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UNIVERSITY OF SOUTHAMPTON 

ABSTRACT 
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Doctor of Philosophy 

SIMULATION MODELLING OF INFECTIOUS DISEASES 

By Darryl James Gove 

This thesis looks at the use mathematical modelling, in particular the use of simulation 
as a solution technique, when applied to the problem of the study of infectious 
diseases. 

The thesis examines two different routes of infection of the bacteria Chlamydia 
Trachomatis-, the sexually transmitted disease Chlamydia, and the ocular disease 
Trachoma. 

Several simulation models are developed within the thesis. The exploration of 
Chlamydia results in a prototype model which it is suggested could be extended in a 
future project. 

The work exploring Trachoma resulted in the development of a model useful in the 
evaluation of intervention strategies, as well as the statistical analysis of data which 
provides the necessary data for the modelling work. The analysis provides values for 
the duration of Trachoma infection, and for the incidence of the infection; figures 
which have previously not been available. 
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1. Introduction 

Objectives of chapter: 

• To introduce the project. 

• To discuss the project background. 

• To discuss the structure of the report. 

1.1 Summary 

This project is concerned with the modelling of infectious diseases in humans. The 

infections modelled are chlamydia and trachoma. Chlamydia is a sexually transmitted 

disease which has serious consequences for fertility. Trachoma is an ocular infection 

which can contribute to eventual blindness. They both have the same causative agent, 

and are therefore related, although no attempt has been made in this project to model 

the relationship, since the two models are very complex, and trachoma can be thought 

of as a disease linked to poverty. 

The modelling of chlamydia involves behaviour (the mixing between people, length of 

partnerships, attitudes to safe sex practices) and the progress of the disease. 

Unfortunately there is little data generated with the purpose of modelling chlamydial 

infection, although there is a large amount of information on the consequences, and on 

behaviour of people. 

The modelling of trachoma benefited from a large amount of available data. From this 

data, key parameters about the infection have been derived. These parameters enabled 

a number of complex models to be built with the aim of predicting the incidence rates 

of the consequences of infection. The models also allow the evaluation of intervention 

policies. 

1.2 Chlamydia 

In the UK there are about 30,000 reported cases of chlamydial infection per year 

(Public Health Laboratory Service (1991)). Since the infection is often inapparent, this 

figure may represent the tip of the iceberg. A model has been developed which 

simulates a population of males and females. There are both arrivals to this population 
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and departures from it. The model allows the user to evaluate intervention policies 

such as vaccination, or screening. 

1.3 Trachoma 

Trachoma is the world's leading cause of preventable blindness. About 500 million 

people suffer from the infection, and 7 million of those are blind as a consequence 

(Dawson et al (1981)). The disease is linked to poor socio-economic conditions, but 

the actual parameters that determine transmission are not understood. 

The consequences of infection are severe. Repeated infection leads to scarring of the 

conjunctiva, which eventually results in distortion of the eyelid. This distortion leads 

to the condition trichiasis, which is when the eyelashes abrade on the surface of the 

eye. This abrasion causes corneal opacity and eventual blindness. 

Several models are developed using data from the Gambia, the Nile Delta, and 

Tanzania. The models are designed to deal with different aspects of trachoma. One 

model is to calculate incidence rates from a population with a given structure of 

people with scarring, trichiasis, and corneal opacity. This model is extended to use 

risk groups with different prevalences in each of the risk groups in order to evaluate 

interventions which cause a change in the prevalence and risk grouping of a village. 

Another model is developed which examines the time development of infection within 

a population. 

The data has been examined in a number of ways in order to obtain values for the 

duration of infection, incidence, and probability of infection. These provide key 

parameters for the modelling work. Also probabilities for scarring, trichiasis, and 

corneal opacity are derived. 

1.3.1 Data for trachoma modelling 

In order to complete the project on the modelling of trachoma, data was obtained from 

Dr Chan Dawson, Dr Sheila West, Dr Robin Bailey, and Professor David Mabey. In 

the event, only the Tanzanian data from Dr West and the Gambian data from Dr 

Bailey and Professor Mabey were used. The Gambian data has been used to provide 
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some of the important parameters involved in the modelling work. The Tanzanian data 

has been used in the examination of risk factors and socio-economic intervention. 

1.4 People involved in work 

1.4.1 Chlamydial modelling 

The people involved with the modelling of chlamydial infections were Dr Shahani and 

Mrs Meacock from the Faculty of Mathematical Studies, University of Southampton. 

Professor Ward and Dr Basu Roy gave a large amount of time and medical advice for 

the modelling work. 

1.4.2 Trachoma modelling 

The project involved the co-operation of a number of people in both the mathematical 

and medical disciplines. The mathematicians were Dr Shahani providing overall 

supervision and Mrs Meacock providing help on the statistical analysis. The medical 

area of the project was more complex; there were two levels of detail: Professor Ward, 

Dr Bailey, and Professor Mabey met with the mathematics side about once a month to 

provide guidance. Then there were affinity group meetings involving people from all 

over the world: Mr McCaskey representing the Edna McConnell Clark Foundation, Dr 

West, Dr Dawson, Dr Habbema, Dr Schachter, and Dr Thylefors. 

