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A micro-simulation model of the spread of Gambian sleeping sickness is

described.  The model focuses on the randomness of epidemic trajectories

brought about merely by the random nature of fly bites on humans.  There is a

high level of variability in the trajectories, primarily due to the small sizes of the

populations involved. There is an inverse relationship between the probability of

initial extinction and the size of an epidemic flare-up when the disease takes

hold.  When a stream of one infected fly enters the focus every three days, a

low-level endemic can be sustained with less variability.  Implications and further

subjects of study are briefly discussed.
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Sleeping sickness (or African trypanosomiasis) is a tropical disease caused by

Trypanosomia brucei, a parasite that is transmitted through the bites of tsetse flies

(also called "vectors").  The disease is spread through a cycle of infected flies that

transmit the parasite when they bite humans or animals for their "blood meal".  In

turn, healthy flies become infected when they bite a previously infected human or

animal (the "reservoirs").

The disease affects large areas of Africa and has two main forms.  The East

African, or Rhodhesian form, for which humans, domestic and wild animals are

important reservoirs of the parasite; and the West and Central African, or Gambian

form, that affects rural areas predominantly, and for which humans are the main

reservoir of infection.

Sleeping sickness is characterized by fever and inflammation of the nymphe

nodes followed by a state of profound lethargy (hence the name) and death if left

untreated.  This disease has ravaged Africa over the centuries, but had been brought

under control by the 1960s.  However, there has been a resurgence of sleeping

sickness since then, and it is now estimated that 55 to 60 million people are exposed

to this debilitating illness.  Approximately 300,000 people are infected, with

prevalence rates (percentages infected) reaching 20 percent and more in some

areas. The Democratic Republic of Congo and Angola are the most severely affected

countries.

There is a long tradition in epidemiology of modeling the dynamics and predict

the future course of communicable diseases.  Sleeping sickness is no exception, with

pioneering work by Rogers (1988a, 1988b, 1989).  His was a classical differential

equations model that had only two variables (and hence two "compartments" in

epidemiologic parlance): the infected fly and infected human populations.  The

"susceptible" (healthy) populations are then automatically known because both total

populations are assumed constant.

In a series of papers we elaborated on these ideas and developed more

complex models with more variables (Artzrouni & Gouteux, 1996a, 1996b, 1996c).  In

these articles we assess the usefulness of different control strategies (methods to

decrease and stop the spread of sleeping sickness).  There are traditionally two such

methods.  First there is the trapping (killing) of flies.  Second, there is the screening of

the population in order to remove and treat those already infected.  Both approaches

reduce the likelihood of transmission and can stop the spread of the disease.
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We gradually became dissatisfied with the differential equations paradigm,

which assumes that populations are large and can be considered as continuous

quantities (i.e. quantities that can have decimal values).  For example, suppose there

is an average infection rate of 25 percent, and three persons are at risk.  A differential

equations model will then yield 0.25 ×3=0.75 new infections.  A non-integer

population is an acceptable approximation when populations are large but becomes

unrealistic when dealing with small populations.  In the present example, a

probabilistic approach would have each individual exposed to a 25 percent chance of

infection.  The number infected would be a random variable with possible values 0, 1,

2 or 3 depending on how many of the three individuals are infected (such a random

variable would have a binomial distribution).

The large-population and average-rate assumptions made in differential

equations models are particularly problematic in the case of sleeping sickness.

Indeed, there is typically a handful of flies (a few dozen) that bite at random

individuals in a village of say 300 people.  When the disease is close to extinction and

numbers of infected flies and humans are close to 0, it becomes quite apparent that a

micro-modeling approach is preferable to a differential equations one.

Another shortcoming of most modeling efforts to date is the assumption of

closed populations (i.e. human and fly populations that neither emigrate nor

immigrate into a focus).

The purpose of this paper is to present initial results on a micro-simulation

model of the population dynamics of Gambian sleeping sickness.  The model allows

for and proves the importance of an inflow of infected immigrant flies.  We will show

that there is considerable variability in the "epidemic trajectory" due to randomness in

the bites of flies on humans.  In other words, the course of the disease can vary

substantially depending on which person or animal a fly bites - even with unchanging

probabilistic rules.

