly

round data and the techniques used to process it for incorporation into the ABM. Finally, the

collection and processing of animal and human census data are described, along with informa-

tion about human daily routines.

Sensor Data and A* Pathfinding

To identify fine scale features and produce plausible paths between villages and resources, sat-

ellite sensor and fine-scale aerial imagery were required. Aerial imagery with a spatial resolu-

tion of 11 m was used to digitise fine scale features (e.g. narrow roads and river sections that

might not be identifiable at the 30 m satellite sensor image resolution). The locations of known

resources (e.g. schools, markets and boreholes) were digitised at this scale using GPS coordi-

nates from fieldwork and census data, together with village locations, to provide home and tar-

get locations for pathfinding input. A land classification layer was produced initially using 30

m spatial resolution Landsat 7 satellite sensor imagery, classifying bare-land, crops, bush/forest

and built environment. This classification was subsequently converted to an 11 m spatial reso-

lution, so that fine scale features could be added to the classification, such as roads and river.

Plausible routes between each village and each resource type were calculated using this land

classification image as an input for an A� pathfinding algorithm, described in [39]. The A�

pathfinding technique provides a logical balance between straight line movement from home

to destination, and absolute least cost path. The pathfinding technique for paths to river and

borehole resources for water collection, was calibrated comparing simulated path choices and

walk times to those provided by local inhabitants from questionnaire data (calibration data

provided as supplementary information in [39]). The same technique was applied to markets,

schools, crop areas and firewood locations in this study. An example product of the A� path-

finding algorithm and land classification data is shown in S2 Fig, highlighting navigation

around physical features between source and destination.

Tsetse Data Collection and Processing

Two intensive tsetse surveys were undertaken in June and November 2013, using black screen

fly-round transects, and Epsilon traps (see Fig 2). Although, the model presented in this paper

does not incorporate the impact of seasonality on the tsetse population, focusing rather on a

“typical day”, it should be noted that the dry, hot period (late August to December) can cause

the tsetse population to reduce in distribution and density and the migration of wildlife away

to water sources, whereas the rains can be both beneficial (increased vegetation and resting

places) and detrimental (the washing away of pupae).
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To derive an estimate of the total number of tsetse in the region, the area of the whole tsetse

study was calculated, by summing the total area covered by each individual fly round transect,

whether tsetse were caught or not. The study area was 15 times larger than the transect area

and it was assumed that for every tsetse caught 14 were missed that such as to estimate a total

tsetse population of 5,250 flies.

To estimate tsetse density and distribution from the transect data sample, a kernel density

technique was used to generalise point data. Assuming an individual fly moves within an 800

m radius of its initial location in a day [40], the point data acquired in the transect study on

presence of tsetse actually represents a greater areal influence within the study region. To

estimate areal influence, a kernel density estimate (KDE) was produced, generalising to

account for movement patterns and absences, reasoning that each caught fly could have

started the day 800 m away from the catch site in any direction. The KDE heat map output is

shown in Fig 3 (left) with higher densities of tsetse distributed in the north-west of the study

area closer to the South Luangwa National Park, with small, but non-zero values stretching

further south. The image on the right, illustrates an area of all non-zero KDE values (dark

blue), with distance decay away from this region. The non-zero KDE area is referred to as

the ‘tsetse-fly zone’.

Census Data and Human Movement Routines

A human and animal census of the study area produced demographic data for 16,024 human

inhabitants, 2,925 cattle, and 11,576 other domestic animals (goats, pigs, donkeys, cats and

dogs). Census data included age, gender, tribe and cattle ownership throughout the study

Fig 2. Transect locations of tsetse fly data collection carried out in June (left) and November (right) 2013. Proportional circles

highlight tsetse density and distribution.

doi:10.1371/journal.pntd.0005252.g002
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Fig 3. Estimated distribution of the tsetse fly population in the study area. Left: heat map of the kernel density estimate

(KDE), Right: fly movement inhibitor, where colour gradient represents distance decay from non-zero tsetse density estimates

based on the KDE.

doi:10.1371/journal.pntd.0005252.g003

A Multi-Host Agent-Based Model for a Zoonotic, Vector-Borne Disease

PLOS Neglected Tropical Diseases | DOI:10.1371/journal.pntd.0005252 December 27, 2016 8 / 28

113



region, together with number and distribution of cattle and other domestic animals per house-

hold. Information was processed to determine human and animal agent distributions across

the villages previously digitised in the study area. A sample of 94 households provided

responses to a questionnaire on human movement that determined the frequency and times of

day that each respondent travelled to farm, school, market, water and firewood resources,

together with trips to tend to cattle (if applicable). Responses were organised by age and gen-

der, generating a set of possible daily routines that might be undertaken, for example, by a

female of between 18 and 50 years. Further information on collection of routine data can be

found in the supplementary material (S1 File).

Methods

ABM framework. Pre-processing provided all the data required to initialise and run the

ABM, including land classification of the study area, location of households and resources,

human and animal populations living in these villages, a sample of resource-seeking routines

sorted by gender and age, and a set of plausible paths from each village to undertake these rou-

tines. For tsetse, an estimate of the total apparent population size, density and distribution was

provided. Four agent types were included in the ABM, together with an areal representation of

wildlife. Human, cattle, other domestic animals and tsetse used in the ABM were constructed

as four separate classes, with populations modelled 1:1 with the data collected in the census

(e.g. 16,024 human agents) and the estimated tsetse population discussed previously. Each

class had its own initial information and storage structures for events that occurred through

the simulation. The ABM was written in Python 2.7 using an object-oriented framework, and

run on the Lancaster University High End Computing (HEC) Cluster, with all spatial data

being processed using Quantum GIS 1.8.0.

Human agents. Human agents are initialised using the demographic census data and a

daily routine based on the questionnaire data. Each human agent is given their home coordi-

nates, village number, village name, house number (in the village), age and gender. If the vil-

lage and household numbers corresponded to a location where cattle were found in the animal

census, cattle agents are allocated to this household, and a human agent (aged 15–60 years old)

is attributed the responsibility for looking after those cattle. Cattle agents have the same infor-

mation as human agents, with the addition of a specific owner agent ID. Routines are repre-

sented by a list of trip frequencies to the resources associated with the human agents including

farming, water collection, attending school, going to market and collecting firewood. Informa-

tion is coupled with the time period under which these trips are undertaken (morning, lunch-

time, afternoon, evening). A small proportion of routines include activity relating to cattle care

(watering and grazing). A human agent attributed with looking after cattle, is assigned ran-

domly a routine corresponding to their age and sex that included cattle management. Each

human agent’s village is allocated a set of pre-defined (i.e. A� generated) paths to local

resources. In the absence of data concerning children aged 0–5, children of this age stay within

the village throughout the course of the simulation.

Cattle and other domestic animal agents. Cattle were simulated using a ‘cattle agent’

class and assigned an owner and village location at initialisation. Each cattle agent carries out

cattle associated activities with its owner (grazing and cattle watering), while remaining in the

village to undertake other human tasks. Other domestic animals do not leave their village dur-

ing the simulation, moving randomly within a 50 m range of the village, being included largely

as a buffer for tsetse biting.

Tsetse fly agents. Parameter values attributed to each agent within the tsetse class at the

initiation of the main simulation are shown in Table 1. There are 5,250 tsetse agents at the start
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of the simulation based on the estimate of tsetse population size. Fly agents are described as

teneral (newly emerged and unfed) or non-teneral.

Representing wildlife. The influence of wildlife was considered differently to other possi-

ble hosts in the model due to uncertainties regarding their density and distribution, given the

lack of empirical data available for the study area. Due to the proximity of the tsetse fly zone to

the South Luangwa National Park, and the higher concentration of tsetse, it is likely to be a

zone of higher wildlife density, particularly away from human settlement. This has been con-

firmed by sightings of different wildlife by local villagers from the fieldwork questionnaires.

The area defined by this study as a tsetse fly zone, was also considered evenly distributed with

wildlife. An additional buffer for tsetse biting was therefore generated, providing an additional

source of infection for tsetse.

Infected hosts at the start of the simulation. The number of infected host agents at the

start of the simulation is representative of data collected under DDDAC (Table 2). All infected

agents are randomly chosen to be individuals who start in, or are adjacent to the tsetse fly zone

(within 2 km buffer).

The impact of infected wildlife was incorporated using data from a recent study of the wild-

life reservoir in the Luangwa Valley in which T. brucei s.l. were detected in approximately 5%

of all wildlife sampled [5]. Using an estimated ratio of 10:1 for T.b. brucei and T.b. rhodesiense

Table 1. Parameter values for tsetse fly agents present at ABM initialisation. N.B. Anything with a range is assigned randomly within that range.

Parameter Value Source

Age All flies are mature (non-teneral) of age: Male: 1–40 days;

Female: 1–100 day

Estimated range based on field and laboratory variation in G.

morsitans lifespan and mortality, e.g. [4, 41]

Gender Male (33%), Female (66%) [42, 43]

A priori mating All female tsetse aged 2 days or over have mated [44]

Disease susceptibility 16% chance of tsetse fly being susceptible to the infection [45]

Infected midgut—

immature infection

0.1% of the total tsetse population starts with a midgut

infection (taken from the susceptible population).

PCR on tsetse indicated 2.2% T.b. brucei prevalence (Martin

Simuunza, pers com). Reduced to 0.1% to account for the

inability of PCR to distinguish between refractory flies

possessing parasite DNA from feeding on an infected animal,

and flies with a cyclical infection [46], from comparisons

between PCR and dissection data [47].

Infective salivary gland—

mature cyclical infection

In tsetse with a midgut infection, the probability of having a

mature, salivary infection at simulation start is gender

dependent: Male—21%; Female—4%

[48]

doi:10.1371/journal.pntd.0005252.t001

Table 2. Numbers of infected agents at ABM initialisation.

Agent Type Estimated Population Infected with T.b. rhodesiense

Cattle 6

Goat 5

Dog 1

Pig 2

Human * 10

*Communication with medical teams in the region suggested 2 human cases of sleeping sickness in the

past year. Due to the documented issues of under-reporting (e.g. 12 cases for each reported [49]), an

estimated number of 10 human infections was used in this study.

N.B. The implications on average infection of different numbers of infected humans and cattle were explored

as part of the sensitivity analysis. Results for the different scenarios can be found in S2 File.

doi:10.1371/journal.pntd.0005252.t002
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infections in the region [50], a prevalence of 0.5% T.b. rhodesiense was attributed to wildlife in

this study [5].

Space. Three spatial resolutions were applied within the model, with each resolution level

providing different information to the agents. At the coarsest scale, 1 km ‘region squares’ are

used to query the proximity of individual agents with other agents in the simulation. Given,

for example, a tsetse fly agent sitting in one region square, all agents sitting outside of this

region square, or its eight neighbours (Moore neighbourhood), are discounted when consider-

ing finer calculations of interaction due to their distance. This allowed compilation of ‘close’

host and tsetse agents for further investigation, and eliminates unnecessary fine scale calcula-

tions of distances to agents that are, for example, 30 km away. Should two agents be considered

sufficiently close after this filtering, distances are calculated on a continuous scale to the near-

est metre. Distances between tsetse and bush/forest resting sites are also considered on this

continuous scale. Finally, agents can query land cover classification in the simulation at an 11

m spatial resolution; the resolution of the land classification input layer discussed previously.

This layer is used for identification of close bush resting sites for tsetse agents, along with mod-

ifying human agent movement speeds along the pre-processed paths between home and

resources.

Time. Time was split into 2,400 time-step (or tick) days, meaning that each tick repre-

sented 36 seconds of simulated time. The temporal resolution was very high to reduce the

chance of missing any possible contacts between vectors and hosts. If this resolution was coars-

ened, it would be increasingly possible that interactions would be missed since movements are

represented as small jumps every tick. As the tsetse move quickly, a longer period than 36 sec-

onds might mean that a tsetse fly could ‘pass over’ a possible bite target between ticks, with the

bite target being out of smell range before and after. The more frequent the tick, the smaller

the jumps, and the less chance of missing potential interactions. A finer temporal resolution

would have increased simulation length, and caused too great a demand for processor power

and memory.

Model dynamics. A single day is described in the simulation from the point of view of a

human agent and a tsetse fly agent, highlighting their individual behaviour.

Humans. A trip to a resource is selected at random for each human by time period

(morning, lunchtime, afternoon, evening) based on an assigned routine. When a trip is com-

pleted successfully, it is removed from their daily routine (reset at the end of each day). If a trip

cannot be completed by the end of the day, it is rolled over into the routine for the next day.

This may happen if the routine is overly ambitious, or closer resources are available but

unknown to us. Should a human agent be required to move to a resource, based on the time

and their routine, they will move along their path at a speed, that governed by the terrain. For

example, movement speed will be faster if the path follows a road, than for traversing land,

crops, or bush (the slowest). The speed of movement updates per tick, dependent on the ter-

rain ahead of the individual. The agent will spend differing amounts of time at a resource,

depending on the activity, before returning home. For example, an agent collecting water will

remain for only a few minutes, as opposed to a schoolchild or farmer who will remain at a

resource for several hours. If a human agent responsible for cattle has to make a trip to graze

or water cattle, the movement procedure is similar for humans, except that cattle owned by the

agent travel with the human agent.

Tsetse flies. Tsetse flies start and end each day of the simulation resting in a bushy area

within the tsetse zone. Specific movement parameters are described in (Table 3). These include

two movement periods in the morning and afternoon, where tsetse move randomly for short

bursts, selecting a new direction of travel every time-step, within an 800 m range. The distance

decay in Fig 3 provides an impedance for movement of tsetse away from the predefined tsetse
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zone, such that a proposed movement within or towards the zone is always accepted, and a

proposed movement away from the zone is accepted 70% of time. This allows for occasional

diffusion of a small number of flies away from the tsetse zone. Although the movement param-

eter values presented in Table 3 were used throughout the simulation, this is a generalisation,

and values are likely to vary in the wild dependent on level of starvation and age of the fly (e.g.

teneral vs. mature). Within a single day, various events can occur, including tsetse birth, death,

mating, feeding, and infection. These events are discussed below.

Simulation events. The simulation was run for 180 days. 100 repetitions were run across

multiple compute nodes, each run taking approximately 65 hours. Repetitions were carried

out to account for model stochasticity in the ordering of activities in the human agents, but

primarily due to the possibility of a large amount of variation in the timing and spatial distri-

bution of tsetse flies and human infection events. A number of tsetse-oriented events could

occur during this period and these processes, interactions, and conditions are described in

detail below. A flow chart has been included in the supplementary information (S3 File),

describing the model from the point of view of the tsetse per time-step.

Tsetse fly target (Identification—Mating and Feeding). During tsetse morning and

evening movement periods, there are two situations that may lead to a tsetse trying to identify

a target; namely that an unmated teneral female needs to feed prior to mating, and that an

older fly requires to feed. An unmated female will become available for mating if located

within the Moore neighbourhood of a male fly. If the female falls within one or more male fly

neighbourhoods, that female is considered to have mated.

If a tsetse requires a feed and has not already selected a target, neighbourhood checking

occurs as above, except that distances to neighbouring cattle and humans within the Moore

neighbourhood are calculated. Possible reactions of tsetse to potential bite victims vary based

on how close the fly is to starvation. Findings suggest that humans are repellent to tsetse that

are not extremely hungry, and that larger animals that give off more favourable, large odour

plumes will be targeted [55]. Human agents are considered possible bite targets only for

mature and teneral flies that have unsuccessfully fed on an alternative food source in the cur-

rent hunger cycle, and would starve the next day should they not acquire a successful feed. Cat-

tle are a suitable and favoured target for any hungry tsetse, and other domestic animals are

only considered after two days without a feed, to simulate reduced desirability. Should at least

one possible target appear in the neighbourhood of a hungry tsetse the Euclidean distances to

each target are calculated, and if one preferable target appears within olfactory range (Table 4),

the fly will move directly towards it and attempt to feed. Target preference is exhibited spatially

as well as temporally. While humans and cattle are both considered possible targets if a fly is

Table 3. Tsetse movement characteristics.

Parameter Value Source/Adapted

From

MOVEMENT

Movement Speed 5 ms-1 [51]

Movement Range 800 m radius from daily start

location.

[40]

Daily Flight Time 15-30 mins [52]

Single Flight Period 1-2 mins [53]

Movement Periods (daily periods where activity

can occur)

7 am–11 am, 3 pm–5 pm [54]

Areal movement impedance Variable—distance decay, Fig 3 This study

doi:10.1371/journal.pntd.0005252.t003
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near starvation, a closer human within olfactory range will be ignored in favour of a cow also

within olfactory range. If a tsetse moves to a target and feeds unsuccessfully, the fly will select

another target in the next tick. This process is repeated (within the tsetse activity time periods)

until either the fly feeds or starves. A successfully fed tsetse will then move randomly during

the activity periods, potentially undergoing mating, until the 2-3 day interval between feeds is

completed, and the search begins again. In addition to simulated tsetse favouring cattle as tar-

gets, the probability of a tsetse fly biting a cow that it has identified and moved towards, is

100%. This simplification means that only successful bites are modelled (sustaining the fly for

2-3 days) in place of the potential repeat of partial bites, more likely to be seen in nature. Given

that humans are an unfavourable bite target, human bite probability is set to 50% so that

within the model, humans are only considered as a bite target as a last resort for tsetse nearing

starvation. This difference in bite probability means that humans are less likely to attract tsetse

bites than cattle.