1.5 Structure of thesis 

1.5.1 Introduction 

This thesis consists of a number of separate parts. This is inevitably the case since it 

deals with two manifestations of a disease and the simulation modelling that is 

involved in the implementation of the models. The sections are background, 

chlamydial modelling, and trachoma modelling. 

1.5.2 Background 

The first part of the thesis is concerned with what might be termed the background. 

There is a large body of literature concerned with the modelling of disease. The other 

information that might be termed background are brief details about the causative 

agent of both trachoma and chlamydia, chlamydia trachomatis. 
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1.5.3 Chlamydial modelling 

This part consists of details on the modelUng of the sexually transmitted disease, 

chlamydia. The model is described and demonstrations of its use are given. 

1.5.4 Trachoma modelling 

With trachoma, there is a lot of data available. Since the project has specific aims, not 

all of the data is suitable for modelling work. 

The necessary data analysis given in this section is concerned with obtaining values 

for parameters from the data. Among the parameters that are obtained are the duration 

of infection, duration of clinical signs of infection, the probability of infection, the 

probability of scarring resulting from infection, the probability of trichiasis, and the 

probability of corneal opacity. Other parameters such as the probability of inapparent 

infection and the reduction in life expectancy caused by an individual becoming blind 

are also derived. 

Several models are developed. One to calculate the incidence rates of the 

consequences of infection. A second more detailed model is of a population 

susceptible to trachoma infection, enabling the user to evaluate various intervention 

strategies. 
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Modelling of infectious disease 

Objectives of chapter: 

• To survey the literature of infectious disease modelling. 

• To demonstrate some analytical modelling of infectious disease. 

2.1 Historical context 

Disease has always been present as a fact of human life. Bailey (1975) gives some 

examples of the loss of life due to disease. Europe in the 14th century lost a quarter of 

its population to the Black Death. The Aztecs in the 16th century lost half of their 

population to an epidemic of smallpox. These are just two instances of infectious 

diseases. Even today, the world still suffers from disease in spite of medical advances. 

There have been 5072 deaths from AIDS in the UK since reporting began in 1982 

(CDR 1993). 

Surveys are reporting a prevalence of perhaps up to 8% of genital chlamydial infection 

in the general population (see Fish et al (1989)). Dawson et al (1981) report that there 

may be 7 million people blind as a consequence of trachoma infections. 

It is against this background that the area of mathematical modelling of diseases is to 

be considered. If it is possible to relieve some of the burden of human suffering using 

mathematical techniques then it is imperative that it should be done. 

2.2 Introduction 

The modelling of infectious diseases is a large topic. It involves not only a life cycle 

model of the disease in question but also requires a knowledge of the transmission 

dynamics of the disease. The life cycle of the disease requires knowledge of the 

possible outcomes or consequences of the disease, and the study of transmission 

dynamics requires factors like heterogeneity to be incorporated. 

In terms of modelling, infectious diseases are often classified according to an SIR 

classification first used by Hamer (1906). The S stands for susceptible, the I for 

infected, and the R for resistant. An example of this type of disease would be measles, 

where exposure to the disease confers life-long immunity. Other diseases might not 
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give life-long immunity, for example many sexually transmitted diseases do not give 

immunity and as such an individual may be exposed to many reinfections. 

Complications to this model might be that the disease has an incubation period, or 

perhaps that the disease is fatal. These can be incorporated into the model. SIR type 

models with suitable assumptions can often be solved analytically and a large amount 

of literature is concerned with the solutions to these models. 

An important area of research is that of host-vector models, hi this case there is a 

parasite of interest, and the parasite is transmitted from host to host by means of a 

vector. Examples of diseases of this type are malaria and onchocerciasis. A key 

feature of this method of transmission is that the probability of infection does not 

directly depend on the prevalence of the infection within the host group. In the case of 

malaria, the mosquito bites an infected human and becomes infected itself, and then 

when it next bites a susceptible person, it may infect them. So the probability of 

contracting the disease depends on the prevalence of the disease within the mosquito 

population which itself depends on the prevalence within the human population. 

Sexually transmitted diseases (STDs) are an area of concern to a large number of 

people, not least because of the existence of AIDS, which is a fatal, incurable sexually 

transmitted disease. Ignoring homosexual transmission, STDs introduce the 

complexity, that like host-vector models, the level of infection in two populations, 

male and female, is important to the continuing transmission of the disease. So in this 

case, it is not the total prevalence of the infection within the population that is 

important, but the prevalence in both gender populations that contributes to the spread 

of disease. 

An important issue is that of heterogeneity, not everyone shares the same 

characteristics, and any model which assumes that they do could easily be inaccurate. 

Heterogeneity can have a number of dimensions, for example age, gender, sexual 

activity, safety consciousness, geographical location, and many others. All of these 

factors can be incorporated into models, but it is important to decide which are key 

factors and which are not. Age is obviously important as it has been shown, Morriss 

(1993), that for example it affects the mix between sexual partner. Gender is 

obviously important for STDs and can have consequences in other types of infection 
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because it affects the exposure to the infection; more importantly the probability of 

infection may change because of an individual's gender - for example male to female 

transmission probability of an STD might be higher than female to male transmission 

probability; Hethcote & Yorke (1984) prove that this is the case for gonorrhoea. 