The simulations show that when there is a high probability of extinction, then

the epidemic is severe when the disease takes hold (and vice versa).  Indeed, in one

example a single infected fly entering a village of 300 people can cause 100 people

to be infected after one year, even though the probability of extinction is 0.65.

Conversely, a sustained low-level epidemic implies an even higher probability

of extinction and would in fact be at a permanently high risk of extinction.  The model

shows that the only way of having a low-level epidemic with a small risk of extinction

is through a constant stream of infected immigrant flies. Indeed, in one scenario, a
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single infected fly entering the system every three days is sufficient to maintain an

average of about 50 infected people in a system that otherwise would be doomed to

extinction with probability 0.75.

The simulation model

-----------------------------------------------

Fig 1 about here

-----------------------------------------------

1. Human population dynamics

When a person becomes ill following a bite by an infected fly, it enters "phase

1" of the disease (Figure 1).  During this phase, also called "asymptomatic", the

person may transmit the parasite when bitten by a fly.  The length of this first phase

varies considerably: from a few months to several years depending on the

pathogenicity of the parasite and the effectiveness of screening.

An infected person enters  "phase 2" when symptoms become more severe.

The parasite then leaves the blood stream and enters the nervous system.  Patients

are quite ill and are either being treated or remain in their homes because they are so

debilitated.  In both cases they are largely removed from the risk of being infected

and from transmitting the disease because flies rarely enter into dwellings or

hospitals.  This is why this phase is also called "removed".

We assume for simplicity that all patients recover at the end of the second

phase and re-enter the susceptible (healthy) compartment.  For every period t we call

S(t), p1(t), and p2(t) the susceptible, and diseased populations in each of the two

phases. The human population H being considered constant we have H=  S(t)+

p1(t)+p2(t).

2. Fly population dynamics

In order to get their "blood meal" tsetse flies bite either an animal or a human

approximately once every three days.  The unit of time in our discrete model will

therefore be three days, and each fly will bite one animal or one human during each

three-day period.

It is known that flies can only become infected at their first blood meal - or at

least the probability of infection at later meals is much smaller and will be ignored
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(Harley, 1971; Lambrecht, 1980, Kazadi et al., 1998, 2000).  This means that a

teneral (newborn) fly becomes infected either at its first blood meal or not at all.  We

will thus only consider teneral flies entering the system and follow them if they are

infected at their first blood meal.  We ignore them otherwise since they will be of no

consequence for the spread of the disease even though they will continue having

their blood meals for the rest of their lives.

We will consider initially that the flow of teneral flies into the system (village) is

a constant V(1)=300 newborn flies each period.  Given an average life expectancy of

45 days (15 three-day periods) this means that in a stationary state the total female

fly population is 4,500. The total male and female population is then 7,500 because

females represent roughly 60 percent of the population; 7,500 is a typical number of

flies for a village of H=300.

When it comes to its first blood meal, a teneral fly has a choice between A

animals and H humans. (Animals are pigs, lizards, dogs, etc.).  The number of

animals A may be of the order of 800 or 1000.  We will consider that there is

equiprobability of a bite on the different species.  This can be done with no loss of

generality.  Indeed, a situation where probabilities are different is equivalent to one

with equiprobabilities with a fictitious animal population that is taken either larger or

smaller, depending on the direction of the bias.

In Figure 1, the three possible bites for a teneral fly are indicated with three

dotted or solid rightward arrows.  A fly may bite either an infected human, or a

susceptible (uninfected) human, or an animal.  In the case of Gambian sleeping

sickness, epidemiologic evidence shows that very few animals are infected with the

human parasite (Kageruka, 1989; Noireau et al., 1986; Zillmann et al. 1984).   Thus a

bite on an animal cannot infect the fly (dotted line) and the same is obviously true for

a bite on a susceptible human (dotted line).

Only a bite on a person in phase 1 can infect a teneral fly (solid line).  We will

now see what the probability is of that happening.  At the beginning of an outbreak,

when no human is removed, the probability of biting a human is τ1 =H/(H+A).  This is

the initial rate of human fly bites.  At any period t, there are p2(t) removed individuals

and the probability of biting an infected person in phase 1  is then

πv(t)=p1(t)/[A+S(t)+p1(t)].  This is the number of persons in phase 1 divided by the

total number of animals and humans that are exposed to fly bites: only removed

individuals are left out in this denominator since they cannot be bitten.
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If a teneral fly does bite a person in the first phase, infection does not

necessarily follow. There is a probability τ2 (the "vector susceptibility") that the young

fly will actually become infected.  Hence πv(t)τ2 is the probability that a teneral fly  will

become infected following its first blood meal.  A uniformly distributed random

number between 0 and 1 is then used to simulate the fate of the fly depending on the

value of that random number relatively to πv(t)τ2.  Flies that are not infected are then

ignored since they can neither become infected nor contribute to the spread of the

disease.