Since the density of wildlife is unknown, the probability of a hungry fly feeding on wildlife

was estimated and tested by running the model with different parameter values. A daily feed

probability of hungry tsetse on wildlife in the tsetse zone of p = 0.35 produced the most stable

tsetse population, allowing a population equilibrium to be reached resulting in a 35% chance

that a hungry fly will feed on wildlife at the beginning of each day.

Infection given a successful tsetse fly bloodmeal. If a tsetse successfully bites an agent,

several probability checks are undertaken if either agent is infected, to establish whether the

infection has been transmitted, and whether the infection will mature to the salivary glands of

the insect and become transmissible (Table 5).

As the wildlife reservoir is not modelled as a set of individual agents, each successful wild-

life bite is considered to carry an associated infection risk based on the estimated prevalence

of T. b. rhodesiense. Assuming a prevalence of 0.5%, there is a 0.5% chance that each wildlife

bite by a susceptible, teneral fly will acquire a midgut infection, reducing to 0.167% for a sus-

ceptible, non-teneral fly. Rates of maturation in the fly are identical to those described for

agent bites.

Tsetse fly births. Once a female tsetse has mated, she will start depositing offspring 18

days from the date of mating, and every 10 days thereafter until death [43]. There is an equal

chance of each tsetse offspring being male or female. On emergence, tsetse are defined as ten-

eral (unfed) until their first bloodmeal. Males have a longer pupal period than females [43, 69]

and so for each larva deposited during the simulation, there is a 35 day pupal period in males

and 30 day period in females, represented as a period of inactivity. Pupation is temperature

sensitive with pupal periods decreasing with increasing temperature, and with 23–25˚C con-

sidered optimum [69, 70]. Mortality in pupae in the wild show a 26% chance that each pupa

will die before developing into an adult [71]. Should a pupa become an adult, a teneral period

is included prior to the first feed, represented by a shorter time before starvation without

Table 4. Tsetse feeding parameter values.

Parameter Value Source/Adapted

From

FEEDING

Detection Range 140 m [56–58]

Feeding Interval 2-3 days [59]

Starvation Period (time between last bite and

tsetse death)

Mature—5 days, Teneral—3

days

(Ian Maudlin, pers

comm)

doi:10.1371/journal.pntd.0005252.t004

A Multi-Host Agent-Based Model for a Zoonotic, Vector-Borne Disease

PLOS Neglected Tropical Diseases | DOI:10.1371/journal.pntd.0005252 December 27, 2016 13 / 28

118



feeding. For the first 35 days, 75 teneral flies are added to the model at random locations within

the initial tsetse zone to aid birth rate continuity. This is representative of any pupae present at

the start of the simulation that develop into adults.

Tsetse fly deaths. Death can result from pupal mortality, starvation, or the exceeding of a

scaled version of the mortality rate produced by Hargrove et al. [15] for male and female tsetse.

These predicted mortality rates for tsetse were scaled down to dissociate the impact of starva-

tion as this is modelled independently. Through scaling, the aim was to estimate a probability

of dying by age, if the fly agent does not die of starvation. As with the probability of a fly agent

gaining a feed from wildlife, the value of this scaling parameter had to be estimated, and the

product of parameter testing suggested that the most stable tsetse population would be pro-

duced using a scaling factor of 55%.

Starvation occurs if a tsetse tries and fails to feed before a given period of time has elapsed.

The starvation element is stricter for teneral flies (3 days instead of 5 days) highlighting their

increased vulnerability and reduced flight strength.

Given that estimations were used for both the probability of a hungry tsetse gaining a feed

from wildlife in any given day, and the degree of scaling required for the mortality rate, sensi-

tivity analysis was carried out for a range of values of each of these parameters (see S4 Fig). The

values identified previously produced the most stable tsetse population across the simulation

period, and are therefore used in the production of the main results.

Table 5. Infection parameter values.

Parameter Value Source/Adapted From

INFECTION (infected tsetse bites

uninfected host)

Human Infection Probability 100% see table footnote *

Cattle Infection Probability 100% see table footnote *

Incubation period (host) Cattle—10-14 days; Humans—9-10

days,

Large Domestic (non-cattle)—9-10

days,

Small Domestic (non-cattle)—6-10

days

[60, 61] Some estimated

based on body size.

INFECTION (uninfected tsetse

bites infected host)

Midgut infection probability (if

susceptible)

First Bite—100%, Future Bites—33% [62]

Mature infection probability Male—21% (if midgut positive),

Female—4% (if midgut positive)

[4]

Mature infection age reduction (% life

expectancy remaining)

Male—to 81%, Female—to 90% [63]

Incubation Period (tsetse) 17-19 days [48]

*Using an infection rate of 100% presents a generalisation of a variable that is known to be unpredictable

and variable [64]. Studies have shown that transmission success between tsetse and mammalian host can

be high (e.g. [65–67]) under laboratory conditions, while Rogers [68] employs a compartmentalised

modelling approach which sets the value to 62%. As the presented model, for simplicity, models only

successful bites (i.e. no partial bites), sufficient to sustain a tsetse for 2-3 days, the infection rate has been

set at a higher value. Average infection numbers produced for a set of simulations which use values of 50%,

60%, 70%, 80% and 90% for this parameter have been included in the supplementary material (S3 Fig),

which show little variation when this parameter is set at 70% or above.

doi:10.1371/journal.pntd.0005252.t005
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Results

Tsetse Fly Population

Results for the tsetse population across a six-month period are shown as an average of the 100

simulation repetitions, using standard deviation as a measure of stability (Fig 4).

The total tsetse population shows an initial period of fluctuation, including an initial sharp

drop from the initial population of 5,250 flies. The population reaches a peak of 6,200 at

around day 40, before steadily decreasing to near-stability at around day 110 (population of

around 5,200 flies). The male population appears more stable throughout, with much of the

variability in the overall population being driven by the female tsetse. Although starting with a

2:1 female-to-male ratio as suggested in the literature [41, 42], by the time equilibrium is

reached, this ratio is approximately 4:3.

Tsetse Mortality

The prominence of different modes of death for tsetse varies as the simulation progresses (S5

Fig). Before day 40, a large number of deaths are attributed to adult starvation and natural

causes. Thereafter, adult starvation reduces, with natural death being the primary cause of

around 50 tsetse deaths per day. Pupal mortality is the next highest cause of death, followed by

starvation of teneral flies once the simulation has become stable.

The average ages at which tsetse die throughout the simulation, regardless of cause is shown

in S6 Fig. Despite modification of the published mortality rates to allow the modelling of star-

vation and puparial deaths separately, the death rates of male and female tsetse follow a similar

trend, with a significant decrease in the number of male tsetse living beyond 40 days, as the

driving mortality rate reaches 20% per day.

Fig 4. Average tsetse population over a six month period. STD- and STD+ refer to the ranges of the

standard deviation.

doi:10.1371/journal.pntd.0005252.g004
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Tsetse Fly Feeding

The distribution of successful host bites by day is dominated by wildlife feeds throughout, with

400 to 500 bloodmeals per day once the simulation has reached equilibrium at approximately

day 60 (Fig 5). Cattle, other domestic animals and human hosts provide less than 50 feeds per

day on average. Although it is expected that cattle are a more favourable bite target than

humans, the greater human population, and a large number of households without cattle,

appear to negate the expected difference to some degree, with an average of 46 bites on cattle

per day, compared with an average of 33 human bites. The average number of daily bites on

other domestic animals is 11.

Locations of Acquisition of Infection

The aggregated spatial distribution of rHAT infections by day for both cattle and human hosts,

is shown in Fig 6. Across the 100 repetitions, the mean number of human infections is 1.99 (S.

E. 0.245), while the mean number of cattle infections is 1.83 (S.E. 0.183). Cattle infections are

localised, while human infections are more dispersed, mostly in the areas with fewer cattle

infections. Both sets of data show an increase in new infections as the simulations progress.

While the number of infections is similar between human and cattle agents, the incidence

rate across the area varies given the difference in population size between the two hosts. The

approximate incidence of T. b. rhodesiense infection in cattle is 0.588 per 1000 cattle-years (S.

E. 0.059) and the approximate incidence of human rHAT is 0.124 (S.E. 0.015) per 1000 per-

son-years.

Human Infections by Demographic, Activity and Tribe

Within the simulation, infected agents can be interrogated to acquire information about their

characteristics (e.g. age), and the circumstances of their infection. Table 6 shows a slightly

Fig 5. Successful tsetse blood meals, separated by host type.

doi:10.1371/journal.pntd.0005252.g005
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higher rHAT incidence amongst females than in males amongst the human agents that became

infected across the 100 repeat simulations. The most susceptible age group was 5–10 years of

age, which could be due to the schooling activities, unique to the younger age group. Older

children (10–18 years) were more likely to have a diverse range of activities in addition to

schooling, including farming. The incidence rate for humans from non-cattle keeping house-

holds was considerably higher than for households with cattle ownership.

The predominant activities undertaken when acquiring an infection are travelling to and

from school, tending to crops, and while acquiring water from the river or a borehole

Fig 6. Spatial representation of human (left) and cattle (right) infections by day (aggregate of 100

repetitions). [Number per bin]. Produced using Landsat 7 imagery available from USGS.

doi:10.1371/journal.pntd.0005252.g006
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(Table 7). No infections are acquired when leaving the village with cattle, while only 4.3%

occur when human agents are resting within the village area.

While incidence is generally low across tribes (Table 8), the results suggest that immigrant

tribes may be at the greatest risk of infection. These tribes make up less than 30% of the total

population.

Infection by Home Location and Cattle Ownership

An illustration of the locations of households inhabited by people who become infected during

their daily routine, overlain on the tsetse KDE map is shown in Fig 7. The spatial distribution

of villages affected by infection is wider than the distribution of the locations of infection

occurrence as seen in Fig 6. This highlights the distance travelled by some agents for resources,

with villages being approximately 5–10 km from the edge of the tsetse zone (see Fig 7).

The infection rate among cattle owners compared to people without cattle is noticeably

lower. No human infections were acquired by agents grazing or watering cattle agents. One

possible factor influencing this interaction is the distribution of cattle. Approximately 20%

(547 of the 2,925) of the cattle population belong to households in close proximity to the tsetse

fly zone (Fig 7).

Activity, Resource Availability and Exposure

Fig 8 presents information illustrating the locations of infections (and home locations of those

infected) for two of the activities that produce the most infection in the model: school atten-

dance and water collection, at two sites of interest. For infections acquired when collecting

water the image illustrates that, with the absence of a local borehole, households here are par-

ticularly exposed to tsetse flies in the relatively short walk between home and river location.

Conversely for school attendance, trip frequency is lower, and infection through this activity

can only be transmitted to a fraction of the demographic. However, the relative sparsity of

Table 6. Average incidence of human infections by age, gender and presence of household cattle.

Human Infections (Approx. Incidence Rates reported as per 1000 person-years)

Age IR SE Sex IR SE Cattle in the Household? IR SE

0–5 0.013 0.006 Male 0.111 0.017 Yes 0.079 0.017

5 to 10 0.239 0.041 Female 0.137 0.016 No 0.134 0.017

10 to 18 0.185 0.030

18 to 60 0.103 0.016

60+ 0.092 0.034

doi:10.1371/journal.pntd.0005252.t006

Table 7. Percentage of human infections by activity.

Activity % of human Infections SE

School 24.6 4.145

Resting 4.3 2.137

Market 0 0

Firewood 8.3 2.905

Farming 29.6 4.233

Water 33.3 4.359

Graze Cattle 0 0

Water Cattle 0 0

doi:10.1371/journal.pntd.0005252.t007
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schools in regions within (and adjacent to) the tsetse fly zone results in increased trip distances

in this area (up to 4.5 km in the area shown). Here, some of the households with inhabitants

that become infected during trips to schools are situated at the edge, or outside of the previ-

ously mentioned tsetse zone.

Tsetse Fly Infections

Progression of midgut and salivary gland infections in the tsetse population suggests that, on

average, one new midgut infection is acquired within the tsetse population per day (S7 Fig).

The aggregate number of salivary gland infections in the tsetse population through time,

across all repetitions, suggests more infections are maturing in the latter stages of the simula-

tion (Fig 9).

Discussion

Through the construction of a multi-host ABM, incorporating detailed characteristics and

complex mechanisms such as the tsetse life-cycle and real-world human population dynamics,

this research presents a plausible environment for the investigation of rHAT transmission in

the study area. Simulation results suggest that school attendance and water collection are high

risk activities, and that immigrant tribes are at a greater risk of rHAT infection than non-

immigrant tribes. These results suggest that reducing the average distance between villages and

schools, while increasing the provision of borehole water resources to villages in close proxim-

ity to the tsetse fly zone, would aid a reduction in exposure to the vector, and therefore reduce

transmission. The relationship observed between tribe and human infections may be small,

but the higher rates of infection in the Bemba and Lenje tribes is curious. These migratory

tribes have the smallest population in the study area but are more likely to settle in increasingly

marginal land, potentially closer to the wildlife interface, which may increase exposure to

infected tsetse and therefore rHAT. The results also suggest that future uncontrolled migration

into the area may result in an increase in rHAT transmission.

The ABM was applied to model a tsetse population, reaching a degree of stability in all

modelled characteristics within 6 months. Modelled characteristics include tsetse population

size, feeding behaviour, mode of death, establishment of infection and distributions of ages of

death for both tsetse sexes, that correspond to predicted mortality rates [15]. The resultant

model behaviour was largely consistent with the literature, with the exception of an increased

ratio of males to females between the start and stable tsetse population. While the higher pro-

portion of females was suggested in the literature (2:1, female-to-male) [41, 42], and was used

as the start value for the model, stability in the tsetse population was reached at the 4:3 ratio.

Fig 4 illustrates how the model was fitted. The effect of this gender shift could produce a

greater rate of transmission than models using a static 2:1 ratio, given that male tsetse are more

Table 8. Infected human ethnicity (Approx. Incidence Rates reported as per 1000 person-years).

Infected human ethnicity (Approx. Incidence Rates reported as per 1000 person-years)

Ethnicity Description IR SE

Chewa Immigrant; from Chipata/Katete 0.332 0.045

Kunda Indigenous; poor; keeping mostly goats and sheep traditionally 0.083 0.014

Ngoni Immigrant; from Chipata/Katete 0.174 0.086

Nsenga Immigrant 0.011 0.011

Bemba Immigrant; northern Zambia and Copperbelt 0.353 0.155

Lenje Immigrant 0.727 0.512

doi:10.1371/journal.pntd.0005252.t008
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susceptible to salivary gland infection [4]. This is unlikely to have had an effect on the results

presented in this research, considering the short simulated time and low infection rates, how-

ever, it is an important outcome to consider over longer periods and in the real world, with

future empirical study required to further investigate this tsetse gender ratio in the wild.

The simulation results suggest that attending school, collecting water and farming are the

most risky activities to human agents, accounting for over 90% of acquired infections. Causal

Fig 7. (Left) Illustrates the home locations of human agents which acquire a rHAT infection (199 rHAT

infections in total). The three boxes show village locations away from the tsetse zone, indicating that some

agents become infected as a result of converging on the tsetse zone for resources, which exposes them to the

biting hazard. White circles illustrate the locations of all households within the simulation. (Right) Distribution

of cattle owning households (circles) overlain with the estimated tsetse distribution. Box containing the tsetse

fly zone and surrounding area is home to 547 (yellow circles) of the 2,925 cattle in the region. Produced using

Landsat 7 imagery available from USGS.

doi:10.1371/journal.pntd.0005252.g007
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factors could include: location of the resources and the frequency with which they are accessed

(e.g. river adjacent to the tsetse habitat), the amount of time spent at the resource (e.g. farming)

and the relatively long walks to a resource due to sparse distribution (e.g. of schools). Fig 8

highlights how trips in the area with very different characteristics can produce a similarly high

risk of infection. Despite the area highlighting a high number of water collection infections

being at the edge of the tsetse fly zone, and the trip time being short, the high frequency of

trips to collect water may be driving the number of infections. Conversely, the sparsity of

schools in and around the tsetse fly zone not only increases exposure to the tsetse fly by

Fig 8. (Left) Locations of households, boreholes and schools across the study area, overlain on the tsetse fly

zone. (Right) Two sites of interest highlighting homes of infected agents, and locations of infection for those

agents when collecting water (above), and attending school (below). Produced using Landsat 7 imagery

available from USGS.

doi:10.1371/journal.pntd.0005252.g008
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requiring long walks in the region, but also widens the influence of the tsetse zone, as individu-

als enter the region to attend school. As such, an individual’s own behaviour increases their

exposure to the tsetse fly and, thus, increases their risk of infection. For school trips in particu-

lar, the time period of trips in the morning and afternoon coincide with the activity periods

outlined for tsetse flies, providing an additional increase in risk. Another possible cause is the

absence of cattle in these resource trips—a more preferable bite target than humans. Another

explanation is that the location of the home in which the agents reside drives disease risk.