Sexual activity will obviously affect the individual's exposure to disease; a person 

who is more sexually active will obviously have greater opportunity to become 

infected. Again safety consciousness, such as use of condoms, will change an 

individual's risk of infection. Geographical location is important; it is possible that 

waves of infection may spread across an area as people become infected, resistant and 

then susceptible again. An individual may be isolated from a pool of infection or 

equally well, an infection may be separated from the general population by a physical 

barrier such as mountains or poor quality roads. On the other hand large movements 

of people by air between countries, or the movement of lorries along highways in 

developing countries are examples of how infectious can be spread geographically. 

The modelling of disease has been carried out for many years. It was Bailey in 1975 

who collected the large body of material into his book The Mathematical Theory of 

Infectious Disease. In this book he states that the earliest example of this type of work 

was in 1760 when Bernoulli presented a paper dealing with preventative inoculation 

against smallpox. Fundamental work in the area was performed by Ross (1911) and 

Kermack & McKendricks (1927-1939). 

Since Bailey's book, the area of mathematical modelling of disease has expanded 

rapidly. It is beyond the scope of this thesis to present a full survey of the available 

literature. However more details can be found in the book Infectious Diseases in 

Humans by Anderson & May (1992), where the subject is treated with a more 

biological slant. Perhaps those interested might refer to Sattenspiel (1990) in which 

there is a detailed survey of the area. The objective of this section will be to show the 

diversity of work. 

Remme (1992) gives some of the advantages and disadvantages of epidemiological 

modelling. First the advantages: 
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• Modelling causes comprehensive examination of the factors which govern the 

epidemiology and control of a disease. 

• Modelling aids knowledge of factors both by identifying those which are known 

and by providing estimates of those which are not or can not be known. 

• Modelling identifies research priorities by highlighting areas in which knowledge 

is weak. 

• Modelling can help in the evaluation of control strategies before implementation 

for cost effectiveness. 

• Modelling can be used for analysis of uncertainty using sensitivity analysis. 

• Modelling can aid the planning of possible control strategies. 

• Modelling can be used to predict future epidemiological trends. 

• Modelling can evaluate of the impact of an actual control measure. 

• Continuous revision of the model provides a control loop in which to evaluate the 

new state of knowledge. 

• Modelling promotes interdisciplinary communication and collaboration. 

Disadvantages: 

• It is possible to produce a model which oversimplifies the problem and therefore 

produces results that are not realistic. 

• If the model is poorly presented, there might be too much mathematics for the 

non-mathematician to believe the results. 

• It is possible to ask a model questions that are outside its scope, and therefore the 

results will not be correct. 

• It requires specialist knowledge to produce a model, and this knowledge might be 

hard to obtain. 
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• The model may require more data than is currently available to produce reliable 

results. 

There is a large body of literature concerned with the modelling of disease using a 

variety of methods such as Markov processes. Ball (1990) models the total size 

distribution of carrier borne epidemics. Yip (1991,1992 a & b) presents inference 

procedures for fatal diseases, simple epidemic models, and host-vector and venereal 

disease models. Choi & Severo (1992) present a method for calculating the transition 

probabilities of a 'modified' general stochastic epidemic model. Becker & Angulo 

(1981) examine the within household and between household transmission rates for an 

outbreak of infection, finding that the within household rates are significantly higher, 

and also examine the effect of vaccination. Lefevre & Picard (1993) examine 

sampling using a stochastic approach. Ball & O'Neill (1993) model the spread of 

AIDS, producing both deterministic and stochastic models. 

Another area of research is that of spatial spread of infection. Gani (1990) gives a 

summary of the work done in this area. Sattenspiel (1988) examines spatial spread in 

terms of a hierarchy, that is the mixing of a number of homogeneous small groups 

making up the total population. 

Yakowitz (1992) presents a model that evaluate the costs of care strategies. Brailsford 

(1993) has also produced a model that examines this area. 

As mentioned elsewhere in the text, heterogeneity is an important issue and as such 

has received a large amount of attention. Andreasen & Christiansen (1989) look at 

persistence of an infection in a heterogeneous population. Boylan (1991) compares 

epidemic curves in heterogeneous populations with the classic epidemic curve. Cairns 

(1989 & 1990) examines the modelling of heterogeneity with particular reference to 

optimal vaccination policies, non-exponential incubation periods and variable 

infectiousness. 

Epidemics can exhibit periodicity; there are a number of papers discussing this. 

Schwatz (1992) presents a model that can exhibit the same behaviour as an epidemic 

might, and also gives a summary of the literature in this area. 
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An interesting field is the deterministic modelling of epidemics - using differential 

equations. Massad (1990) uses this approach to model respiratory infections due to air 

pollution. Cappasso (1987) models infections that result from the dumping of sewage 

at sea. Hone (1992) presents a model for pest control and describes its application to 

planning control policy. 