If infected, a fly then enters the incubation period.  This period is approximately

24 days long, i.e. lasts eight three-day periods.  The fly's bites are inconsequential

during this period because it is already infected, and it cannot yet infected susceptible

humans.  As soon as it enters the infective period, a fly has at each blood meal a

probability πh(t)τ3 of infecting a susceptible (solid line), where πh(t)= S(t)/[A+S(t)+p1(t)]

and τ3 is now the "human susceptibility".  Such bites are also simulated in the usual

fashion, with an effectively infected person then moving to the first infective age

group of the first phase.  Bites of infected flies on animals or infected humans are

inconsequential (dotted lines).

Results

1. The "probability of initial extinction" (PIE)

In general, a probability of extinction is difficult to calculate in a fairly complex

stochastic process such as the one described here.  However, given a number  Vi

(for example 1 or 2) of young infected flies needed at the beginning of an outbreak to

start the epidemic, it is possible to calculate a "probability of initial extinction" (PIE)

defined as the probability that no other fly will be infected, and therefore that the

epidemic will rapidly become extinct.  Referring to Figure 1, this means that between

their 9th and 15th infective periods the Vi initially infected flies may infect

susceptibles who must however reach the end of phase 1 (30-th period) without

having infected a single fly.  There may thus be a short flare-up of human infections,

but it will die out quickly as no vector becomes infected to maintain the spread.

We let V(1) be the number of newborn flies each period;  di is the duration of

the infected period for vectors; d1 the duration of the first phase of the disease for
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humans.  Also we define n1= Vi×di, p1=τ1τ3.   We show in the Appendix that PIE can

then be approximated by
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where C(n1,k) is the binomial coefficient n1!/(n1-k)!/k!.

 It is important to note that PIE is a lower bound to a probability of extinction

within the first year, say.  Indeed, a few humans may become infected (which is not

accounted for in PIE) and the epidemic may still go rapidly to extinction, thereafter,

within one year.

In the sequel we consider the following set of plausible parameter values that

will remain unchanged: τ2=0.15; τ3=0.60;  H=300, V1=300; d1=30; Vi=1.

2. Simulation with closed population and 800 animals (Scenario A)

We first simulate a situation with no external influence other than the Vi initially

infected flies. (In a later section we will see what happens if there is a constant

stream of Vi infected flies entering the system at each period).  We take A=800, for

an initial probability of a bite on a human of τ1=300/(300+800) = 0.27).  With these

values PIE=0.48.  (This probability is quite sensitive to Vi.  If there are two or three

initially infected flies then PIE drops to 0.23 or  0.11).

-----------------------------------------------

Fig 2 about here

-----------------------------------------------

Results are presented in Figure 2 with two trajectories and a frequency

distributions of infected simulated population sizes at 1, 3 and 5 years for 1,000

simulations.  Approximately 870 trajectories (i.e. 87 percent) had between 0 and 20

infected persons at 1 year (first white bar); P1=61.4 percent of the 1,000 trajectories

had actually become extinct by 1 year (i.e. 614 of the 870 trajectories were at 0 after

1 year).  This 61.4 percent is larger than the PIE of 48 percent for the reason outlined

earlier, namely that there can be extinction within 1 year even with a number of

people becoming infected.

The lower panel shows that among the trajectories at 1 year, less then 10

percent had between 20 and 40 infected persons and less than 5 percent had
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between 40 and 60.  Both panels demonstrate the slow increase in the numbers

infected.  Indeed, the frequency distribution of numbers infected is shifted only slightly

to the right between the third and the fifth year.  This confirms the noted slowness of

the population dynamics of sleeping sickness that can be observed in differential

equations models.