The best protection from rHAT risk is distance from the vector, with the majority of cattle

owning households situated in the south of the study area. The average number of daily bites

on cattle is greater than that for humans, offering a potential dilution effect related to the cattle

due to their higher desirability as a bite target. Although infrequent, some people acquiring

infections may live approximately 5 or 6 km away from the edge of the tsetse fly zone,

highlighting the large distances that some people live away from sparser resources such as mar-

kets and schools, which can heighten exposure. Information such as this could be used to aid

location targeted mitigation strategies aimed at resource provision and the adaptation of peo-

ple’s routines (i.e. to make high exposure journeys in tsetse resting periods) in the future.

The ABM suggests certain demographic and behavioural characteristics can vary the risk of

acquisition of rHAT in the study region. The locations of homesteads and the locations of vis-

ited resources are of high importance, but several less obvious relationships, such as cattle

ownership and immigrant tribe status, may drive heightening disease risk. Further research

using this ABM framework will test a series of what-if scenarios, including hypothetical situa-

tions which change and increase the cattle population, add resources, and assess the implica-

tions of an increasing number of marginal, immigrant settlements on both host infection and

the tsetse population.

The ABM presented in this paper offers a means of developing mitigation strategies for the

area and for One Heath education. The fine spatial scales involved in the modelling process,

Fig 9. Aggregate number of tsetse salivary infections by day.

doi:10.1371/journal.pntd.0005252.g009
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allow incorporation of information on demography, and the size of the area is representative

of the scale over which potential mitigation strategies may be implemented.

The addition of seasonality within the ABM would permit the simulation to be run over

longer time periods. A further development for the ABM will be to incorporate temperature

and rainfall data and develop the tsetse agent class to be sensitive to changes in both. More

detailed wildlife data added to the simulation could aid accuracy in future development,

should this become available.

The model has been developed in as generalised a way as possible in terms of computer cod-

ing and, therefore, is not restricted to the study of rHAT in Zambia. While tailoring would be

required to transfer the model to another location (census data, human movement informa-

tion, and localised tsetse survey data), this effort would not be applied to the model itself, with

any location specific data imported from external files rather than being embedded in the

model. In the absence of these data, the model would still run with estimates (estimated

human and tsetse populations, village locations and known resource locations from satellite or

aerial sensor imagery, and human movement paths based on A� pathfinding) with the caveat

that there would be greater uncertainty within the model. Similarly, although more expensive

in terms of build time, the use of a class system for the tsetse agents means that, given the cor-

rect information profile of the vector, the model could be used to explore different vector-

borne diseases. The future application of the model to a similar site of interest in Zimbabwe

will allow further exploration of model parameter values, and help identify the level of general-

isation presented within the current choices.

Model validation with respect to infection rates in the region is not possible at this time due

to the sparsity of data. Furthermore, the estimated high levels of under-reporting make esti-

mates of incidence a difficult task. However, through careful construction with guidance from

experts and the literature, the incorporation of complex mechanisms, and the conducting of

thorough sensitivity analysis for unknown parameter values, the ABM can be seen as the devel-

opment of a plausible “universe” where the transmission system can be explored. With the

development of our understanding being one of the fundamental purposes of model construc-

tion, the ability to explore the system at such a fine scale through the ABM can be seen as a pri-

mary use. Whether this is the modification of the environment or agent populations,

perturbations to the model can be applied to see how modification affect outcomes, potentially

helping to identify unknowns, and provide a stimulus for further investigation. As such, a lot

of freedom exists to explore the modelled system, and perturbations applied to it. Future

research will consider modification of the environment (e.g. the removal of bush as tsetse rest-

ing sites), and the population in the model (e.g. an increase number of migrants), to help gen-

erate hypotheses about the system’s response to these perturbations.

Further investigation will consider the degree of detail required to produce similar results

to those presented here. An important methodological question remains surrounding the

required level of parameterisation, and the effect of generalising model inputs, structure and

parameters on the model output provides an important question to investigate in future.

Importantly, the existence of a detailed ABM such as here provides a starting point for general-

isation experiments, and allows such an investigation to be undertaken.

Conclusion

The work presented here has shown that it is possible to produce a plausible, detailed ABM

for rHAT transmission at a fine spatial scale. The ABM fitted here is the first to model

the tsetse vector at the individual level. Such a modelling technique can be used in conjunc-

tion with more traditional techniques such as compartmentalised approaches, to test
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hypotheses and ask questions of the transmission system. Through the identification of pos-

sible spatial, demographic and behavioural characteristics which may have differing impli-

cations for rHAT risk in the region, the ABM has produced output that could not be readily

produced through compartmentalised approaches and, as such, has generated hypotheses

that can be tested (through the ABM), including possible mitigation strategies at the

regional level.
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S1 Fig. Typical village homestead (Image: Simon Alderton). 
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S2 Fig. Land classification and pathfinding images. (A) A section of the 11 m resolution land 
classification image, illustrating bare land areas around the airport (pink), cropland (yellow), 
bush/forest (green), and finer scale digitised features including roads (gold) and river (blue). (B) 
Example path produced using the A_ algorithm and land classification between arbitrary points. 
Arbitrary points were used to emphasise how the algorithm diverts the path around a prominent 
obstacle; in this case, the river itself (Produced using Bing aerial imagery)  
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S1 File. Summary data from the human routine questionnaire.        Zambia 2013 Data  
 

 

Data Collected on Individual’s Routines 
 
Respondents: 126 

 

Gender: 

Male: 45 

Female: 80 

No response: 1 

 

Age: 

 

Median: 32, Mean: 36, Min: 9, Max: 76. 

 

No response: 2. 

 

 

Figure 1 - The data represents preferential sample, asking potential respondents who were available within each village at the time of data 
collection. As a result, the number of young respondents is low, and it is expected that these children were attending school. However, 

information concerning their school attendance was captured from other respondents by proxy, with questions included which queried the 
attendance of school by other members of the household.  

 

 

Role: 

Farmer: 107 

Pupil: 4 (although other school attendees are listed as farmers) 

No response: 3 

 

(Others include a brick layer, hospital cleaner, carpenter, and some native names for occupations). 
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S1 File. Summary data from the human routine questionnaire.        Zambia 2013 Data  
 

 

 

In total, 124 routines could be created to resample from as a result of 2 sets of responses having missing data for 1 

or more resources. Routines were divided into three age categories for both males and female: 6-17, 18-59 and 60+. 

No data was collected on behalf of children under the age of 5.  

Table 1 - The percentage of each age/gender group’s routines that contained each resource. N.B. For children of school age, both farming 
and school attendance appear frequently. This can be attributed to children often attending school for half days and then assisting with 
work in the fields. 

Routine Daily/regularly Monthly 

    Water % Charcoal % Farm % water cattle % graze cattle % Schools % Market % 

Male 0-5               

Male 6-17 80 60 80 40 60 100 80 

Male 18-59 81 100 86 19 11 0 56 

Male 60+ 100 100 25 0 0 0 50 

                  

                  

Female 0-5               

Female 6-17 100 100 94 50 44 94 50 

Female 18-59 98 100 92 15 15 0 69 

Female 60+ 100 82 55 9 0 0 27 

 

Table 2 - For trips that are carried out more than once a day (e.g. water and charcoal collection) the frequencies of trips made, along with 
the associated time periods, was recorded. 

  Water       Charcoal       

How 
frequent? % 

What 
times? %   

How 
frequent? % 

What 
times? % 

Several Per 
Day 79 Morning  48   

Several Per 
Day 13 Morning  72 

Once Per Day 13 Lunchtime 10   Once Per Day 62 Lunchtime 2 

Rarely 2 Afternoon 32   Rarely 24 Afternoon 23 

Not Recorded 7 Evening 10   Not Recorded 2 Evening 3 
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S2 File. Results illustrating the average number of infections over a 6-month simulation 
for 25 combinations of human and cattle infections (25 repeats). 
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S3 File. Model routine for a single tsetse per time-step.
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S3 Fig. Sensitivity analysis showing the impact of changing the tsetse-to-host infection probability, 
given a successful bite. 
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S4 Fig. Sensitivity analysis highlighting the response in the tsetse population to different values of 
wildlife feed probability (daily per unfed tsetse), and non-starvation mortality rate scaling value. 9 
combinations were run for 25 repetitions each. The highlighted value set is the one chosen for the 
main analysis. 
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S5 Fig. Average number of tsetse deaths over time, separated by cause of death. 
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S6 Fig. Tsetse death ages by gender. Average male (top) and female (bottom) tsetse deaths 
against age. The inset images illustrate the mortality rates from the literature (Hargrove, 2011) used to 
shape the non-starvation death rate. 
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S7 Fig. Average midgut and salivary gland infections with standard deviation (100 simulations). 
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Chapter 4

Analysis 3

This chapter presents further development of the model produced as a part of chapter

3, introducing seasonality fluctuations to the system.

Two key alterations were made which increase the suitability of the model to

potentially advance scientific understanding of the rHAT transmission system, but

also provide a tool which could be used to aid policy decisions associated with

mitigation. Firstly, the temporal resolution was reduced without any adverse effect

on model outputs, allowing longer runs of the simulation to be plausible taking into

account the required computer memory and run time. The model can now be used

routinely for up to four years of simulation, rather than 6 months. Secondly, the

detailed tsetse model was adapted to respond to climate data, resulting in seasonal

fluctuations in the tsetse population, and the number and distribution of rHAT

infections. Results suggest plausible rates of infection in humans, when taking into

account the level of under-reporting expected to be a problem in the region. Through

enabling the model to be run for a longer simulated period, the use of the tool

for modelling scenarios which could aid mitigation strategies becomes increasingly

plausible.
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Abstract

Background: This paper presents the development of an agent-based model (ABM)
to incorporate climatic drivers which affect tsetse fly population dynamics, and
ultimately disease transmission. The model was used to gain a greater understanding of
how tsetse populations fluctuate seasonally, and investigate any response observed in
Trypanosoma brucei rhodesiense human African trypanosomiasis (rHAT) disease
transmission, with a view to gaining a greater understanding of disease dynamics. Such
an understanding is essential for the development of appropriate, well-targeted
mitigation strategies in the future.

Methods: The ABM was developed to model rHAT incidence at a fine spatial scale
along a 75 km transect in the Luangwa Valley, Zambia. The model incorporates
climatic factors that affect pupal mortality, pupal development, birth rate, and death
rate. In combination with fine scale demographic data such as ethnicity, age and gender
for the human population in the region, as well as an animal census and a sample of
daily routines, we create a detailed, plausible simulation model to explore tsetse
population and disease transmission dynamics.

Results: The seasonally-driven model suggests that the number of infections reported
annually in the simulation is likely to be a reasonable representation of reality, taking
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into account the high levels of under-detection observed. Similar infection rates were
observed in human (0.393 per 1000 person-years (SE = 0.014)), and cattle (0.422 per
1000 cattle-years (SE = 0.039)) populations, likely due to the sparsity of cattle close to
the tsetse interface. The model suggests that immigrant tribes and school children are
at greatest risk of infection, a result that derives from the bottom-up nature of the
ABM and conditioning on multiple constraints. This result could not be inferred using
alternative population-level modelling approaches.

Conclusions: In producing a model which models the tsetse population at a very fine
resolution, we were able to analyse and evaluate specific elements of the output, such as
pupal development and the progression of the teneral population, allowing the
development of our understanding of the tsetse population as a whole. This is an
important step in the production of a more accurate transmission model for rHAT
which can, in turn, help us to gain a greater understanding of the transmission system
as a whole.

Author Summary

African trypanosomiasis is a parasitic disease which affects humans and other animals in
36 sub-Saharan African countries. The disease is transmitted by the tsetse fly, and the
human form of the diseases is known as sleeping sickness. In an attempt to improve our
understanding of the mechanisms which contribute to sleeping sickness transmission, a
detailed, seasonally driven model of the tsetse fly has been produced, with the theory
that a greater understanding of the disease vector’s life cycle will allow developments in
our knowledge of disease transmission. The model incorporates previously developed
spatial data for the Luangwa Valley case study, along with demographic data for its
inhabitants. Tsetse and potential human and animal hosts are modelled at the
individual level, allowing each contact and infection to be recorded through time.
Through modelling at a fine-scale, we can incorporate detailed mechanisms for tsetse
birth, feeding, reproduction and death, while considering what demographics, and which
locations, have a heightened risk of disease.

Introduction

The tsetse fly (genus: Glossina) is the vector for human African trypanosomiasis (HAT)
or sleeping sickness, a neglected tropical disease caused by two sub-species of the
protozoan parasite Trypanosoma brucei s.l.: T. b. rhodesiense, in eastern and southern
Africa and T. b. gambiense in West Africa [1]. T. b. rhodesiense HAT (rHAT) is a
zoonosis, affecting a wide range of wildlife [2, 3] and domestic animals, particularly
cattle [4], presenting in humans as an acute disease [5]. The history of HAT in
sub-Saharan Africa is characterised by long periods of endemicity where the disease
self-sustains at low background levels, with periodic epidemics in regional foci [6]. As
sleeping sickness is a neglected tropical disease, out-of-date, difficult to administer,
physically invasive and partially validated treatments are often in use, with the prospect
for future developments of more effective treatments being limited (e.g. [7–11]).
Furthermore, where tools are available, HAT is rarely prioritised due to competing
public health interests [12]. In terms of disease prevention, there is currently no
immunological prophylaxis to stop infection in humans [13], made difficult to produce
due to the parasite being able to evade the host’s immune response by altering the
antigenic character of its glycoprotein surface coat [14]. Given these difficulties with
preventing and treating HAT infection in humans, it is not surprising that mitigation
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strategies focused on vector control have seen success (e.g. [15–18]), given that the
tsetse fly is not only required for transmission, but also for several stages of parasite
development [19,20]. Despite such efficacy, the control of the disease in tsetse (and,
therefore, wildlife) in game reserves and other protected areas is complicated by
ecological, conservationist and environmental considerations [21–23].

Gaining a greater understanding of the population dynamics in a tsetse population
appears to be an attractive goal, considering that such an understanding could lead to
the development of more targeted vector control strategies which have a reduced
negative ecological impact, while also allowing a more plausible understanding of the
rHAT transmission system. For the latter, demographic growth (through the availability
of food and habitat) and climate changes (affecting tsetse development and mortality
rates) are two factors which could affect tsetse population dynamics, and ultimately
affect the transmission system [24,25]. As a result of the significant role that a tsetse
population has in controlling the rate and distribution of rHAT transmission, this paper
considers the tsetse sub-component of the larger rHAT transmission system in detail,
with the ultimate goal being the creation of a more accurate representation of the
transmission system as a whole.

Collecting comprehensive data on populations of tsetse in the field is expensive,
complex and time consuming and, consequently, numerous attempts have been made to
model tsetse populations as part of vector control or HAT transmission studies
(e.g. [26–29]). Some models incorporate climatic drivers which create fluctuations in the
tsetse population through the seasons (e.g. [30–33]). One recent example used
agent-based modelling (ABM) techniques to simulate a simple fluctuation in tsetse
population size through different seasons by altering the length of a predetermined
lifespan for tsetse, depending on whether the tsetse emerges in the dry (2 months) or
wet season (3 months) [31]. Incorporating more detail, [33] used known relationships
between temperature and different life events and processes, such as mortality and the
length of the pupation period, as parameters when constructing a population model for
vector control.

ABMs are “a computerized simulation of a number of decision-makers (agents) and
institutions, which interact through prescribed rules” [34]. ABMs have been described
as a “third way” of conducting scientific research, incorporating both deductive (ABMs
start with basic assumptions) and inductive (produces simulation data to analyse)
approaches [35]. However, Epstein [36] suggests that rather than inductive or deductive,
ABMs should be considered as “generative” tools in that, through the initialisation of a
population of autonomous agents in a relevant spatial environment, one can allow the
agents to interact given a simple set of local rules, and generate, from the bottom up,
the macroscopic behaviour and regularity of the population as a whole. Such an
approach lends itself well to both the investigation of the HAT transmission system as a
whole and the tsetse populations and their dynamics as a component. Starting with
tsetse population dynamics, much is written about how varying climatic conditions have
different impacts on various tsetse life events and processes e.g.: pupal period duration
(e.g. [37]), probability of pupal death (e.g. [38, 39]), and time between oviposition
(e.g. [40, 41]). Representing observations made from samples acquired both in the field
and laboratory studies, these patterns provide us with a solid framework to model the
larger population, for which comprehensive data are much more difficult, if not
impossible, to acquire. By initialising a tsetse population as individuals, each abiding by
rules set by the above behavioural patterns (and others relating to feeding, mating and
age-dependent mortality), plausible population level outcomes such as fluctuations in
population size should be observable as the simulation progresses.

When the HAT transmission system is incorporated into an ABM for acquiring
preliminary knowledge of the disease transmission system, the constructed model
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becomes a representation of a complex system (e.g. [42–44]), given that the prevalence
of the disease is a complicated emergent phenomenon produced by relatively simple,
individual specific rules (both vector and host) concerning movement and resource
acquisition. In a complex system, the causes of emergent phenomena cannot easily be
decoupled and explained by specific parts of the system [45] with, in this case, the model
landscape and agent behaviour creating variation in the timing, location and probability
of infection as a result of their influence on variability in contact patterns between
vector and host [46,47]. In this way, ABMs could be considered the most appropriate
way to investigate both the HAT transmission system, and tsetse fly dynamics as a
sub-component, allowing the representation of interdependent processes such as how
individuals interact with each other and their environment through space and time more
easily than is possible through more traditional epidemiological techniques [48].