2.3 Deterministic modelling 

Deterministic modelling can be a useful area of work to determine the steady state of 

an epidemic, or for determining boundary conditions for expansion or collapse of an 

epidemic, or to look at time-progression of the spread of a generalised infection. 

Bailey (1975) summarises the work done by a number of people in this area. Looking 

at the simplest case. Bailey produces an equation for the epidemic curve - that is the 

incidence rate or the rate at which new infections occur. 

It is assumed that in a population of n+1 people, s of these are susceptible and i are 

infected, so s+i=n+l. The probability of infection is denoted as a per unit time. 

ds 
— = -asi = -ots{n + \ - s) (1) 
at 

If at time zero, one person is infected then: 

»(»+i) + i y 

— ^(xsi = - j ^ (3) 

The epidemic curve is di/dt (equation 3), and this is plotted, for one individual initially 

infected in a population of 20 people (with a=l , i.e. arbitrary time units), in Figure 1. 
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Time 

Figure 1 - Deterministic epidemic curve. 

Examining the steady state of the equations, it is found that the system will be stable 

only if either s is zero or i is zero - either no susceptibles or no infectives. 

If a recovery rate, P, a resistant period with number of resistants denoted by r, and a 

loss of resistance rate, 7, are introduced into the model so that individuals return to the 

susceptible state, the following equations are produced. 

dr 

'dt 
- Pi-yr (4) 

di . Q. 
— — cxsi — pi 
dt 

(5) 

ds 

dt 
= -asi+ yt (6) 
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These equations produce a more general model of an infectious disease. Looking at 

the steady state behaviour of the model by solving equation 5, (with di/dt=0) stable 

states are found when either the number of infectives is zero, or when s=p/a. This 

means that there is either a residual group of people who remain susceptible, 

independent of the rate of loss of resistance, or the infection dies out in which case the 

population will revert to being all susceptible, except in the case where resistance is 

life-long, hi this case the only change is that the population will be divided into those 

who are resistant and those who are susceptible. The general steady state equations are 

given below, where N denotes the total population: 

N -s+i + r (7) 

S = % (8) 

(10) 
1+ 

Equations 7 - 1 0 are valid for N>(3/a. For all the states, i=0 is a solution, however if 

N<p/a then i=0 is a stable solution, otherwise it is unstable. 

However, it is noticeable that the original equations for ds/dt (equation 4), and di/dt 

(equation 5) do not have the correct units - the rates should be people per unit time, 

yet the equations produce output which is a mix of people^ per unit time and people 

per unit time. The size of the infected population increases at a rate proportional to the 

number of susceptibles multiplied by the number of infectives and decreases at a rate 

proportional to the number of infectives. This is because the constant, a, actually 

includes a hidden factor for the population size. This is a valid assumption for a 

constant population, but if the population size changes either because of natural 

mortality and births, or because of the disease, then the equations will not hold. 
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Gleissner (1988) examines the problem of a fatal disease in a population of fixed size, 

with no arrivals or natural deaths. The differential equations in this case, with m 

representing the number of deaths from the disease, are: 

^ ^ c c J L . p i (11) 
at 5 + J 

^ = (12) 
at s +1 

(13) 
at 

The paper presents a proof that for 

• o^P, ^ l i ^ m { t ) = + Jq + /Mg, where the subscripts denotes the initial values. 

• a<P, \m^m{t) -SQ + ,<So+io+mo 

What this says is that when the disease infects people at a slower rate than the rate at 

which people die of the disease, then the infection will die out, otherwise the 

population will die out. Or alternatively, a disease which kills people too fast will not 

propagate. 

2.4 Work on deterministic modelling of infectious disease 

Equations 1 1 - 1 3 represent a closed system. If the disease has a slow infection rate 

then the population size may have changed either because of births or deaths. For this 

system of equations, an arrival rate into the population, (x, and a departure rate, X are 

introduced. It is assumed that the infection is passed vertically to the children of 

infected parents - in other words, the children of infected parents will also be infected. 

It is also assumed that the disease still causes death. 

ds si . 
— = - a (14) 
at s + i 

— = oc—'—h jii — Xi — pi (15) 
at s + i 
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(16) 
at 

Where m represents the number of individuals who have died of the disease. It is now 

possible to solve for s and i. Using 5 to represent ds/dt for clarity. 

= - A (17) 
s s+i 

I S+l S+l 

C/l V 
a + H - X - I 5 = a + — (19) 

5+ / s 

\ni = lns + [a-P)t (20) 

z = (21) 

Let [/ = [/ = (a - (23) 

= + (Z4) 

^ = Cz 11 + (25) 

I = = Q Q [ l + (26) 

Putting initial conditions in, the following equations are obtained. 

t = 0,i = — SQ (27) 
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^o=C2(l + C i ) % - ^ ) 

io = CiC2( i+Ci)%-m 

c —r — 
\ + \ 

(28) 

(29) 

(30) 

\ + \ 

a-P) 
(31) 

S--

1 + V •P) 

2 I 0̂ (̂«+2 -̂2A-̂ )f 

V -̂ 0 

a-P) 
^ 2 ) 

From these equations, it would be quite easy to examine the effect of changes in the 

rates, and initial parameters. A useful equation to derive would be the number of 

deaths from the disease, however this is not readily soluble. 