This result sheds valuable light on the relationship between the likelihood of

extinction and the size of the outbreak when extinction does not occur.  Indeed, with

a relatively high PIE of 48 percent and an observed proportion of extinction at one

year over 60 percent, we were expecting a smaller, possibly low-level epidemic, for

those trajectories that escaped extinction.  We were not expecting a serious epidemic

with a third of the population infected.

In order to explore the implications of a higher probability of extinction (and the

possibility of a smaller outbreak) we will increase the number of animals a fly can bite

from 800 to 1,000.

3. Simulation with closed population and 1,000 animals (Scenario B)

-----------------------------------------------

Fig 3 about here

-----------------------------------------------

With all other parameters kept unchanged and A=1,000, the PIE increased to

0.58 (Figure 3); P1=0.806 which means that 80.6 percent of trajectories lead to an

extinction by one year, with almost 100 percent of these trajectories in the 0 to 20

range.  By the fifth year, 97.1 percent of trajectories were extinct, and almost all the

others were in the 20 to 40 range (centered at 30) for the numbers infected at 3 or 5

years.  The randomness due to the fly bites is such that for this scenario the

probability of extinction is very high. This finding strongly suggests that it is very

difficult for the disease to maintain itself at a moderate level (with an incidence of say

30 infected people, or 10 percent of the population).

4. Simulation with an constant flow of infected immigrant flies and 1,600

animals (Scenario C)

In this final scenario, we investigate the possibility of a constant flow of one

infected fly into the system at every period.  The purpose is to explore whether an
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inflow of infected flies can maintain a low-level epidemic, with a probability of

extinction that is not too high.

-----------------------------------------------

Fig 4 about here

-----------------------------------------------

With one infected fly entering the system we had to increase the number A of

animals a fly can bite to 1,600, because otherwise the disease would spread to

unrealistically high levels.  Figure 4 shows that the observed proportion of extinction

at one year is P1=0.49.  The probability is relatively high, but still much less than the

probability P1=1 of extinction that one would observe in the absence of the flow of

one infected fly per period. (In the absence of immigrant flies, the PIE for this

scenario would be 0.75). The probability of extinction now around 0.50 has thus

decreased, and there is less variation in the non-extinct trajectories, which are

concentrated in the 40 to 60 range.  The constant flow of infected flies is no doubt

responsible for this decreased variability in the trajectories.

Discussion

1. Insights gained

Our micro-simulation model on the population dynamics of sleeping sickness

provides three significant insights into this disease:

i. There is a high variability in the random trajectories of the number of infected flies

and humans.

ii. There is an inverse relationship between the probability of initial extinction and the

size of an epidemic flare-up when the disease takes hold.  We have provided an

initial, rough quantification of this relationship, which however implies a surprisingly

high extinction probability for a low-level epidemic when there is no immigration of

infected flies.

iii. A constant stream of immigrating infected flies is necessary in order to have a

sustained epidemic with a relatively low prevalence (around 15 percent) and without

a high risk of initial extinction.

These findings could help explain the resurgence of sleeping sickness foci that

have sometimes flared-up inexplicably in the past.  Indeed, our model suggests that
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there may be villages for which most of the time the odd infected fly arriving in the

focus will not be able alone to cause a significant outbreak.  However, once in a while

one infected fly can trigger a serious outbreak, with quite a lot of variability in the

trajectories (see the two trajectories of Scenario B).  Depending on parameter values,

the outbreak can be severe, as in Scenario A, where a major flare-up will occur with a

somewhat higher probability.

Our preliminary results thus suggest two possible explanations for a low-level

outbreak with say 30 to 50 infected persons in a village of 300.  It could be the rare

occurrence of a flare-up caused by very few flies (perhaps just one; Scenario B).

Alternatively, a low-level outbreak could result from a higher-probability flare-up that

is sustained by a constant stream (even a small one) of immigrating infected flies.

Ideally, further investigations of the model and study of data could help us determine

in a given situation which scenario is more likely.  It is indeed important for public

health reasons to pinpoint the origin of an epidemic flare-up.

2. Applications

Our model suggests that a Gambian sleeping sickness epidemic has a low

probability of sustaining itself unless there is a constant stream of immigrating

infected flies entering the focus.  Further studies with broader ranges of parameter

values are needed in order to confirm this conclusion.  However, this finding suggests

that aggressive measures aimed at isolating a village from immigrating flies could

provide a valuable alternative to the classical control methods of trapping and

screening.  At the very least, greater attention should be given to the migratory

movements of flies in any study of or attempt at the control of the disease.