In previous work, an ABM of rHAT transmission was produced using a spatialized
approach, incorporating factors often overlooked (e.g. human behaviour and
activity-based movement; density and mobility of vectors; and the contribution of
additional hosts) [27]. This paper presents the first ABM which considers the effect of
climatic factors on individual tsetse and their life processes in detail, while also
considering the effect this has on rHAT transmission in a large study area in Eastern
Province, Zambia. Through the incorporation of seasonality parameters into an existing
fine spatial and temporal scale ABM of rHAT transmission in the region [27], the aim
was to develop a greater understanding of tsetse population dynamics through
simulation, and subsequently produce a more plausible model of rHAT transmission.
The incorporation of such data is vital where transmission rates, and indeed the
transmission system as a whole, are to be explored over multiple years. The existing
model provided a suitable starting point for the simulation of these seasonal parameters
by modelling tsetse flies at the individual level, along with different life events for which
durations and probability of occurrence can be climatically constrained. Ultimately, the
modified model was implemented with the aim of answering the following research
questions: throughout the year, how does the tsetse fly population fluctuate both as a
whole, and within different life stages (e.g. pupal, teneral, mature)? Under the caveat
that a plausible model has been produced, what rates of disease transmission are
observed, and how do these vary seasonally? Such a model will allow for future
exploration of long-term mitigations strategies, alterations to the demographic make-up
of the study area, and climate change scenarios.

Study Area

Eastern Province, Zambia is situated in southern Africa, sharing borders with Malawi
(to the East) and Mozambique (to the South). The Luangwa Valley is an extension of
the Great Rift Valley of East Africa, traversing the Zambian Eastern, Northern and
Muchinga Provinces. The valley is characterised as a flat bottomed valley bounded by
steep, dissected escarpments which rise to a plateau at approximately 900-1000 m [49].
As a result of climatic variation, different types of vegetation are observed at different
altitudes, with valley areas consisting mainly of mopane woodland and patches of
grassland, while the natural vegetation on the escarpment and plateau is miombo
woodland, interspersed with munga woodland [50].

The study area spans a sparsely populated region of the Luangwa Valley. Villages
are small (between 5 and 20 households) and inhabitants are predominantly subsistence
farmers. The data collection area and region to be modelled consists of a 75 km transect
which starts close to Mfuwe airport in the north, and runs southwards along the
Lupande River and its distributaries (Fig. 1). Average monthly temperature and
rainfall measurements collected at the Mfuwe airport (1982-2012) weather station are
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reproduced in Fig. 2 [51]. There are three main seasons in Zambia’s tropical climate:
the rainy season spans November to April (wet and warm) with mean monthly rainfall
peaking at 210 mm in January. After the rains, a cold and dry period occurs prior to
August, where May is the hottest and wettest month, with mean temperatures below
23°C and mean rainfall below 3 mm. The hot and dry season usually spans August,
September and October, with mean temperatures reaching 28°C in October
accompanied by 17 mm of rainfall on average, the first after four dry months in
succession [49,51]. The Luangwa River and its main tributaries are perennial, and
although flash flooding occurs in all rivers during the wet season, the smaller rivers
which drain the valley floor dry out during the dry season and flow during the rains [52].

Fig 1. Map of the study area size and location. Households from the census included
in this modelling study are indicated as white circles and Mfuwe airport, the location of
the region’s weather station, is visible in the north (produced using Landsat 7 imagery
from USGS), after [27].
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Fig 2. Average annual climate data for the study area, collected at Mfuwe airport
weather station. Produced using data from [51]. Background colours represent typical
seasons found in the study area.

rHAT is endemic in the Luangwa Valley, first being reported in 1908 [53]. G. m.
morsitans was not originally considered a vector of rHAT in the valley, despite 50% of
domestic and game animals in the Valley having been observed to harbour
trypanosomes [54]. In the early 1970s, a large rHAT outbreak occurred in Isoka (241
case in 3 years) attributed to fly encroachment from Luangwa [55]. Wildlife had been
observed to reside in Isoka for several months during the rainy season, migrating away
during the dry season. In 1973, early diagnosis and improved treatment methods were
introduced, and case numbers fell [56].

Today, cases of rHAT continue to be reported in the Luangwa Valley. Mid-Luangwa
Valley has recently experienced increased immigration of people seeking fertile land.
Land pressure has resulted in human settlement in increasingly marginal, tsetse-infested
areas, previously avoided for fear of disease risk to introduced livestock. Households
grow cotton as a cash crop and maize and groundnuts for home consumption [49].
These anthropogenic changes have the potential to destabilise current trypanosomiasis
transmission cycles, resulting in increasing prevalence of trypanosomiasis in both human
and animal hosts, and the spread of rHAT into previously unaffected areas. Risk factors
include human proximity to the large wildlife reservoir in the South Luangwa National
Park to the north-west [2], and ever-increasing livestock (and human) density on the
plateau. Little is known concerning tsetse-trypanosome-human interaction in the region.
Therefore, the ABM has the potential to enable exploration of contact risk within
communities. Furthermore, with climate changes expected to occur in the near future,
such as reduced annual rainfall, increased storm events and increased
temperature [57,58], it is becoming increasingly important to understand how climate
factors can affect tsetse populations, particularly in areas such as this, where increases
in temperature could see the tsetse habitat spreading further up the valley to more
populous areas.
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Data Processing

This paper describes a new, seasonally sensitive ABM for rHAT/animal African
trypanosomiasis AAT, based on an earlier, non-seasonal model that was constructed
using data derived from a detailed rHAT, AAT, and tsetse ecological survey, undertaken
in 2013, in Eastern Province, Zambia [27]. Due to the fine spatial and temporal scales
used to model the system, and the number of mechanisms incorporated (e.g., tsetse
reproduction, tsetse feeding, human agent movements using real-world routines and
pathfinding techniques [59]), the model was complex and its data inputs were numerous.
As a result, only new data and modifications to the original model are described here. A
detailed description of the original, non-seasonal model framework, and the data used to
construct it, can be found here [27].

Adding Seasonality – the Exploration of Climatic Drivers

Temperature Data

Annual mean temperature data collected at Mfuwe airport are presented in Fig. 2.
Fig. 3 shows the interpolation of these data into daily temperatures using a four-term,
sum of sines method, produced using Matlab’s curve-fitting tool. This method produced
the best fit to the mean monthly data (r2 = 0.97), while also producing limits which
join when wrapped, allowing multiple years to be considered. Future mention of
temperature in this section refers to the daily temperatures derived from this curve.
The temperature model is presented starting in August as this reflects the month in
which the present simulation commences, chosen as the midpoint between the tsetse
surveys used to estimate the tsetse population (June and November – see [27]).

Fig 3. Interpolation of mean monthly temperature data using sum of sines technique
(r2 = 0.97).
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Seasonal variation in oviposition

The non-seasonal model used the expectation that a female tsetse would give birth 18
days after mating, and every 10 days thereafter for the duration of their life [60].
However, data collected in Zimbabwe in 1994 suggest that in warmer conditions ( 30°C),
the time taken to produce a first pupa can be as low as 15 days [40], with extrapolations
of the data suggesting that subsequent offspring could be produced at an interval of 16
days at 16°C, and 7 days at 31°C [41] (Fig. 4) using Eq. 1 [41]:

Birth Interval =
1

k1 + k2(T − 24)
(1)

Where: T = temperature, k1 = 0.061 and k2 = 0.0020 for the initial birth interval,
and k1 = 0.1046 and k2 = 0.0052 for further births.

Fig 4. Tsetse reproduction intervals in response to temperature (produced using data
from [41]).

Although extrapolation should be treated with caution, the tsetse species under
investigation, along with the vegetation, are consistent in both studies. Furthermore, the
temperatures in the region of the present study are largely in the range of temperatures
for which field experimental data were collected to produce these curves (22°C to 30°C)
and, as a result, are used to dictate birthing intervals in the current simulation.

Temperature and pupal duration

The previous iteration of the model included a longer pupal duration in males than in
females, as suggested in the literature (e.g. [37, 60]), and so for each larva deposited
during the simulation, a 35 and 30 day pupal period was included for males and females,
respectively, represented as a period of inactivity. However, pupation is known to be
temperature sensitive with pupal periods decreasing with increasing temperature, a
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relationship observed by Phelps and Burrow’s laboratory experiments at constant
temperatures [37]. Hargrove [41] utilised the data to present a near perfect fit for pupal
duration at temperatures between 16°C and 32°C (r2 = 0.998) (Fig. 5), represented by
Eq. 2 and Eq. 3:

Fig 5. Tsetse pupal intervals in response to temperature (produced using data
from [41]).

r =
k3

1 + e(a+bt)
(2)

pupal duration =
1

r
(3)

Where: t = temperature, for males: a = 5.3, b = -0.24 and k3 = 0.053 and for
females: a = 5.5, b = -0.25 and k3= 0.057.

Given the excellent fit to the data and the large variation in pupal periods expected
within the temperature range found in the study area (19°C = 60 days, 28°C = 20
days), variation in pupal duration with temperature is clearly an important factor to
incorporate in the model.

Climatic drivers for pupal mortality

Due to the difficulty in finding pupae in the field, population estimates, and ultimately
estimates of pupal death rates are rare [41]. Although observations suggest temperature
may not affect pupal mortality until extremes are reached (>35°C) [37], it is estimated
that a four month long rainy season can result in the death of half the pupae collected
in a sample [38]. Similar to Vale and Torr’s [29] climate independent tsetse model, the
previous iteration of this ABM assumed a pupal mortality rate of 26%, after field
observations by Jackson [61]. However, as a result of the implementation of a variable

PLOS 9/31

156



pupal duration in the current version, it seems appropriate to apply pupal mortality
rate on a daily basis and, as such, the 1% daily pupal mortality rate field estimates
presented by Rogers and Randolf [62] were used as a starting point here, for months
where precipitation is low or non-existent. To capture the increased mortality rate
observed in the rainy season, the daily mortality rate was increased to 2% in the months
of February, March, November and December, where average monthly rainfall ranges
from 85 mm to 180 mm, and 3% in January, where rainfall exceeds 200 mm (Fig. 2).

Combining age and temperature dependent mortalities

The first iteration of the model included a tsetse death function to deal with mortality
not captured by starvation of individual tsetse, or pupal mortality. Represented as a
scaled-down version of Hargrove’s age-dependent mortality model [63], no climatic
impact was incorporated. To ensure the tsetse agents are sensitive to temperature in the
current iteration of the model, the previous age-dependent mortality rate (Eq. 4) [63]
was adapted to reflect the relationship reported by Hargrove in Eq. 5 [41], a modelled
estimate of daily mortality rate in response to temperature based on mark-recapture
data collected on Antelope Island in Zimbabwe in 1980 and 1981. Equations 3 and 4 are
visualised for both male and female tsetse in (Fig. 6).

λ1(t) = k4(k5e
−k5a(t) + k6e

k6a(t)) (4)

Where: t is a point in time, a(t) is fly age at time t, and k4, k5, k6 are
gender-specific constants (Male: k4 = 0.389, k5 = 0.395, k6 = 0.0583 and female: k4 =
0.605, k5 = 0.201, k6 = 0.0119) [63].

λ2(t) =
e−k7+(k8T (t))

100.0
(5)

Where: T(t) is the temperature at time t, and k7, k8 are gender-specific constants
(Male: k7 = 0.19, k8 = 0.071 and female: k7 = 0.85, k8 = 0.083) [41].
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Fig 6. The upper two plots present an observed relationship between tsetse mortality
rate (MR) and temperature (produced using data from [41]). The lower two plots
illustrate a modelled relationship between tsetse age and mortality rate (produced using
data from [41]). Blue = male tsetse. Red = female tsetse.

Both Eq. 4 and Eq. 5 are hazard functions, which define the likelihood that
something will survive to a certain point in time based on its survival at an earlier time,
each taking a different factor into account. Examples of combining hazard functions are
well recorded in reliability engineering, where “failure” is used in place of “hazard” or
“mortality”, and the failure rate of a series system is calculated as the sum of the failure
rates of its components [64]. While more complicated methods are required to calculate
failure rates of parallel and combined systems, in complex systems, where relationships
between two components cannot be defined easily, the system’s failure rate is
pessimistically taken to be the sum of the individual failure rates of its components.
Since the relationship between age and temperature on the tsetse mortality rates are
not well defined, the latter method has been implemented for this study (Eq. 6):

Λ(t) =

n∑

i=1

λi(t) (6)

where, λi (t) is the hazard rate for ‘component’ i.
While the temperature-dependent mortality rate (λ2(t)) will have been determined

across a range of fly ages, the age-dependent mortality rate (λ1(t)) was determined
during a relatively small window in which the temperature was likely to be constant. To
avoid ‘double counting’ the mortality rate due to temperature, the age-dependent
mortality rate was decoupled from temperature to remove any associated effects, via the
new function in Eq. 7. While this is relatively crude, this was used as a starting point in
the absence of a more detailed understanding of the relationship between temperature
and age in the mortality of the tsetse fly.
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λ1(t) = k4(k5e
−k5a(t) + k6e

k6a(t)) − e−k7+(k8Tc)

100.0
(7)

where, Tc is a constant temperature, which could be considered as the ‘base’
temperature.

Using this equation and the constant values reported previously, the daily mortality
rate of a tsetse fly at a given age and temperature can be visualised as in Fig. 7 for
males and Fig. 8 for females.

Fig 7. Male tsetse mortality rate dependent on age and temperature.
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Fig 8. Female tsetse mortality rate dependent on age and temperature.

Methods

ABM framework

The previous, non-seasonal ABM provided the majority of the methods and data used
in the current version of the simulation, and so readers are referred to [27] for greater
detail and only a summary is provided here. Census data were used to locate and
initialise the human and animal populations living in the households shown in Fig. 1. A
sample of resource-seeking routines sorted by gender and age was taken in the field (see
supplementary information of [27]), and a set of plausible paths from each village to
each resource was created using a pre-processing A* pathfinding technique [59]. For
tsetse, an estimate of the total apparent population size, density and distribution was
provided. Four agent types were included in the ABM, together with an areal
representation of wildlife. Humans, cattle, other domestic animals and tsetse used in the
ABM were constructed as four separate classes, with populations modelled 1:1 with the
data collected in the census (e.g. 16,024 human agents) and the estimated tsetse
population discussed previously. Each class had its own initial information and storage
structures for events that occurred through the simulation. The ABM was written in
Python 2.7 using an object-oriented framework, and run on the Lancaster University
High End Computing (HEC) Cluster, with all spatial data being processed using
Quantum GIS 1.8.0.

The subsequent sections draw attention to any modifications between the original,
non-seasonal modelling framework and the new ABM model, while also describing how
the climatic drivers affecting the tsetse population were incorporated into the model.
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Model Modifications

Temporal Resolution and Wildlife Feeds

The initial iteration of the model was split into 2,400 time-step (or tick) days, meaning
that each tick represented 36 seconds of simulated time. The temporal resolution was
very high to reduce the chance of missing any possible contacts between vectors and
hosts, assuming that a more coarse resolution would allow a tsetse fly to ‘pass over’ a
possible bite target between ticks, with the bite target being out of smell range before
and after. The more frequent the tick, the smaller the jumps, and the less chance of
missing potential interactions. However, this method was restrictive in terms of memory
usage and CPU time required to run just six months of the simulation. Further tests
were carried out to establish how coarse the temporal resolution could be made before
the number of simulated domestic host-vector contacts was reduced, and a greater daily
probability of wildlife feed was required to maintain the tsetse population levels. It was
established that 600 ticks per day (2.4 minutes per tick) allowed the simulation to
progress with no obvious effect on human, cattle and other domestic animal bite
numbers, while requiring a very similar daily wildlife bite probability to produce a
stable tsetse population (37% chance per day of a hungry tsetse taking a wildlife bite,
compared with 35% in the previous version). Further testing suggested that reducing
the temporal resolution further would affect the feeding pattern of the simulated tsetse
population. For example, with a resolution of 120 ticks per day (12 minutes per tick),
each ‘step’ taken by a tsetse fly would be greater than suggested by observations of
single flight periods ( 2 mins [65]), and the number of opportunities for each tsetse to be
adjacent to a possible host and achieve a bite would be reduced to 30 per day given that
only 6 hours of tsetse activity are modelled in a 24 hour period (7am – 11 am, 3pm –
5pm, after [66]). As a result, 600 ticks per day were used to produce the results of this
investigation, which required approximately 4.5 GB of RAM per simulation run on the
high performance machine, and 24 hours of CPU time per simulated year.

Climatic Driver Additions

To capture the effect of seasonality on the tsetse fly population, daily temperature was
calculated every 24 hours using the interpolation method discussed previously, and set
as a global variable for the simulation.

Tsetse Births

For each female, once mated, the number of days since mating was compared with the
birth interval calculated using Eq. 1 and the daily temperature. If and when the
number of days since mating exceeded the interval calculated on a given day, a pupa
was deposited. A count of the number of days since mating was replaced with a count of
the number of days since last offspring, and equation 1 was used again on a daily basis
(using the alternative constants for further births), until another birth occurred. This
process was repeated for the duration of a female tsetse fly’s lifespan. There was an
equal chance of each tsetse offspring being male or female, and each pupa was deposited
in a bush area where the female tsetse rested during the previous night.