In general, diseases are more complex than the examples given above. Sexually 

transmitted diseases often involve the additional complication that the prevalence of 

the infection in two populations must be modelled, and the spread of the infection 

depends on the interaction of these populations. The equations that would govern this 

type of model are given below; all the parameters gain a subscript to show if they are 

for the males or females, because the parameters will vary according to gender. The 

model which assumes that the children will not inherit the parents' disease state is 

given below. Let S? denote the number of susceptibles in a group, I? the number of 

infectives, and R? the number in the resistant state (using capital letters to aid clarity 

and to distinguish from the previous sets of equations which dealt with a population 

which was not split into a number of sub-groups). 

dt N 
(33) 
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^ = (34) 

dR 

dt 
^ ~ Ym^m ~ (35) 

dSf cCfSfL 
N — ( 3 6 ) 

(38) 

^ = ^n,+L, + K , + ^ f + ^ f + ^ f (39) 

The model is similar to two of the models presented previously; equations 14-32 for 

the arrivals and deaths, and equations 4-10 for the resistance. The disease has a 

resistant period and the population has arrivals and departures. No solution will be 

attempted to this model. 

The model in equations 33-39 still does not accurately reflect the real world as it does 

not have any age structuring. Diseases, particularly sexually transmitted ones, can 

have a large age dependency; for example older people might be less promiscuous and 

so are at less risk of sexually transmitted disease. To incorporate age dependency, it 

would be necessary to add subscripts to the equations to determine the age group, and 

arrivals might only be considered in the lowest age group. There would also be a flow 

of individuals from one age group to the next. Of course age is not the only way in 

which individuals can be grouped, as mentioned earlier, there are geographical 

groupings and groupings by similar characteristics. 

Returning to a simple susceptible-infected model, it is possible to examine some of 

the problems related to grouping individuals. Assume that there are three distinct 

groups of individuals, and that they become infected because of the prevalence of 

infection in the community, but they have different rates of susceptibility. A model of 

this would be the equations that follow. 
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dS: I 
-oc^S- — + PjljJ = 1.3,1 = I^+1^+ I^,N - I+ S^ + ^2 + Sj (40) 

(41) 

The steady state equations for equations 40 and 41 are: 

+ 4 + 4 ) + /^/, - 0 (42) 

AA _ A 4 
OTlS, (%2̂ 2 

(44) 

So when [3 is a constant over all groups - that is constant duration of infection - it is 

possible to estimate the rates of infection for all the groups from the ratio of infectives 

to susceptibles. 

It can be seen from the equations presented in this section that deterministic modelling 

of the infection can lead to complex expressions, and possibly insoluble equations, 

although solutions can be found numerically. 
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3. Chlamydia Trachomatis 

Objective of chapter: 

• To introduce the bacteria responsible for the infections discussed. 

Chlamydia Trachomatis is an obHgate intracellular bacterium. This means that it can 

only reproduce using the reproduction mechanisms of a host cell and cannot reproduce 

outside it. It has two stages, that of reticulate bodies (RBs) which are fragile and 

cannot survive outside the host cell, and elementary bodies (EEs) which are the 

infectious particles and can exist outside the cell. The life cycle of Chlamydia 

Trachomatis is described in Larson & Nachamkin (1985), Schachter & Dawson 

(1978). The EEs are transmitted by some means to an individual, in the case of 

chlamydia this is sexual contact, in the case of trachoma this could be direct person-

to-person contact, flies, bed linen or some other method. Once the EEs have entered 

an individual's system, they attach themselves to a cell and then invade the cell. Once 

in the cell, they undergo change into RBs which reproduce using the reproductive 

mechanism that the cell provides. After this period of reproduction, the RBs undergo a 

change back to EEs before bursting out of the cell, thereby destroying the cell. It takes 

about 48-72 hours for this reproductive cycle. 

Chlamydia Trachomatis has a number of serotypes. Serotypes A-C are responsible for 

the blinding disease Trachoma, serotypes D-K are responsible for the sexually 

transmitted disease genital chlamydial infection (referred to as chlamydia elsewhere in 

this thesis), serotypes L1-L3 are responsible for the sexually transmitted disease 

Lymphogranuloma Venereum (LGV). For this thesis, the two infections that are of 

interest are trachoma and chlamydia. 

Chlamydia can lead to infertility and increased risk of ectopic pregnancy in women, 

and sterility in men. Trachoma can lead to blindness. 
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4. Chlamydia 

Objective of chapter: 

• To summarise the data available on chlamydial infections. 

4.1 Prevalence 

Chlamydia is a sexually transmitted disease commonly found in developed countries. 

Figure 2, from Catchpole (1992) shows the numbers of cases reported in the United 

Kingdom for the years 1981 to 1991. 

Thousands 15 

1981 1983 1985 1987 

Year 

1989 1991 

Figure 2 - Laboratory reports of infection with Chlamydia - from Catchpole 

(1992). 

The increase in the numbers reported is probably due to better reporting of the disease, 

rather than an increased prevalence. Either way, these figures will be less than the 

actual figures. This is because chlamydia is often an asymptomatic infection so 

although the individual will not have any clinical signs that they are infected, they can 

still pass the infection on to other people. 