Our micro-simulation model has enough flexibility to incorporate other

important features of sleeping sickness, such as human migrations.  For example, an

outbreak can occur when people return from their work in the fields (or other villages)

where their exposure rate to infected flies may have been high.  Indeed, field data

suggest the existence of temporary micro foci outside of the village (for example

fishing camps in the dry seasons) in which there is a high likelihood of contamination.

These and other explorations of this model should increase our understanding

of Gambian sleeping sickness and lead to more effective ways of fighting an illness

that affects tens of millions of people in vast areas of Africa.
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APPENDIX: Derivation of Probability of Initial Extinction (PIE)

In order to calculate the PIE we note di the duration of the infective period for

flies (e.g. di =7 in Figure 1).  Each initially infected fly has a probability τ1 of biting  a

susceptible, and when that happens there is a probability τ3 that the person will

actually be infected; hence a probability p1=τ1τ3  of infecting a susceptible.  The

number of infected persons is thus the same as the number of successes in  n1=

Vi×di flips of a coin, when the probability of success is p1. This number of infected is

therefore a binomial random variable with parameters n1 and p1. The probability of k

infections is therefore C(n1, k)p1
k(1-p1)n1-k.   If k persons were infected at the same

time, then each one of the V(1) teneral flies that enter the system must escape

infection for d1 periods (the duration of phase 1) and the probability of this happening

is 
��

�
�
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k ×
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τ− . However, not all k persons are infected at the same time, and

therefore flies are not subjected to k infected persons for a duration d1.  It can be

seen that a good approximation is to replace V(1)d1 with V(1)(d1−di): we consider the

flies are subjected to the risk of k infected persons not for the whole duration d1 of

the first phase, but for a duration that is di periods shorter, di being the period over

which these k persons become infected.  The approximate probability that the V(1)

flies escape infection is thus  
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                  VECTORS                                                                                    HUMANS
300 = number of newborn (teneral) flies                                  Village has fixed
population of 300
entering the system each 3-day period;
[ w.i.= "when infected" ] .

Figure 1. A fixed number of newborn flies (say 300) is assumed to enter the system

during every three-day period.  Each fly can only be infected during its first "blood

meal" and has a probability of infection πv(t) x τ2 = p1(t)/[A+S(t)+p1(t)] x τ2 (probability

of biting a phase 1 person and that the bite will lead to an infection - solid line from

teneral fly to phase 1). Flies that are not infected are then ignored since they can

neither become infected nor contribute to the spread of the disease. When infected, a

fly then enters the eight-period incubation phase (24 days).  As soon as it enters the

infective period, there is at each blood meal a probability  πh(t) ×τ3=

S(t)/[A+S(t)+p1(t)] ×τ3 of infecting a susceptible, healthy, person (solid line from
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infective period to susceptible compartment). Dotted lines represent possible bites

that do not lead to an infection.
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Figure 2.  Results of
simulation for Scenario
A (only one initially
infected fly, 800 animals).
The upper panel shows
two non-extinct
trajectories. The lower
panel depicts frequency
distributions of simulated
human infected
population sizes (phase
1+ phase 2) at 1, 3 and 5
years for 1,000
simulations.  The three
probabilities of extinction
(at 1, 3 and 5 years) are
also given.

Figure 3.  Results of
simulation for Scenario B
(only one initially infected
fly, 1000 animals). The
upper panel shows two
trajectories, one of which
goes to extinction just
before the third year, and
the other being one of the
very few that is not extinct
by the fifth year. The lower
panel depicts frequency
distributions of simulated
human infected population
sizes (phase 1+ phase 2)
at 1, 3 and 5 years for
1,000 simulations.  The
three probabilities of
extinction (at 1, 3 and 5
years) are also given.
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Figure 4.  Results of
simulation for Scenario
C (stream of one
infected fly every
period; 1,600 animals).
The upper panel shows
two trajectories and the
lower one frequency
distributions of
simulated human
infected population
sizes (phase 1+ phase
2) at 1, 3 and 5 years
for 1,000 simulations.
The three probabilities
of extinction (at 1, 3 and
5 years) are also given.