Pupal Duration and Death

A rolling average of the temperature that each pupa has experienced since birth was
calculated and attributed to each individual. This temperature was used to determine
each individual’s pupal duration, given that if a pupa’s age exceeded the pupal duration
calculated using Eq. 2, the pupa would emerge as a teneral fly. It was considered
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important to use a rolling average of temperature here as the length of a pupal period
can span months with quite different temperatures. As described previously, rather
than a single probability used to decide whether a pupa would die during its entire
pupal period, a variable daily probability of pupal death was included, increased in
some months to account for losses observed in the rainy season. Should the probability
be exceeded for a pupa, that tsetse was removed from the simulation.

0.0.1 Teneral and Mature Tsetse Death

Death could result from pupal mortality, starvation, or if a tsetse fly exceeded the daily
mortality rate calculated by sex, age and temperature (Eq. 7, Fig. 7 and Fig. 8). The
mortality rate was calculated individually for each teneral and mature fly, and if the
probability was exceeded, the tsetse was removed from the simulation. Starvation
occurred if a tsetse tried and failed to feed before a given period of time had elapsed.
The starvation element was more strict for teneral flies (3 days instead of 5 days)
highlighting their increased vulnerability and reduced flight strength. In the previous
version of the simulation, 75 teneral files were added to the simulation for the first 35
days to account for pupae deposited prior to the start of the simulation. As this version
of the simulation started in August, and the simulated climate quickly became hostile
for teneral flies as temperature increased, 500 teneral tsetse were required per day for
the first 45 days, which is representative of average simulated pupal maturation rates
during September as the simulation progressed (see Results).

To allow the model to initialise and stabilise, the simulation was run for a year
before the results for this paper were produced, allowing a ‘burn-in’ period. For
example, the results presented below are representative of years 2-4 of the simulation.
100 repeat simulations were used to produce the results presented here.

1 Results

1.1 Tsetse Population

At the end of the three year simulation, a relatively stable population record was
observed in both the male and female tsetse populations, with both exhibiting a double
peak in response to the temperature and precipitation climatic drivers (Fig. 9).
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Fig 9. Average daily population size of adult tsetse flies by sex (+/- standard
deviation), overlain on mean monthly temperature and precipitation for the three year
simulation period.

Each year, until peak temperature was reached in October and November, the
population slowly increased, with each gender’s population size increasing by
approximately 1000 flies. Such population increases during this hot and dry season
could be attributable to the absence of a boosted pupal mortality caused by the rains,
and increasing temperatures having a greater impact in reducing pupal duration and
the period between births, than increasing tsetse teneral and mature tsetse mortality.
During the rainy season (November-April), this population gradually fell (to an annual
low for female tsetse), a result of pupae being washed away during the rainy season, and
high temperatures causing increased mortality in the annual peak population of teneral
flies (Fig. 10) (now emerged after a high period of births discussed previously - birth
numbers can be seen in Fig. 11).
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Fig 10. Average daily population size of tsetse flies at different life stages, overlain on
mean monthly temperature and precipitation for the three year simulation period.
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Fig 11. Average daily numbers of population transitions within the tsetse population,
including initial birth, the development from a pupa to teneral fly, and the development
from teneral to mature fly on first feed.

During this period, with a reduced number of pupae to develop, and teneral tsetse to
mature and start reproducing, the higher temperatures no longer aided a growth in
population as there were fewer pupal maturations and birth rates to ‘accelerate’
(Fig. 10). At the end of the rainy season, the tsetse population gained a small boost due
to a plateau in temperature as the rains declined, and the drop in population slowed
through the cool and dry season (May to July), although recovery did not start during
this period as temperatures were too low to aid rapid re-population of the tsetse
population, and the pupal population was still recovering (Fig. 10). This season also
exhibited the only observable difference in population dynamics between female and
male tsetse, with female tsetse recovering more quickly, and the male tsetse population
reaching an annual low prior to recovery. It is likely that this was due to male tsetse
being more susceptible to higher temperatures, having a shorter lifespan, and taking
longer to develop from pupae, a relationship which was made clearer at this point in the
year due to the absence of the rains, and when the population is recovering and,
therefore, has a shorter age range in both sexes. The ratio of female-to-male tsetse
varied from 3:1 in favour of females when temperatures were low, to 2:1 during the
October peak, again highlighting that female tsetse were less susceptible to changes in
temperature.
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Fig. 12 presents the different possible modes of tsetse death included in the model,
and how the rates varied as the simulation progressed. Non-starvation death
represented the deaths attributable to the age-temperature dependent mortality model
defined by Equation 6, and was consistently responsible for the largest number of daily
deaths, peaking in the period of highest temperature with approximately 375 deaths per
day. Unsurprisingly, given its temperature dependency, the mortality shape closely
aligned to mean monthly temperature, except for a period in February and March after
the pupal population was reduced by the rains, resulting in a reduced teneral
population and, therefore, fewer adult deaths. Deaths due to starvation followed closely
the general pattern of population size, with teneral starvations being particularly low –
likely a result of the low daily teneral population size (ranges between 100 and 400 –
Fig. 10) and the teneral tsetse population having the highest age-temperature
dependent mortality rate. The data for pupal deaths was not smooth during the rainy
season due to the static monthly values used as estimates of the increased mortality
experienced in the pupal population as a result of the washing away of pupae during the
rainy season (e.g. 0.02 in November and December, 0.03 in January). Peak pupal
mortality occurred when the rains were highest in January, and decreases in the number
of deaths through that month (and November-December) were representative of the
declining pupal population to which the daily mortality rate applied.
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Fig 12. Average daily deaths by class for the tsetse population, including starvation of
both teneral and mature flies, pupal mortality, and other deaths attributable to the age
and temperature dependent mortality model discussed previously. Error bars represent
the standard deviation.

The ratio of pupae to mature tsetse was approximately 2:1 at any given time, with
the mature to teneral population ranging between 15:1 at the peak of population size
and 25:1 when population sizes were generally lower.

rHAT Transmission

Across the three year simulation, the approximate incidence rate for human and cattle
rHAT infections was 0.393 per 1000 person-years (SE = 0.014), and 0.422 per 1000
cattle-years (SE = 0.039). There were 12 human infections each year on average (i.e.
per year, per run), and 3 cattle infections.
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Fig 13. Heat surface representing aggregate number of infections across the 100 repeat
simulations, by season, with pixel values taking the units of infections per square
kilometre.

Fig. 13 illustrates how these infections clustered spatially and by season. The
aggregate number of infections across all years and each of the 100 repeats was used to
produce this heat map due to the low infection numbers. There was not much spatial
variability through the seasons despite the variation in tsetse population size. However,
the number of infections was reduced in the rainy season in response to a decrease in
tsetse population. Two hotspots are visible in each of the seasons, each with elongated
elements suggesting that frequently used paths were sources of interaction between
vector and human host. This is possibly most visible in the north as east-to-west
movement here could represent movement between villages and the river, a hypothesis
which is given support by observations of infection by activity (Table 1) which suggest
that in each year and season, water collection accounted for between 27% and 30% of
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human infections, second only to school trips which accounted for 45% to 49% of
infections. No human infections were acquired whilst watering or grazing cattle, while
the third highest number of infections occurred when farming. There was little variation
in infections by activity each year, and between the seasons.

Table 1. Average proportion of human infections attributable to each activity, for each season and year,
represented as a percentage

% of Human Infections by Activity
Total (3 years) Year 1 Year 2 Year 3 Hot, Dry Season Hot, Wet Season Cool, Dry Season

Activity Avg. SE Avg. SE Avg. SE Avg. SE Avg. SE Avg. SE Avg. SE
School 46.3% 14.3% 49.2% 2.8% 46.1% 2.4% 44.9% 1.9% 47.8% 2.4% 43.7% 2.0% 46.9% 2.3%
Resting 3.4% 3.3% 3.7% 0.8% 3.0% 0.5% 4.0% 0.6% 3.7% 0.7% 4.3% 0.6% 2.6% 0.6%
Market 0.4% 1.1% 0.2% 0.1% 0.4% 0.2% 0.3% 0.1% 0.1% 0.1% 0.5% 0.2% 0.6% 0.3%
Firewood 6.0% 5.1% 6.0% 1.1% 6.8% 1.0% 5.7% 0.8% 6.1% 1.1% 6.3% 0.8% 5.9% 1.0%
Farm 15.4% 9.2% 13.0% 1.6% 16.6% 1.7% 15.7% 1.3% 14.9% 1.7% 16.4% 1.3% 14.5% 1.4%
Water 28.4% 12.1% 27.9% 2.5% 27.1% 1.9% 29.4% 1.7% 27.4% 2.0% 28.8% 2.0% 29.4% 1.9%
Graze
Cattle 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
Water
Cattle 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

With the observed high proportion of infections coming from school trips, it is
unsurprising that 5-10 year olds and 10-18 year olds had the highest infections rates
(Table 2). Infection rates were generally lower in the rainy season, and increased as the
simulation progressed.

Table 2. Approximate incidence rates by year and season for different age groups

Approximate Incidence Rates, reported as per 1000 person-years
Total (3 years) Year 1 Year 2 Year 3 Hot, Dry Season Hot, Wet Season Cool, Dry Season

Age Avg. SE Avg. SE Avg. SE Avg. SE Avg. SE Avg. SE Avg. SE
age0-5 0.032 0.004 0.032 0.007 0.025 0.007 0.038 0.007 0.036 0.008 0.028 0.005 0.034 0.008
age5-10 0.752 0.032 0.584 0.041 0.739 0.053 0.929 0.055 0.791 0.055 0.628 0.038 0.955 0.060
age10-18 0.674 0.030 0.525 0.037 0.660 0.041 0.833 0.050 0.740 0.047 0.561 0.035 0.827 0.051
age18-60 0.288 0.016 0.216 0.019 0.278 0.021 0.370 0.026 0.296 0.025 0.242 0.016 0.372 0.028
age60+ 0.253 0.028 0.178 0.041 0.251 0.044 0.330 0.050 0.299 0.052 0.220 0.039 0.273 0.050

Table 3 shows that the highest incidence rates were observed amongst immigrant
tribes, with the only indigenous tribe (the Kunda) having the second lowest infection
rate across each time period, despite making up over 70% of the population.

Table 3. Approximate incidence rates by year and season for different ethnicities

Approximate Incidence Rates, reported as per 1000 person-years
Total (3 years) Year 1 Year 2 Year 3 Hot, Dry Season Hot, Wet Season Cool, Dry Season

Ethnicity Avg. SE Avg. SE Avg. SE Avg. SE Avg. SE Avg. SE Avg. SE
Chewa 0.814 0.037 0.676 0.047 0.743 0.059 1.020 0.065 0.889 0.058 0.687 0.047 0.991 0.061
Kunda 0.281 0.012 0.215 0.014 0.284 0.016 0.344 0.018 0.299 0.018 0.236 0.014 0.352 0.022
Ngoni 2.493 0.195 1.617 0.230 2.429 0.322 3.395 0.376 2.797 0.335 2.042 0.209 3.031 0.364
Nsenga 0.095 0.014 0.084 0.022 0.078 0.023 0.123 0.029 0.052 0.019 0.093 0.019 0.141 0.033
Bemba 0.472 0.079 0.247 0.091 0.531 0.154 0.637 0.177 0.377 0.145 0.401 0.112 0.707 0.182
lenje 0.424 0.155 0.000 0.000 0.909 0.398 0.364 0.256 0.242 0.242 0.606 0.266 0.242 0.242

Infection rates observed by gender and cattle ownership were comparable across time
periods, with males and cattle owning households exhibiting marginally higher
infections rates in comparison to females and households without cattle (Table 3).

Infections acquired and matured within the tsetse population fluctuated as the three
year simulation progressed, with a small year-on-year increase in average infections both
in the midgut and salivary gland (Fig. 14). On average, the peak time of salivary gland
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Table 4. Approximate incidence rates by year and season for different sexes and cattle ownership

Approximate Incidence Rates, reported as per 1000 person-years
Total (3 years) Year 1 Year 2 Year 3 Hot, Dry Season Hot, Wet Season Cool, Dry Season

Gender Avg. SE Avg. SE Avg. SE Avg. SE Avg. SE Avg. SE Avg. SE
Male 0.417 0.016 0.337 0.019 0.394 0.022 0.519 0.027 0.451 0.025 0.346 0.019 0.524 0.029

Female 0.370 0.015 0.272 0.016 0.372 0.022 0.466 0.025 0.389 0.020 0.315 0.019 0.461 0.026

Cattle?
TRUE 0.428 0.025 0.325 0.028 0.393 0.033 0.565 0.046 0.483 0.039 0.361 0.029 0.505 0.044
FALSE 0.386 0.014 0.299 0.015 0.381 0.018 0.476 0.022 0.406 0.018 0.324 0.016 0.489 0.024

infection development was at the beginning of the rainy season, which reflects the period
of highest tsetse densities plus a time-lag for development of mature infections in the fly.

Fig 14. Average and range of tsetse midgut and salivary gland infections as the three
year simulation progresses, overlain on a colour-coded background representing the
seasons.
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Discussion

Tsetse Population

The first plausible individual-based model representation of a real world tsetse
population was created allowing a simulation of the system over multiple years. The
model was specified using temperature-dependent parameters derived from the
literature, detailed human and animal information from acquired datasets, and expert
opinion, and an estimate of the initial tsetse population size and distribution. For
example, the pupal population which was completely emergent from the model (as no
initial pupae data were inputted) corresponded with literature findings that pupae are
comparatively difficult to find in the rainy season, and that the pupal population will be
greater than that of the developed flies [38], unsurprising considering that the
parameters suggest that pupae are ‘safer’ than teneral flies, pupal duration is at least 3
weeks, and a constant flow of developing pupae is required to replace teneral files which
are dying or maturing. In addition, the ratio of female-to-male tsetse fluctuated around
2:1, a change from the simpler, non-seasonal model [27], but more in line with estimates
in the literature [67], possibly as a result of running the simulation for longer, and with
the addition of climate-driven parameters. The shape of the mature population was
comparable to samples of tsetse collected in the region of the South Luangwa National
Park (Regional Tsetse and Trypanosomiasis Control Programme (RTTCP) data
reported in [22]), Eastern Province, Zambia [68], and similar, yet less detailed,
modelling studies [31].

The peak adult population of around 5500 flies suggests that the relatively crude
technique used to extrapolate sample data from tsetse surveys for initial model
construction (see [27] for more detail) produced a reasonable estimate with 5250 flies.
Furthermore, the small teneral population observed is perhaps not a surprise, given that
the teneral stage is a brief transition with a gradual input of developing pupae, and high
mortality rates coupled with maturation to adult fly on first feed as outputs.

The decrease in pupal population during the rainy season, combined with a
consistently small teneral population highlights how one or two years with a very hot
and wet rainy season could have serious consequences for a tsetse population, with a
reduction in pupal development resulting from high rainfall, and high temperatures
killing more teneral tsetse reducing the birth rate over subsequent months. Similarly,
such a relationship could occur over the coming years in response to climate change,
with IPCC reports suggesting that more extreme rainfall events could occur, along with
a rise in temperature over the next 50 years (e.g. [57, 58]). As a result, it is not
surprising that some studies have suggested that certain tsetse fly populations could
face extinction within the next 50 years [69]. Future studies will consider using the
present model as the basis to test future climate change scenarios and examine the
response in the tsetse population to such perturbations.

rHAT Transmission

The model suggested similar incidence rates for rHAT infection in humans and cattle,
which is likely to be a response to both the fact that the majority of the cattle were in
households at the south of the transect, away from the tsetse zone (only approximately
550 of 2925 cattle were within close proximity of the tsetse zone) [27], and that humans
were modelled to be much more active than cattle in the simulation, travelling more
frequently away from the home. The latter point is corroborated by similar observations
of human incidence rate in both cattle owning and non-cattle owning households,
particularly as no human infections occurred while tending to cattle in the field or by
the river. As with observations in the previous study, collecting water and school
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attendance provided the highest proportion of infections by some margin, and is likely
to be in response to the high frequency of both trips within the simulation and, for
schools, the longer distances travelled to a sparse resource, and the time of day of the
trips coinciding with tsetse activity. In support of these simulated observations, a
recent, as yet unpublished, study of rHAT infections in Zambia found that almost half
of the observed female infections were found in school-age children (pers. comm.
Mwiinde, A.M.). The data for males suggested fewer infections in children. This
perhaps reflects that school attendance in the model is overestimated for the male
population, and, in reality, young men may be needed to work to provide for the family
at a younger age. The high incidence rates observed in immigrant tribes gives weight to
the suggestion that as populations move down the plateau and into the valley, people
are increasingly occupying marginal land, and increasing their exposure to the tsetse fly.
As a result, future studies using the model will look to investigate how influxes of
people into the region and the associated development affects the tsetse fly population
in terms of habitat availability, but also how infection patterns respond to the
perturbation of the system.