Worm & Sanderson (1987) found the percentage of men and women with symptoms 

to be equal in both the chlamydia positive and chlamydia negative groups, indicating 

that clinical signs are not a good indicator of infection. Karam et al (1986) found 9 

(10.6%) of a randomly selected 85 men of age greater than 18 with no clinical 
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symptoms of urethritis tested positive for chlamydia; showing that there is a 

significant reservoir of infection present in the population. 

There are a large number of studies that give the prevalence of chlamydial infection in 

a number of different sample populations. Table 1, from Fish et al (1989), gives some 

prevalences from all over the world. Although the table may produce a biased 

indication of severity (because of the particular population sampled), it does show that 

chlamydia is a major sexually transmitted disease. 

Group studied Locality Prevalence (%) 

Gynaecology clinic Boston 4 

Gynaecology clinic Ghana 5 

Gynaecology clinic Indianapolis 9 

Gynaecology clinic Helsinki 9 

Family planning clinic Seattle 9 

STD clinic London 20 

STD clinic Indianapolis 31 

Termination of pregnancy London 8 

Termination of pregnancy Pittsburgh 9 

Termination of pregnancy Antwerp 12 

Table 1 - Prevalence of cervical C. trachomatis in women attending out-patient 

clinics. From Fish et al (1989) 

Kaptue et al (1991) found 38.3% of a sample of prostitutes in Cameroon to be 

chlamydia positive. McCormack et al (1985) found antibody to chlamydia in 11.9% 

of a sample of female college students in Boston. Harrison et al (1985) found 

endocervical chlamydial trachomatis infection in 8% of a sample of female university 

students in Georgia. Braddick et al (1990) isolated chlamydia trachomatis from 8% of 

women attending an antenatal clinic in Kenya. 

Figure 2 is from data taken from Fish et al (1989) and shows the age specific 

prevalence of chlamydial infections. It can be seen from this figure that the prevalence 

of infection is highest in the 16-20 age group; so chlamydial infection is primarily an 
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infection of the young. This is of great importance when the consequences of the 

infection are discussed in the next section. 

16 T 

14 • 

12 

1 0 • 

% 8 •• 

6 

4 

2 

<16 16-20 21-25 26-30 31-25 36-40 41-45 46-50 51-55 >55 

Age group 

Figure 3 - Isolation rates for chlamydia trachomatis in different age groups of 

women attending a gynaecology clinic. Data from Fish et al (1989). 

4.2 Consequences of infection 

4.2.1 General 

Table 2 from Paavonen and Wolner-Hanssen (1989) shows the variety of clinical 

infections that can result from chlamydia trachomatis infection (excluding trachoma, 

Lymphogranuloma Venereum, and those infections for which a relationship has not 

been firmly established). 
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Males Females Infants 

Conjunctivitis Conjunctivitis Conjunctivitis 

Urethritis Urethritis Pneumonitis 

Proctitis Proctitis Asymptomatic pharyngeal 

carriage 

Epididimitis Salpingitis Asymptomatic gastro-

intestinal carriage 

Epididimitis 

Endometritis 

Asymptomatic gastro-

intestinal carriage 

Epididimitis 

Perihepatitis 

Asymptomatic gastro-

intestinal carriage 

Epididimitis 

Ectopic pregnancy 

Asymptomatic gastro-

intestinal carriage 

Epididimitis 

Infertility 

Asymptomatic gastro-

intestinal carriage 

Table 2 - Clinical spectrum of chlamydia trachomatis infections - from Paavonen 

& Wolner-Hanssen (1989) 

Melles (1988) suggests a possible link between AIDS and chlamydial infection, in that 

chlamydial infection "might be one of the causes preceding and leading to AIDS". 

For the purposes of further discussion it is worth splitting the infections into those 

occurring in three groups: men, women, and infants. 

4.2.2 Men 

According to Hossain (1989) 25% of men with chlamydia are asymptomatic. 

Chlamydia can cause urethritis and epididimitis, which may cause sterility, for 

example see Nilsson et al (1981). It may also cause proctitis in homosexual men. 

4.2.3 Infants 

Infants are exposed to chlamydial infection during birth. The infection can cause 

pneumonia, which could lead to respiratory problems later in life, but there is no data 

available on this yet as it has only recently been observed. Persson & Ronnerstam 

(1982) suggest figures of between 0.5 and 4% for the incidence of chlamydial 

conjunctivitis in infants. Helin & Mardh (1982) report that the transmission rate from 

mother to neonate is 40 - 50%. 
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4.2.4 Women 

Chlamydial infection in women has been linked to far more serious consequences. 

Maurice (1983) suggests that 50% of chlamydial infections in women are 

asymptomatic. Untreated chlamydial infection may lead to Pelvic Inflammatory 

Disease (PID). 