Six cattle infections were used to seed the model at the beginning of the simulation
(along with five goats, one dog and two pigs), to reflect the estimated prevalence of T. b.
rhodesiense in the sample of animals from the study transect. The model was also
implemented with 10 humans infected at the simulation start, to take into account
information from medical teams in the region, who suggested that there had been two
reported cases in the past year, and the known high levels of under-reporting and
under-detection in the area, and further afield (e.g. [22]). For example, one study
suggested that levels of under-detection of rHAT could be as high as 12 cases for every
one identified [70]. Furthermore, the recent study in Zambia found that, when a period
of more active surveillance was adopted, the number of diagnoses increased dramatically,
suggesting high levels of under-detection in the region. In addition, the investigation
found that no action was taken by approximately one quarter of people showing
symptoms of rHAT infection prior to diagnosis in the study, and less than half sought
medical care from a health facility on first sign of symptoms (pers. comm. Mwiinde,
A.M.). As a result, given that there is no under-detection in a simulation, three cattle
and 13 human infections on average per year appears plausible, especially when
considering that there is currently no removal of infection from the simulation (and no
reduction in activity when infected), creating a gradually increasing reservoir of
infection, an increase in tsetse infections (Fig. 14) and an increase in incidence rate
between years (Table 2).

Despite extensive effort to incorporate seasonality accurately into the simulated
system, there are some omissions which were largely unavoidable here, but which should
be noted. Firstly, in reality, the spatial distribution of tsetse will change through the
seasons, with tsetse concentrated in the dense woodland vegetation in the hot dry
season, and more widely dispersed in the wet and cool seasons since tsetse use
micro-habitats to evade extremes in temperature [60,71]. Using an interpolated
temperature gradient across a study area through time may allow this behaviour to be
simulated, although there would be limitations as temperatures would not reflect
sheltered areas utilised by tsetse. As a result, such an implementation should be used in
conjunction with a variable land classification, highlighting changes in vegetation with
seasons. In addition, no data was available on how human movements vary seasonally in
this region at the temporal resolution being modelled, and therefore, the daily routines
used are consistent through the year. Finally, it is understood that maturation rate and
transmissibility of trypanosomes in tsetse varies with temperature [60], with early work
in Zambia suggesting that higher trypanosome infection rates occurred in G. morsitans
in the hot season than in the cold season [54]. However, very little research has been
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carried out on this subject and, within this study, transmission rates should be low
enough for this to have little impact.

Conclusion

The dynamics of a tsetse population are difficult to model due to difficulties in
acquiring data, and the complexity of the system, but are important to understand due
to their importance in rHAT transmission. Gaining a greater understanding of tsetse
population dynamics may lead to greater understanding of rHAT transmission and aid
future mitigation strategies. This paper presented the first seasonally-varying rHAT
transmission model, defined at a fine resolution and modelling directly individual flies,
with the full tsetse life cycle as a sub-component. By incorporating numerous
parameters estimated from the literature, from data and from expert opinion into such
a detailed model, a range of outputs were created which can be used by scientists to
analyse and evaluate our current understanding of tsetse fly dynamics and the rHAT
disease transmission system, and by decision-makers to investigate alternative
mitigation strategies. In its current state, including seasonally varying effects, the model
lends itself to modelling future scenarios, including insecticide application and other
vector control strategies, the incorporation of a changing climate, the effects of landcover
change and human development adjacent to, and within, the biodiverse tsetse habitat.
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Chapter 5

Analysis 4

This chapter presents the first implementation of the model in terms of sceario

testing - assessing the impact of an increasing population in the study area, working

towards objective 3.

For this final analysis, the model was used to explore the implications of a growth

in population in the area, a scenario chosen with the knowledge that the Luangwa

Valley is becoming increasingly populated by people looking for land to cultivate.

Important points of interest for the transmission system that can be captured by this

model are the increasing number of cattle in the region as a potential rHAT host,

and the convergence of villages towards the testse-infected region in the north-west

of the study area.
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Abstract

This paper presents the development of an agent-based model (ABM) to investigate the
impact of an increasing host population on Trypanosoma brucei rhodesiense human
African trypanosomiasis (rHAT) disease transmission at a fine spatial scale along a 75
km transect in the Luangwa Valley, Zambia. The model was used to gain a greater
understanding of how perturbations to the modelled transmission system would impact
the contact network between vector and host, and the subsequent transmission patterns.
Such an understanding provides a plausible insight into both population development
and disease transmission in the near future in the region and such techniques could aid
well-targeted mitigation strategies in the future. Observed incidence rates showed an
approximate two-fold increase in rHAT transmission in both humans and cattle, before
reaching a plateau, despite the continued increase in the tsetse population. The primary
demographic attribution of infection switched dramatically from young children of both
sexes attending school, to adult females performing activities with shorter but more
frequent trips, such as water and firewood collection, with males perhaps more
protected due to the presence of cattle in their routines.

Introduction

Human African trypanosomiasis (HAT), also known as sleeping sickness, is a neglected
tropical disease (NTD) [1], a group of the most common conditions which affect the
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poorest 500 million people living in sub-Saharan Africa [2]. HAT is a vector-borne,
parasitic disease which is caused by two sub-species of the protozoan parasite
Trypanosoma brucei s.l.: T. b. rhodesiense in eastern and southern Africa, and T. b.
gambiense in West Africa [3]. HAT is transmitted cyclically by the tsetse fly (genus:
Glossina), in which it undergoes a complex life-cycle [4]. T. b. rhodesiense HAT (rHAT)
presents in humans as an acute disease [5] and, being a zoonosis, affects a wide range of
wildlife [6, 7] and domestic animals, particularly cattle [8]. When present in animal
reservoirs, usually in combination with several other trypanosomes which affect the
health of livestock, the disease is referred to as African animal trypanosomiasis (AAT),
considered to be an important factor in restricting economic development in Africa [9].

Domestic cattle play an important role in the transmission cycle of rHAT, providing
a reservoir for infection, and an attractive feed target for the tsetse vector given the low
defences, and large odour plumes exhibited [10]. In 1999, it was estimated that cattle
numbers in tsetse infested areas could be in the region of 47.5 million [11]. Through the
use of a series of predictive equations, the Program Against African Trypanosomiasis
(PAAT) information system suggested that this number could rise by 50 million head of
cattle [12], and with some cattle populations observed to grow at a rate of 1.4% or
higher, this growth could be achievable with 50 years [13]. The Eastern Province study
area in Zambia is no exception to this predicted rise, with the encouragement of
immigration in the last few decades bringing new farming techniques, and an increase in
the livestock kept by new inhabitants [14].

Traditionally, epidemiological research has viewed migration at a comparatively low
spatial resolution, considering the movement of susceptible host populations into high
risk areas, or the migration of infected hosts into susceptible populations, as a means of
explaining disease spread [15]. Examples of such approaches can be found for HIV
(e.g. [16]) and measles (e.g. [17]). However, for vector-borne diseases, heterogeneity in
the contact patterns between vectors and hosts is frequently observed (e.g. [18–20]) and,
as a result, an understanding of how this variability can amplify (e.g. [21, 22]), or
dampen (e.g. [23]), transmission rates could be of particular use in targeting disease
surveillance or prevention programmes.

On the one hand, influxes of potential rHAT hosts can provide a plentiful supply of
possible bloodmeals in a tsetse-rich region, especially if a large proportion of those hosts
are cattle. However, if the migration coincides with the development of previously
uninhabited areas, the implications for rHAT transmission are less clear [14]. For
example, where anthropogenic development has a negative impact on the biodiversity of
wildlife hosts in a region, the risk of human infection increases as an alternative feed
source for the vector (e.g. [24]). However, similar anthropogenic development can
disturb vector habitats, with one study suggesting that a population density of between
15-39 people per square kilometre would be sufficient to trigger a decline in a Glossina
morsitans population [25,26].

Agent-based modelling (ABM) provides a means of simulating disease transmission
in a spatially explicit way and incorporating factors which are often overlooked, such as
human behaviour, activity-based movement, the density and mobility of the disease
vectors, and the influence of additional hosts [27]. An ABM can be considered as a
useful method of integrating a wide range of knowledge about a disease transmission
system, including the setting of simple rules controlling each individual, with the
bottom-up ‘generative’ simulation phase facilitating the creation of outcomes about the
macroscopic behaviour and interactions of the population of agents [28]. Through the
use of geographical information in epidemiological models, the impacts of land-use and
land cover change can be incorporated, including landscape features which largely
control the connectivity between hosts and vector habitats, inhibit movement, and
ultimately modify infection and disease risk [29]. The result allows the construction of
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pathogenic landscapes which record variation in the timing, location and probability of
infection as a result of the landscape’s influence in creating variability in contact
patterns, and can subsequently provide an increased knowledge of transmission cycles,
and early warning of increased transmission risk [27,30,31].

The ability to test what-if scenarios that could be used to aid policy making or
management decisions [32], or help generate a greater understanding of a system [33],
are made possible with ABMs. This paper investigates the evolving transmission
pathway/disease landscape as perturbations to a ‘plausible’ ABM representation of
rHAT transmission (see [34], and [under review]). These perturbations are in the form
of a population growth scenario in Eastern Province, Zambia in which human and cattle
populations have increased, and are increasing, on previously undeveloped land. We
investigate whether incremental growth in the developed areas of the study region, along
with the associated, proportional growth in human and domestic animal population,
will cause an increase in host exposure to the tsetse, tsetse-host contact and ultimately,
the spread of rHAT, or the removal of suitable tsetse habitat will create a spatial
disconnect, reducing the infection risk for those previously exposed. Furthermore, we
explore whether the increasing human population will change the pattern of infections
observed with the current population density and distribution, in terms of activities
leading to infections, and demographic characteristics such as age, gender, and ethnicity.

Study Area

Eastern Province, Zambia is situated in southern Africa, sharing borders with Malawi
(to the East) and Mozambique (to the South). The Luangwa Valley is an extension of
the Great Rift Valley of East Africa, traversing the Zambian Eastern, Northern and
Muchinga Provinces. The valley is characterised as a flat bottomed valley bounded by
steep, dissected escarpments which rise to a plateau at approximately 900-1000 m [35].
The data collection area and region to be modelled consists of a 75 km transect which
starts close to Mfuwe airport in the north, and runs southwards along the Lupande River
and its distributaries (Fig. 1). Villages in the study area are small (usually between 5
and 20 households) and the inhabitants are predominantly subsistence farmers.
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Fig 1. Map of the study area, showing size and location. Households from the census
included in this modelling study are indicated as white circles, with Mfuwe airport
highlighted in the north (produced using Landsat 7 imagery from USGS).

Although the Luangwa valley has historically had limited domestic livestock, with
relatively consistent land-use activities over the last century centring around subsistence
and semi-commercial agriculture [14,36], an influx of human population from the
over-populated plateau region of Eastern Province into Mambwe, Katete and Nyimba
Districts has been observed in recent decades, bringing new farming practices [37].
Migrants have introduced cattle to the mid-Luangwa Valley as traction to support the
intensive growing of cotton as a cash crop. The increasing numbers of cattle, goats and
pigs which are now being kept in the region challenges previous beliefs that livestock
keeping is not possible as a result of predation, disease prevalence, and lack of
veterinary support, and provides a new, and constantly developing interface between the
rHAT vector and host [14].

rHAT is endemic in the Luangwa Valley, first being observed in 1908 [38]. Today,
cases of rHAT continue to be reported in the Luangwa Valley. Land pressure associated
with increasing levels of migration has resulted in human settlement in increasingly
marginal, tsetse-abundant areas, previously avoided for fear of disease risk to introduced
livestock. The described anthropogenic changes have the potential to destabilise current
trypanosomiasis transmission cycles, resulting in the spread of HAT into previously
unaffected areas , and increasing prevalence of trypanosomiasis in both human and
animal hosts: cattle are an efficient reservoir host for rHAT in the absence of
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wildlife [39,40], and epidemics of AAT have been reported to have increased likelihood
at new human, wildlife and livestock interfaces [41].

Methods

This paper describes the application of an ABM for rHAT/AAT to a real world
question; the effect of population growth, land conversion and settlement on rHAT risk
in Eastern Province Zambia. The ABM was constructed using data derived from
detailed rHAT, AAT, and tsetse ecological surveys, undertaken in 2013, in Eastern
Province, Zambia (see [34], and [under review]). The ABM model is complex, being
constructed at fine spatial and temporal resolutions and incorporating the
representation of multiple mechanisms (e.g. tsetse reproduction, tsetse feeding, human
agent movements using real-world routines and pathfinding techniques [42]). A detailed
description of the model framework, and the data used to construct it, are provided
in [34]. Therefore, only new data and modifications to the original model are described
in detail here, and in the methods section.

Simulating Population Growth in the Luangwa Valley

For the original investigation, a human and animal census of the study area produced
demographic data for 16,024 human inhabitants, 2,925 cattle, and 11,576 other domestic
animals (including goats, pigs, donkeys, cats and dogs). Census data included age,
gender, tribe and cattle ownership throughout the study region, together with the
number and distribution of cattle and other domestic animals per household.
Information was processed to determine human and animal agent distributions across
the villages previously digitised in the study area.

A land classification layer was produced initially using Landsat 7 satellite sensor
imagery at 30 m spatial resolution, classifying bare-land, crops, bush/forest and built
environment. This classification was subsequently converted to an 11 m spatial
resolution, so that fine scale features could be added to the classification, such as roads
and river (Fig. 2a). The locations of known resources (e.g. schools, markets and
boreholes) were digitised at this scale using GPS coordinates from fieldwork and census
data, together with village locations, to provide home and target locations for
pathfinding input. An A* pathfinding algorithm was used to produce plausible human
paths between villages and resources [34](an example path can be seen in Fig. 2b).
Further information on the collection of routine data can be found in the supplementary
material of [42].
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Fig 2. A section of the 11 m spatial resolution land classification image, illustrating
bare land areas around the airport (brown), cropland (yellow), bush/forest (green), and
finer scale digitised features including roads (grey) and river (blue). (B) Example path
produced using the A* algorithm and land classification between arbitrary points.
Arbitrary points were used to emphasise how the algorithm diverts the path around a
prominent obstacle; in this case, the river itself after [42]. Produced using Landsat 7
imagery from USGS and Bing Aerial Imagery.

The distributions of human and cattle populations identified in the census are
presented in Fig. 3. The populations are shown to be unevenly distributed, with clusters
of higher human population in the central region and in the north near the airport, and
higher cattle population in the east, and south towards the plateau.
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Fig 3. Spatial distribution of human and cattle populations in the study area,
identified in the census.

The tsetse population for all scenarios was estimated based on two tsetse surveys
undertaken in 2013 (data presented in [34]), by comparing the total area covered by
each individual fly round transect, whether tsetse were caught or not, with the total
study area. The study area was 15 times larger than the transect area and it was
assumed that for every tsetse caught 14 were missed such as to estimate a total tsetse
population of 5,250 flies. The tsetse density and distribution was estimated from the
transect data sample using a kernel density technique to generalise the point data. To
estimate areal influence, a kernel density estimate (KDE) was produced, generalising to
account for movement patterns and absences, reasoning that each caught fly could have
started the day 800 m away from the catch site in any direction [10]. The KDE heat
map output (Fig. 4) shows higher densities of tsetse distributed in the north-west of the
study area closer to the South Luangwa National Park, with small, but non-zero values
stretching further south.
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Fig 4. Estimation of tsetse distribution in the study area, using kernel density
estimation (KDE). Numbers in brackets represent estimated values based on the
number of caught flies, prior to scaling-up to account for an estimation of total
population size. Reproduced from [34].

The heat map in Fig. 4 highlights a disconnect between the areas of high densities of
the tsetse and human populations in the area (Fig. 3). This disconnect is unsurprising
given the lack of tsetse habitat in these more developed regions, but also that high
human densities have been linked with both tsetse decline (more than 375 humans in
five squared kilometres) and the eventual disappearing of tsetse in a region (more than
975 humans in five squared kilometres) [25,26].

As it is difficult to estimate the size and distribution of an increasing population,
four plausible scenarios were created, using the area of land considered to have current
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human influence to estimate the size of increase, and the current distribution of the
populations to dictate the demography and distribution of the increasing population.

Size of Population Increases

To define the size of population increase, a sequentially increasing buffer was applied to
all pixels categorised as crops or cultivated land, which neighbour areas of bush in the
land classification. The buffer pixels previously classified as bush were transformed to
crops or cultivated land to simulate the increasing region of development in the area,
and the associated removal of bush (potentially suitable habitat for tsetse). The ratio of
human population to developed land area was maintained as the buffer increased,
resulting in a maximum population increase of approximately 60% in scenario 4
compared to the population recorded in the census (Table 1).

Table 1. Additional human population required per scenario.

Total Human Crop Area Additional Crop Area Additional Human population
Population (km2) Compared with Control (km2) Compared with Control

Control 16024 121 0 0
1 18376 139 18 2352
2 20767 157 36 4743
3 23193 175 54 7169
4 25670 194 73 9646

Distribution of Increasing Population

The distribution of the current population was used to control how the additional
population would be added in the future. Initially, for each scenario, all newly
transformed pixels were considered possible sites for new village locations. Until the
required population for a scenario was met, a pixel was chosen at random to be the
centre of a new village settlement. To define the make-up of that village, a village was
chosen at random for all those within a 500 m radius and the population cloned. If
there was no village within a 500 m radius of the chosen pixel, another pixel was chosen
at random and the process was repeated. An example section of the land classification
with buffer and new settlements is displayed in Fig. 5.
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Fig 5. A section of the edited version of the land classification, highlighting the buffer
(dark grey) used to simulate developed land encroaching on bush areas, and the location
of new villages (gold) in the region.

By using a technique where population increases are defined by the local population
rather than a uniform probability of increasing settlement across the region, any spatial
trends in cattle ownership and ethnicity are maintained, and a process which has the
potential to artificially introduce new populations of humans and cattle into areas which
are inhospitable in reality is avoided. For example, regions that are encroaching on the
tsetse-inhabited zones do not reach the densities where fly decline is expected, and areas
of much higher human density remain further away from the tsetse. Since the focus of
this study was to observe disease patterns in response to population growth, and not
tsetse decline, these increases were kept relatively small, avoiding the need to
extrapolate too far into the future when, for example, climate changes may impact on
tsetse populations, but also an estimate of land-use change would be more speculative,
and potentially invasive on current tsetse populations.

The distributions of humans and cattle for each scenario are illustrated in Fig. 6 and
Fig. 7.
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Fig 6. Spatial distribution of the increasing human population for scenarios 1-4.
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Fig 7. Spatial distribution of the increasing cattle population for scenarios 1-4.

Fig. 8) shows the spatial distributions of the human populations, split by indigenous
Kunda tribes and migrant tribes for the control and largest population increase scenario.
In the control, the migrant population is evenly distributed through the region, however,
by scenario 4 signs of dispersal are observable primarily in the north-east, but also to
the north-west and east of the study area.
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Fig 8. Spatial distribution of the increasing of historically indigenous and migrant
tribes in the study area, between the current population levels, and those in the most
extreme scenario – scenario 4.

As for the original study, paths between home and resource, were pre-processed
using the A* pathfinding algorithm. Four agent types were included in the ABM,
together with an areal representation of wildlife. Human, cattle, other domestic animals
and tsetse used in the ABM were constructed as four separate classes, with populations
modelled 1:1 with the data collected in the census (e.g. 16,024 human agents) and the
estimated tsetse population discussed previously. Each class had its own initial
information and storage structures for events that occurred through the simulation. The
ABM was written in Python 2.7 using an object-oriented framework, and run on the
Lancaster University High End Computing (HEC) Cluster, with all spatial data being
processed using Quantum GIS 1.8.0.

The model’s behaviour was not adapted for this study, with no additional tsetse
death parameter related to newly developed areas, and the same initial tsetse
population input for each scenario. By not changing the behaviour of the model, any
changes observed in the system can be attributed directly to the host population
increases and altered tsetse habitat.

To allow the model to initialise and stabilise, the simulation was run for a year,
allowing a ‘burn-in’ period, before the results for this paper were produced. For
example, the results presented below represent years 2-to-3 of the simulation. 100
repeat simulations were used to produce the results presented here.

PLOS 13/24

192



Results

Control Results Summary

Across the two year control simulation, the approximate incidence rate for human and
cattle rHAT infections was 0.340 per 1000 person-years (SE = 0.013) and 0.236 per 1000
cattle-years (SE = 0.024). Fig. 9 shows how these infections were grouped spatially as a
heat surface, presenting the aggregate number of infections across both years and the
100 repeats. In addition to the difference in number of infections, there is clear a spatial
difference between the human and cattle plots with a hotspot in human infections
existing where no cattle infections occur. The human infections are fairly evenly
distributed throughout the region, while most cattle infections occur further south.

Fig 9. Heat surface of the region representing aggregate number of infections (Left:
Human, Right: Cattle) across the 100 repeats of the control simulations, with pixel
values taking the units of infections per square kilometre.

Population Infection Rates

Increasing the human and cattle population size resulted in a general increase in
incidence rates for both agent types (Fig. 10). The first iteration of population increase
(Scenario 1) shows a slight decrease in incidence rates for both human and cattle
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followed by a sharp increase to the second scenario’s population sizes. After the sharp
increase, the incidence rates in cattle stabilise at approximately 0.5 per 1000 cattle-years
for scenarios 2 to 4, while the human incidence rates are unstable between scenarios 2 to
4, although significantly higher than the rates observed in the control and scenario 1,
peaking at an incidence of approximately 0.75 per 1000 human-years for scenario 2.

Fig 10. Mean approximate incidence rates (per 1000 agent-years) for human and cattle
agents, plotted against population sizes.

Fig. 11 plots the variation of the adult tsetse population size through the two year
simulation period for all scenarios. Scenario 1 produces a small increase in stable
population size throughout the simulation compared with the control. However,
scenarios 2-4 display a larger increase, with the mean end populations ranging between
approximately 10,000 tsetse for scenario 3, to 14,000 for scenario 4. Perhaps
surprisingly, given a lower potential host population, scenario 2 consistently presents a
higher tsetse population than scenario 3. However, the tsetse population for scenario 2
is within one standard deviation of the populations for both scenarios 3 and 4, and
therefore is not significantly different. All three datasets present a similar tsetse
population for the first year of the simulation, with the populations showing increased
divergence as the second year commences, as the populations start to increase.
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Fig 11. Mean daily population size of adult tsetse fies by sex (+/- standard error) for
all scenarios, overlain on mean monthly temperature and precipitation for the two year
simulation period.

0.1 Spatial Infection

Variation in the spatial extent and distribution of agent infections is observed as the
populations are increased. Fig. 12 and Fig. 13 map the aggregate human and cattle
infections, respectively, for each scenario. Both figures show a greater dispersal of
infections as the populations increase, and while the hotspot of human infections moves
slightly further north and becomes more concentrated, additional hotspots appear in the
cattle infection distribution towards the centre and south of the region.
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Fig 12. Heat surfaces representing the aggregate number of human infections across
the 100 repeats, with pixel values taking the units of infections per square kilometre.
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Fig 13. Heat surfaces representing the aggregate number of cattle infections across the
100 repeats, with pixel values taking the units of infections per square kilometre.

Demographic distribution of infection

The control simulation displayed a high proportion of human infections occurring in
agents while travelling long distances to and from school (48%), and an increase in
population shows a reduction in this percentage to only 2% in scenario 4. Table 2 shows
that as the largest populations are reached, the highest proportion of infections changes
from the longer distance resource trips to the shorter distance trips of collecting water
(45%) and firewood (31%).

The age groups which contain school aged children (5-10, 10-18) show the greatest
decrease in approximate incidence rates between the control and scenario 4 (Table 3),
with only scenario 2 confounding the trend, showing an increase to 0.79 (age 5-10) and
0.73 (age 10-18), both increases above the control. Conversely, adult human agents
(ages 18-60, 60+) show increasing incidence rates through the scenarios, reaching a peak
of 1.3 per 1000 human-years in the over 60 age category in scenario 4.

Results for the control show similar incidence rates between genders and for cattle
owners and those without cattle (Table 4). However, from scenario 1 onwards, a greater
incidence rate is observed in females than males, and for scenario 4, the approximate
incidence rate for those in households without cattle is 0.667 per 1000 human-years,
almost double that of people from cattle owning households (0.358 per 1000
human-years).

Table 5 suggests that the difference in infection rate between the indigenous Kunda
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Table 2. Average proportion of human infections attributable to each activity, for the control and each
scenario, represented as a percentage.

Control Scenario 1 Scenario 2 Scenario 3 Scenario 4
State Avg. SE Avg. SE Avg. SE Avg. SE Avg. SE
School 46.67 1.92 13.03 0.94 15.16 0.7 12.19 0.62 2.16 0.28
Resting 3.42 0.4 5.68 0.58 6.37 0.31 7.33 0.4 8.39 0.35
Market 0.41 0.14 0.14 0.07 0.67 0.17 0.36 0.09 0.08 0.04
Firewood 6.46 0.79 18.13 0.96 13.37 0.54 20.42 0.78 30.67 0.88
Farm 14.64 1.18 19.44 1.08 19.65 0.71 20.06 0.82 13.95 0.56
Water 28.41 1.61 43.59 1.53 44.78 0.88 39.64 1.05 44.75 0.91

Graze Cattle 0 0 0 0 0 0 0 0 0 0
Water Cattle 0 0 0 0 0 0 0 0 0 0

Table 3. Approximate incidence rates of different age groups, for each scenario (per 1000 person-years).

Control Scenario 1 Scenario 2 Scenario 3 Scenario 4
Age Avg. SE Avg. SE Avg. SE Avg. SE Avg. SE
age1-5 0.0291 0.0044 0.0228 0.0038 0.049 0.0058 0.0336 0.0042 0.0384 0.0041
age5-10 0.6561 0.0341 0.2785 0.0186 0.7919 0.0305 0.2572 0.0145 0.1495 0.0137
age10-18 0.5867 0.0318 0.2634 0.0164 0.7279 0.0333 0.267 0.0165 0.207 0.0139
age18-60 0.2421 0.0148 0.482 0.0193 1.0029 0.0297 0.8949 0.0329 1.2426 0.0479
age60+ 0.2213 0.0329 0.5214 0.0402 1.3115 0.0713 0.9344 0.0596 1.3006 0.0715

Table 4. Approximate incidence rates of different sexes and cattle ownership, (per 1000 person-years).

Control Scenario 1 Scenario 2 Scenario 3 Scenario 4
Gender Avg. SE Avg. SE Avg. SE Avg. SE Avg. SE
Male 0.36 0.0167 0.2231 0.0104 0.569 0.018 0.4308 0.0171 0.4854 0.0205
Female 0.3203 0.0144 0.4045 0.0171 0.914 0.031 0.5521 0.0209 0.7265 0.0283

Cattle House?
TRUE 0.3579 0.0236 0.3178 0.0236 0.7183 0.0313 0.4987 0.0222 0.3579 0.023
FALSE 0.336 0.0137 0.3148 0.012 0.75 0.0225 0.4906 0.018 0.6667 0.0249

tribe and the other, immigrant tribes which is observed in the control, becomes less
pronounced as the population sizes increase through the scenarios.

Table 5. Approximate incidence rates by immigrant/non-immigrant tribes, for each scenario, (per 1000
person-years).

Control Scenario 1 Scenario 2 Scenario 3 Scenario 4
Ethnicity Avg. SE Avg. SE Avg. SE Avg. SE Avg. SE
Kunda 0.2461 0.0125 0.3063 0.0123 0.6907 0.0233 0.4326 0.0188 0.6059 0.026

Immigrant 0.5671 0.0267 0.3365 0.019 0.8648 0.0271 0.6248 0.0221 0.6102 0.0235

Discussion

The approximate incidence rates for both cattle and human rHAT infections exhibit an
increase between the control and the maximum population tested (scenario 4). However,
the pattern observed between scenarios for each agent type is different. The plateau
observed in cattle incidence rates suggests that, from scenario 2 onwards, the addition
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of uninfected hosts to the system is impeding the transmission cycle of rHAT. Tsetse
flies are more susceptible to acquiring a midgut infection on their first feed [43].
Consequently, with an increasing host population not exhibiting an rHAT infection, the
rate of uptake of the disease by tsetse will be reduced. The decrease in incidence rate
observed in the human population in scenario 3 is likely to be caused by the same
phenomenon, but more severe due to the simulated preference of tsetse feeding on cattle
over humans (humans only approached when tsetse near starvation) and the associated
increased probability of feeding on contact. Another plausible explanation results from
the method used to increase the population sizes across the study area. The technique
used produced a proportional increase between scenarios, with populous areas more
likely to grow than sparsely populated areas. This method also introduces some
stochasticity into the model, such that an increase in population between scenarios
would not necessarily increase the number of agents directly exposed to the tsetse fly.
However, it would impact on the calculation of incidence rates for the region.

Fig. 11 indicates a decrease in the tsetse population between scenarios 2 and 3.
While the difference is shown not to be significant, due to the lack of increasing tsetse
mortality with increasing size of developed area, the only possible reason for a
decreasing tsetse population would be the disconnect created between vector and host
through the removal of tsetse habitat and replacing with developed land. Although it is
noted that the developed land increases were small, it could be enough to reduce the
number of contacts. For example, while the maximum displacement of a simulated tsetse
is 800 m, movements within that buffer are random and, therefore, unlikely to reach the
limit within an activity period. Furthermore, as the scent detection range of the tsetse
is limited to 140 m, small increases in the distance between host homes (and pathways
to resources) and tsetse habitat could be significant. This could explain the increase in
incidence rate observed in children attending school in scenario 2 (Table 2 and Table 3),
where walks are longer, and the development of land is not as pronounced as in the
subsequent scenarios. In scenarios 3 and 4, the proportion of infections attributed to
school trips is reduced, possibly due to the construction of paths primarily through
developed land, and also the increasing number of alternative hosts for feeding. As the
proportion of infections attributed to school trips decreases, those associated with more
frequent trips which affect the whole demographic become more prominent (e.g. water
and firewood collection), a change which is mirrored in both the incidence rates of
adults (age groups over 18) and female agents, who are more likely to be assigned
routines associated with domestic resource collection than, for example, cattle herding.

It is possibly surprising that immigrant incidence rates do not increase through the
scenarios in comparison to the indigenous tribe, the Kunda. However, the model does
not preferentially increase migrant tribe populations, as the purpose of this study was
to investigate the impact of population growth throughout the study area, including
both the increase of the indigenous population, but also the development of
communities of recent migrants to the region. However, the results suggest that
indigenous tribes are also living in close proximity to the tsetse, as the incidence rates
are increasing at a similar rate to that of the migrants. This does not represent the
spatial marginality of migrants that was expected. Although the proportion of
population attributable to migrant tribes increases by 3% (from 29% to 32%) between
the control and scenario 4, Fig. 8 highlights that not only are migrant communities
currently interwoven in those of the indigenous population, but the growth of migrant
population in spatially marginal areas does not have to increase the population exposed
to the tsetse vector. In this example, this is supported by the protrusion of a migrant
population in the north-east of the study area, away from the tsetse.

The distribution of human infections becomes increasingly concentrated in the
northern section of the transect, mirroring the spatial distribution of cattle infections in
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the region – an area shown to have limited previous exposure to cattle. The increase in
population in this region occurs as it is already a populous area, being close to the river
and the airport. The progressive increase in cattle population here (observed in Fig. 7)
coincides with peak cattle infections in the region and, therefore, is a prominent
reservoir for infection adjacent to the tsetse zone (Fig. 4). Although cattle ownership
appears to reduce the likelihood of infection (Table 4), there could be negative outcomes
for neighbouring villagers.

Conclusion

A fine-scale ABM was used to investigate the likely impact of a developing population
on rHAT transmission in a case study in Eastern Province, Zambia. The investigation
showed an instability in the tsetse population given a perturbation to the potential host
population across a two year simulation. Observed incidence rates showed an
approximate two-fold increase in rHAT transmission in both humans and cattle, before
reaching a plateau, despite the continued increase in the tsetse population. The primary
demographic attribution of infection switched dramatically from young children of both
sexes attending school, to adult females performing activities with shorter but more
frequent trips, such as water and firewood collection, with males perhaps more
protected due to the presence of cattle in their routines.

The ABM approach taken could be useful for formulating policy and for local
decision-makers, with the model generating data suggesting who (e.g., by age, by gender,
by tribe) might be most at risk of infection in the future, and where. Scientifically, the
model draws attention to the importance of connectivity between hosts and vectors, but
also how an increase in host population is not simply an increasing reservoir, but can
reduce the rate at which the pathogen is transmitted through the landscape.
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Chapter 6

Synthesis

6.1 Review

Given the data available, it was identified in chapter 1 that the adoption of a de-

tailed ABM approach would produce the most suitable tool for the investigation

of local human movements and the rHAT transmission system in detail, and ulti-

mately provide answers to the devised research questions and allow completion of

the objectives. Through its construction, the model is able to accurately represent

the individual behaviour and interactions of host and vector agents, conditional

upon positioning across a spatially heterogeneous landscape, producing plausible

infection rates for sleeping sickness transmission across a period of simulated time.

Furthermore, the use of agent-based modelling as an alternative to compartmen-

talised approaches, has allowed the investigation of who, where and why individuals

become infected, and how perturbations to the model, through scenario testing,

can affect the spread of disease. This scenario testing can be key in furthering our

understanding of disease dynamics, but also help to inform policy makers ahead of

making decisions about mitigation strategies.

As the first model to incorporate such fine-scale detail, it was possible to incorpo-

rate and model tsetse specific information, such as life-cycle, reproduction, feeding,
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and perhaps most importantly, the nuances of tsetse infection. For example, where a

teneral tsetse bites an infected host, the probability that the tsetse becomes infected

is much greater than if its first encounter with an infected host occurs after it has

reached maturity. This kind of detail would be absent in a more general modelling

approach, and can have large implications for the transmission system, particularly

where there is a large reservoir of potential hosts. The incorporation of detailed

human and animal host data, both spatially and demographically, allows the posing

of questions that would not be possible through alternative modelling techniques.

Where a generalised model allows the production of summary data for a region, the

ABM allows the user to acquire information about regions of high exposure to the

disease, genders and ages that may be most at risk based on typical routines, and

the tribes which may be most affected. Furthermore, where specific tribes are high-

lighted as having increased infection rates, the model can be used to assess whether

this is likely to be caused by factors such as, for example, cattle ownership or spatial

marginality. While the construction of such a detailed model has its limitations, the

benefits are a suite of information which cannot be produced through alternative

modelling techniques, and the ability to investigate and ask questions about the

transmission system itself.