Chow et al (1990) give data which supports the hypothesis that chlamydial infection is 

a causative factor for ectopic pregnancy. Kosseim & Brunham (1986) found 18 (72%) 

of 32 women with ectopic pregnancy and 13 (56%) of 18 women with tubal infertility 

had antibodies to chlamydia, compared t o l l (22%) of 49 controls. Brunham et al 

(1985) found that women with tubal infertility had a higher prevalence of antibody to 

chlamydia than women with other infertility and the control group. Wessels et al 

(1991) found 14 (35.9%) of 39 infertile women against 3 (7.3%) of 41 control women 

were chlamydia positive by endocervical swab. Osser et al (1989) found chlamydia 

antigens in 141 (86%) of 164 tubal infertile women and in 20 (28.6%) of 70 non-tubal 

infertile women. 

Arora et al (1992) found chlamydia antigen in the pouch of Douglas of 44% of women 

with PID and in none of a control group. Sinei & Bhullah (1989) found 2 cases in 

which chlamydia was detectable from the endocervical swabs of 50 women with PID. 

Bhujwala et al (1991) found chlamydial antigen in 234 (69.9%) of 335 patients with 

PID. 

Skjeldestad et al (1988) found that there was a 9.3% prevalence of chlamydia 

trachomatis amongst 873 abortion-seeking women. None of the women treated for 

chlamydia before the abortion were re-admitted. 14.1% of the chlamydia positive 

women who started treatment for chlamydia after the abortion were re-admitted, 

compared with 5.7% of the chlamydia negative women. 

Westrom (1980) has collected data on the percentage of women infertile after episodes 

of salpingitis. Tables 3 - 5 are from this paper. 
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Number of 

infections 

% Infertility postsalpingitis in age group Number of 

infections 

15-24 yr. 25-34 yr. Total 

1 9.4 19.2 11.4 

2 2&9 31.0 23^ 

3+ 51.6 60.0 54.3 

Table 3 - Percentage of infertility because of tubal occlusion after episodes of 

salpingitis in women exposed to a chance of pregnancy - from Westrom (1980). 

Inflammatory 

changes 

% Infertility postsalpingitis in age group Inflammatory 

changes 

15-24 yr. 25-34 yr. Total 

Mild 5.8 7.8 6.1 

Moderately severe 10.8 220 13.4 

Severe 2%3 40.0 30.0 

Table 4 - Percent infertility because of tubal occlusions after one episode of 

salpingitis and exposure to a chance of pregnancy - from Westrom (1980). 

Cohort born 

in 

Cumulative rate of post-PID infertility at age per 1000 women Cohort born 

in 

19 yr. 24 yr. 29 yr. 34 yr. 39 yr. 

1940 8.55 13.84 17.29 20.76 25.23 

1945 9T2 15.65 24.27 30.0 -

1950 10.31 18.09 2630 - -

1955 &28 16^^ - - -

Table 5 - Calculated rates of post-PID infertility in cohorts of 1,000 women -

from Westrom (1980) 

It can be seen from the above tables that Pelvic Liflammatory Disease is a serious 

problem, resulting in a significant number of infertilities. Also from the above data, it 

is probable that chlamydial infections are a major contributor to the incidence rate of 

PID. 
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4.3 Treatment 

Chlamydial infections can easily be treated by a course of antibiotics, such as 

tetracycline. Unfortunately, at present no vaccine exists for chlamydia trachomatis. 

4.4 Models for chlamydial infection 

A number of models have been developed for chlamydial infection, mainly with the 

intention of deciding if screening is appropriate. Fortenberry & Evans (1989) have 

actually run a screening program; from this they suggest that women with chlamydial 

infection be re-screened at six monthly intervals. Buhaug et al (1989 & 1990) tackle 

the problem of whether asymptomatic patients should be tested routinely. They found 

that screening every two years was cost-effective for the 18-24 age group. Washington 

et al (1987) calculate that chlamydial infections cost the Americans over $1.4 billion 

per year in direct and indirect costs. Nettleman & Jones (1989) calculate that it could 

be cost effective for the several agencies to fund a chlamydia screening program in 

America. Humphreys et al (1991) showed that a universal screening program had 

more financial benefit than either a selective screening program or no screening 

program. 

Kahn et al (1991) attempted to produce a model for diagnosing PID. However, they 

could not find any indicator which reliably predicted it. However Hadgu et al (1986) 

discuss a model for predicting acute PID, which relied on clinical parameters to 

identify women who would most benefit from a laproscopy to diagnose acute PID. 

Katz (1992) derives equations to model the transmission of chlamydial infection and 

to calculate the probability of infection from paired (male - female) test results. 
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5. Work on the modelling of chlamydia 

Objectives of chapter: 

• To describe the flow of individuals through the model. 

• To discuss the variables required for the model. 

5.1 Description of the flowchart 

The flowchart of any model is the way in which the disease and the individuals 

progress. For a successful model, the flowchart must be correct, the general principle 

being that the model should be as simple as possible without being over simplified. 

The flow chart for chlamydia was derived for this preliminary study with the 

assistance of Dr Ratish Basu Roy and Professor Mike Ward. Discussions since the 

work was completed indicate that the model chosen could be improved upon, and this 

may be a further project in the future. The flow chart went through a number of 

revisions to reach the stage used in the model. Obviously, for a sexually transmitted 

disease, the progression of the disease will depend upon the gender of the individual, 

so the male and female flow charts will be discussed separately. However, there are 

some general topics that it is important to discuss first. 