6.2 Limitations

“All models are wrong, but some are useful” (Box, 1976)

As is typical of model representations of real-world systems, the model presented in

this thesis is not without its limitations. The following sections highlight limitations

and uncertainties for the models presented. While outside of the scope of this

thesis due to time and other resource limitations (e.g. data, computation etc.),
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where a limitation is representative of a ‘known unknown’, a plausible strategy for

incorporation in future model development is outlined in the future research section.

6.2.1 Uncertainty

Both the pre-processing pathfinding model and the rHAT ABM model presented

in this thesis are newly constructed and, as such, have had a limited amount of

testing. While the pathfinding model has been calibrated to data collected for this

case study, there is no guarantee that the statistically significant relationship be-

tween real and simulated walk times presented here would be found elsewhere. The

ability of A* to accurately predict pathways is limited by the data that the model

is fed with. Therefore, questions may be raised based on the accuracy of real-world

walk times collected in the field and subsequently used for calibration, the degree

of detail incorporated in the land classification layer, and the location and avail-

ability of resources in the study area (e.g. are there resource locations in the area

that we are unaware of?). Indeed, it is certainly the case that collected walk times

from questionnaires in the field are estimates based on experiences, and that a de-

gree of rounding will be implicit in the responses. In terms of land classification,

the layer was produced at a 60 m spatial resolution in line with the spatial resolu-

tion of the satellite sensor imagery. While efforts were made to incorporate detail

based on finer-scale resolution aerial imagery, including roads and rivers, it is highly

likely that small dirt-track or ‘desire pathways’ were missed during the classification,

which would then be omitted as possible primary routes in pathfinding. In addition,

seasonal fluctuations in river level may facilitate river crossings in the dry season,

and block such routes in the rainy season. Such seasonal variability is omitted in

route planning, and while the impact is expected to be minor, it presents another

potential limitation.

For the main ABM, the production of a detailed, fine-scale model has benefits

in terms of the variety and level of detail in the output that can be produced.
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However, this comes with the caveat of an increased level of uncertainty that may

be omitted in a more generalised model. For the model presented here, much of this

uncertainty is present in the location and behaviour of the tsetse agent population.

For example, where a compartmentalised approach such as SIS modelling can omit

the spatial component of the system, an accurate representation of the population

size and distribution of tsetse is required in the ABM to produce plausible results.

In this study, best estimates were used based on catches of tsetse at two intervals.

However, estimating real numbers of tsetse from caught numbers is an uncertain

process, and one can see that underestimating the number of tsetse in the system

could have implications on the output of the model, both in terms of the spatial

extent of disease spread, and the amount of transmission.

Within a more general transmission model, the life-cycle of the tsetse can be

omitted, with the model assuming a static population of flies through the length

of the modelling period. In this ABM, the ability to model potential hosts as

individuals, and apply perturbations to the model through scenario testing, meant

that tsetse feeding and mortality had to be modelled in more detail. To achieve

this, some assumptions had to be made in relation to tsetse feeding on wildlife, and

the amount of tsetse mortality represented by non-starvation factors. Although the

presence of an established wildlife population is easily acknowledged from sightings

by village inhabitants and the larger number of caught tsetse in closer proximity to

the South Luangwa National Park, the population size and distribution is unknown.

As a result, it was decided that tsetse agents in the model which are within a

close proximity to areas of high fly-round catches are likely to acquire wildlife feeds.

The resultant daily probability of a wildlife feed for an unfed tsetse in this region

prevents an unrealistically high level of starvation in the modelled tsetse. This

value was required given the location of non-zero tsetse catches away from human

and domestic animal populations. For this population to be sustainable, it was

assumed that a feed from an alternative source (i.e. wildlife) is required roughly
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every three days in order to avoid starvation. However, the true population size,

distribution, and number of feeds on wildlife remain unknown.

6.2.2 Resolution and Generalisation

As has been suggested previously, the construction of a detailed model for a small

case study creates a trade-off between spatial resolution and spatial generalisation.

The incorporation of fine-scale data in this ABM has reduced the level of spatial

generalisation, and raised further questions over the merits of site-specific learning

over more generalised investigation.

The benefits of constructing a fine resolution model such as this ABM are re-

flected in the detail in the output, and the complexity of the mechanisms within the

transmission system that can be explored. In terms of output, the identification of

locations and demographics at greatest infection risk is a product of the fine reso-

lution modelling. In terms of system mechanisms, the ability to model individual

agents, fine-scale tsetse behaviour, the interaction between agents and their envi-

ronment, and changes in agent state through time, can all be seen as benefits of

fine resolution modelling, which allow the investigation of intermediate stages in the

system itself. Furthermore, by combining detailed model output and the fine scale

modelling of system mechanisms, the modelling of various future scenarios can be

achieved with relative ease, leading to local mitigation strategies which are plausible

where resources are limited.

Although the benefits of fine resolution modelling appear attractive, it is not

without its problems. In order to produce a detailed output, there is demand for

a more detailed input, and the data or parameter values required are not always

known or readily available (see previous section). This leads to modelling decisions

being made, which may involve the incorporation of estimates and assumptions (e.g.

tsetse population size), which in turn results in the incorporation of uncertainty into

the model from the outset. Furthermore, fine resolution modelling may produce
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detailed output for a region, and lead to plausible mitigation strategies through

scenario testing, but these are site-specific, and cannot automatically be transferred

to different locations without model modification and ultimately validation at these

sites. It is also worth noting that while detailed output and the representation of

complex mechanisms may be useful from a scientific perspective, it is possible that

summary findings may be more useful from a policy making point of view. While the

aggregation of detailed findings can produce such a summary, alternative modelling

techniques with smaller resource requirements could produce these more efficiently.

There is clearly a dilemma over the most appropriate level of spatial generali-

sation, with modelling choices promoting a fine resolution resulting in costs as well

as benefits in model output. While the scope of a specific investigation will likely

dictate the importance of resolution in a particular study, one could argue that it

is easier to investigate the removal of detail from a fine resolution approach, than it

is to incorporate data into a more general approach. Indeed, while the addition of

multiple degrees of freedom in a compartmentalised approach is possible, the model

can quickly become unmanageable. Conversely, the existence of a detailed ABM,

as in this thesis, provides a starting point for generalisation experiments, where the

modification of the model and comparison of results is comparatively straightfor-

ward. For example, in this ABM, spatial and temporal resolutions of 11 m and

36 seconds in analysis 2 (and then 2 minutes in analyses 3 and 4) where chosen

respectively, so that contacts between vector and host agents should not be missed

between time-steps. Future exploration of model generalisation could investigate the

degree of grid independence in the model through the decreasing of these resolutions

to see how much modification can be made before a detrimental effect is observed

in output. Furthermore, it is possible that a number of parameters and functions,

while representative of real world processes, have a limited effect on the progression

of the model. Testing the omission or simplification of certain mechanisms may lead

to a simpler, yet equally as functional model. Both of these possibilities would re-
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duce computational and time resource demand, and potentially allow larger spatial

areas, and longer time-frames, to be investigated in future.

6.2.3 Prediction and forecasting ability

While the constructed model presents plausible infection rates for the region, the

level of accuracy is difficult to quantify given the high level of case under-reporting

in the region. Furthermore, given that the model is in its infancy, it is not possible

to make any assertions about its ability to predict or forecast trypanosome infection.

It is possible that the ABM is more useful for estimating the spatial extent of disease

transmission than estimating infections rates specifically.

This raises a question about what such models should be used for. Indeed, rather

than creating a close representation of reality where prediction and forecasting is the

focus, the constructed ABM can be seen as the development of a plausible universe

where the transmission system can be explored.

With the development of our understanding being one of the fundamental pur-

poses of model construction, the ability to explore the system at such a fine scale

through the ABM can be seen as its main use. Whether this is the modification

of the environment or agent populations, perturbations to the model can be ap-

plied to see how x affects y, potentially helping to identify unknowns, and provide a

stimulus for further investigation. As such, there is a lot of freedom to explore the

modelled system, and perturbations applied to it, with less significance given to how

accurately the model represents reality, and the spatial setting of the simulation.

6.2.4 Transferability and Cost in Re-Building

The model has been developed in as generalised a way as possible, with all software

used being open source, and spatial data being freely available. While a degree of

tailoring would be required to transfer the model to another location (census data,

human movement information, and localised tsetse survey data), this effort would
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not be applied to the model itself, with any location specific data imported from

external files rather than being embedded in the model. In the absence of these data,

the model would still run with estimates (estimated human and tsetse populations,

village locations and known resource locations from satellite/aerial sensor imagery,

and human movement paths based on A* pathfinding) with the caveat that there

would be greater uncertainty within the model. Where such data are not available,

and estimates will not suffice, there would also be a significant amount of economic

and time cost in collecting the relevant data. As such, this represents another

limitation of the ABM compared to more generalised approaches which are less

data demanding. In addition to data requirements, consideration would have to be

given to the amount of human input, time and computational resources required to

carry out the data transforming, pre-processing, and to run the simulation.

6.3 Operational Value

Models are frequently used to acquire a greater understanding or measurement of

something that is difficult to study directly, or as a tool to inform policy decisions,

or a combination of the two. The model produced in this thesis, although in its

infancy, has the potential to be both a testing ground to investigate how the rHAT

transmission system works generally, but also generate data in response to pertur-

bations of the model in the form of scenarios which could in turn inform policy.

For the latter, Dawid and Fagiolo (2008) suggest that the detail incorporated in

the “bottom-up” approach employed when using ABMs is well suited for policy

decision support, with claims that simulation models which incorporate detail and

familiarity are easier to trust than general insights from more abstract mathematical

approaches. Grüne-Yanoff (2011) notes epistemic issues which come as a cost with

such highly detailed models, suggesting the familiarity can be illusory, however Moss

(2002) suggests that when uncertainties are evident, actual decision-makers do not
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rely on forecasts, but seek simulators of robust solutions, often by putting into play

adaptive social processes. Prediction-based policy analysis can inhibit the full use of

agent-based models as policy simulators because it diverts focus from the questions

decision-makers are most prone to ask (Lempert, 2002).

With the above points in mind, this model can be seen as a robust tool which

can be used by policy makers to explore various aspects of the rHAT transmis-

sion process and its implications. Using a single tool, policy makers could explore

the implications of changes in land-use practices, population size and development,

the implications of mitigation strategies associated with increasing resources levels

and their locations, or alternatively tsetse fly control such as insecticide use or the

sterile insect technique (SIT). The likely scenarios present holistic problems, where

the above examples may not be mutually exclusive, and require incorporating into

the same model. For example, one hypothesis might be that an increasing host

population will promote growth in the tsetse population, and further tsetse control

measures will be required to limit the growth of infections. Using this model, it

would be possible to test this without adding additional degrees of freedom to the

model, estimating for example, the degree or distribution of insecticide required to

control infection levels. Meanwhile, the implications of passive management could

be explored - population growth without disease mitigation could be estimated by

calculating disability adjusted life years (DALYs), and environmentally sensitive

techniques could be explored by investigating the implications of enforcing regional

zero development areas with high exposure risk. The tool is powerful, and the oppor-

tunities are numerous based on the analysis presented in chapter 4, it would even be

possible to simulate the above, incorporating the implications of a changing climate

an important factor even for current policy making given estimates that some tsetse

populations could risk extinction in the next 50 years (Vale and Hargrove, 2015).

One example of a possible use which fits with current mitigation strategies em-

ployed by the Ministry of Health through the Tropical Disease Research Centre, is
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the identification of the areas where traps could be best situated to reduce rHAT in-

fection transmission, maximising efficiency and limiting resource costs. Such simple

and inexpensive technologies have been used effectively in the north Luangwa Val-

ley, and could be employed further south as well (TDRC, 2017). Before the model

could be used for these means, further development of the model with a usability

focus would be required, incorporating a graphical user interface (GUI), testing of

generalisations to allow faster run-times, and functionality which facilitates end-user

training. The former could consist of simple data entry points in a GUI which con-

trol parameter values associate with variables under investigation, and the output

could be a range of incidence rates depending population size and inception and

simulation length and heat maps highlighting the extent of infections. For the spa-

tial element, it would be possible to use a grid system as an input to the model,

where the user defines the extent of areas affected by tsetse. A similar technique

could be used to allow the user to add villages or households to areas of interest.

While higher performance computing is rapidly becoming more accessible, the initial

outlay of a powerful machine to run the model may not be plausible in-country due

to resource availability. However, there would be scope for hosting the model on an

existing server based in the UK for example, and creating a web-style interface for

the end-user to engage with.

6.4 Future Research

Future research will focus on collating further climate data, with the possibility

of incorporating a dynamic cell-based temperature and rainfall measure within the

simulation as it progresses. With such an implementation, it would be possible to

modify the land cover through time, with the climate data dictating the ‘growth’ or

‘receding’ of simulated bush areas. This would have implications for the tsetse pop-

ulation’s ability to survive, but also modify the spatial connectivity between vector
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and host, potentially changing the level of infection. Similarly, the model will be

used to explore longer-term climate change and its implications for the tsetse pop-

ulation, while also considering the implications of selective insecticide application

to cattle, and the introduction of the sterile insect technique (SIT) to the region.

Given the individual nature of the mitigations strategies, the presented ABM ap-

proach provides the ideal means to test them.

The ability to experiment with model generalisation has also been highlighted

as an area for future research. This is an important methodological question raised

through the construction of the ABM, which provides a tool for exploration. The

scalability of the model is as yet unknown, and the ability to explore general larger

spatial areas would be desirable, but is not feasible without reducing computational

demand. Through future experimentation with parameters and resolution, it may

be possible to produce similar output at a larger scale with the removal of model

mechanisms which provide unnecessary detail. This may in turn increase the model’s

reproducibility and general applicability.

Through working with the Dynamic Drivers of Disease in Africa Consortium

(DDDAC), another dataset has become available for a similar sized region of Zim-

babwe. Future work modelling this location will give a greater understanding of

model accuracy, but also provide a means of exploring the ease with which the

model can be transferred.

In developing a spatially explicit model with detailed land-cover information,

the constructed ABM could be used as a tool in ecosystem services research in the

future. Through the use of a quantitative measure of disease impact on produc-

tivity, such as disability-adjusted life years (DALY), scenario testing could explore

the balance between potentially harmful environmental management practises and

potential positive impact on human and animal health. For example, it is sensible

to suggest that the clearing of tsetse infested bush reduces connectivity between

vector and host, reducing disease incidence. However, the model could be used to
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assign values to both the environmental loss, and any potential gain in health and

productivity.
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Chapter 7

Conclusion

At the outset of this piece of research three questions were raised which, when

answered, could improve our knowledge of rHAT transmission at the local scale.

Due to the neglected nature of the disease, invasive nature of diagnosis and poor

availability of outdated treatment, and impact on productivity once infected, a

modelling approach was chosen with the aim of facilitating a greater understanding

of disease transmission, while allowing the investigation of potential future scenarios

which could affect the transmission system, such as population growth.

In order to model fine-scale transmission of the disease, it was identified that

adequately simulated human movement pathways between home locations and vital

resources would be required to create a plausible representation of reality, and the

first research question asks whether this is possible through the use of remotely

acquired information and questionnaire output alone. Through the development of

an A* pathfinding technique applied to the study area, a statistically significant

relationship between real world and simulated walk times to water resources was

observed.

The second research question asked whether plausible local disease incidence for

rHAT could be produced using detailed modelling techniques. With the inclusion of

human movement pathways, census data, daily routine information, and a complex
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tsetse model component, local scale host-vector interactions and disease transmission

were modelled for a period of six simulated months. Localised pockets of infections

were observed in plausible numbers at the interface between tsetse and host popula-

tions, with detailed output allowing the observation of varying levels of infection by

gender, age, activity, tribe and cattle ownership. The model output identified that

immigrant tribes and school-age children were the most at-risk groups for acquiring

the disease.

On confirming that modelling techniques could be used to represent the rHAT

transmission at a local scale, a realistic population growth scenario was developed,

which suggested that incidence rates of infection in both human and cattle hosts

would grow until a plateau is reached. Interestingly, compared with the base version

of the simulation, the predominant pattern of infections in humans changed from

children and teenagers of both sexes attending school, to adult females carrying out

activities associated with shorter but more frequent trips. Subtle changes such as

this could be significant in the future should policy making be forced to focus on

altering human exposure patterns to the tsetse fly.

Ultimately, this research presents several firsts in the field of trypanosomiasis

research: the first ABM for rHAT, the first trypanosomiasis transmission model

which represents tsetse as individual entities, incorporating life and reproduction

cycles governed by climate, and the first trypanosomiasis model which incorporates

detailed spatial and demographic data for a case study. As such, the research in

this thesis helps to address gaps in the trypanosomiasis literature, and the future

development of such detailed models for a variety of diseases in a variety of loca-

tions, would provide a complimentary strand of literature to the more established

field of compartmentalised modelling. Furthermore, investigation of the level of gen-

eralisation that can be incorporated into ABMs, as well as comparison of ABMs to

compartmentalised approaches, present methodological questions that can be ex-

plored in future, as a result of the development of ABMs in this way.
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