5.2 General comments on the modelling of chlamydia 

In common with all diseases, there is initially a population that is susceptible to the 

infection. An individual has some probability that they will become infected by the 

disease; this probability will depend on a number of factors which depend on the 

characteristics of the individual and the method of transmission of the infection. 

Examples of such factors are exposure to infection, probability of a successful 

transmission of the infectious agent, attitude to safe sex, and frequency of intercourse. 

Which of these are most important will depend on the disease being modelled. For 

example tetanus is spread by infected cuts, so the probability of being infected only 

depends on the probability of being cut by something and then being infected. The 

overall probability of a particular person becoming infected with tetanus will depend 

on the frequency with which they cut themselves (which might depend on individual 

characteristics such as thickness of skin and skin condition) and the prevalence of the 

bacteria within the environment. If measles is taken as an example, the probability of 
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infection depends on a transmission factor, which itself depends on how close 

physical contact was with the infected person, and how prevalent the disease is in the 

community; measles as a disease normally confers life-long immunity so people who 

have had the infection once are no longer thought of as susceptible. In the case of 

sexually transmitted diseases like chlamydia, the probability of a person becoming 

infected depends on the transmission probability, the opportunities of exposure, and 

the prevalence of the disease in the group that the individual is exposed to. For a 

heterosexual male this group would be women, but for a homosexual male this group 

would be men. These equations can be turned into mathematical formulae. 

Pr(Individual becomes infected) = Pr(transmitted) * Number infectious (45) 
Number in population 

Looking, once again, at the common features of chlamydial infections, it is found that 

the model is essentially that susceptible people are exposed to some infection, and in 

some of them the infection takes hold and this group spread the infection back to the 

susceptibles before becoming susceptible again themselves. There is little evidence of 

resistance to chlamydial infections, mainly because evidence of resistance is hard to 

determine; the problem being to differentiate between resistance and non-exposure. 

Having contracted the infection, there are consequences of the infection that vary 

depending on whether the infection is ocular or genital, and if it is genital, whether the 

individual is male or female. In the model it is assumed that individuals are bom 

susceptible; this is despite the evidence discussed earlier of infection during birth, but 

to some extent this would produce complicating cross-over between the two models 

discussed here. 

The model described makes the assumptions that the transmission is only through 

heterosexual contact. Also the population is split into risk groups that define the 

promiscuity, probability of infection, and a matrix that defines the mixing between 

groups. 

5.3 Flowchart 

The most important part of the model is the flowchart, which dictates what will 

happen to an individual as they contract the infection and as a consequence of 
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contracting the infection. For the flowchart, Odendaal (1990) is referred to in order to 

obtain the Pelvic Inflammatory Disease states 1 to 5 as possible sequelae of the 

infection in the female. For the male, the progression urethritis to epididimitis is 

assumed. 

It is assumed that at every stage, there is a probability of the disease progressing to 

another stage, spontaneously resolving, becoming apparent to the individual who then 

seeks treatment, being observed by a medic during examination for other reasons, who 

then treats it, or of the individual dying because of the infection. In the developed 

world there are few deaths from PID. 

The agreed flow charts for chlamydial infection in men and women are shown as 

Figures 4 and 5. 

Infection 
SpontaneousI 
Resolves 

Susceptible 

Population Treatment 

^ Force of infection 

Asymptomatic 

Urethritis 

Symptomatic 

Urethritis 

Asymptomatic 

Epididimitis 

Symptomatic 

Epididimitis 

\ 

Death 

V J 
Death 

Loss of infection path 

Treatment path 

Disease progress path 

Figure 4 - Flowchart of chlamydial infection in men 

It can be seen from Figure 4 - the flowchart of chlamydial infection in men, that the 

possible routes of the infection are various and can get complex. For simplicity, in the 

female flowchart, Figure 5, only a few of the possible routes are shown. 
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Figure 5 - The flowchart of chlamydial infection in women (simplifled schematic) 

With each episode of infection, as the infection either resolves or is treated, there is a 

risk that the women will have damage to her fallopian tubes which results in either 

infertility or increased risk of ectopic pregnancy, and the model traces the number of 

individuals with either of these states. In the male, the infection can lead to sterility. 
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5.4 Probability of infection 

The formula that governs whether a susceptible person becomes infected or not, from 

one partnership, is: 

Pr(infection) = Pr(transmitted) * Proportion of partner's group infected (46) 

The probability of transmission is a characteristic of the individual. The proportion of 

the group infected depends which particular group that the individual's partner 

belongs. 

5.5 Variables for the model 

To make the model applicable, values for all of the variables in the model need to be 

found. Often the values are not ones that are normally observed, or maybe impossible 

to observe; in this case, until better estimates become available, it is necessary to rely 

on the opinion of experts on the disease. Obviously, when available, values calculated 

by other authors based on data should be used. The variables used in the model are as 

follows: 

• Proportion of asymptomatic to symptomatic infections. Estimates of this have 

been given previously in this text (sections 4.2.2 and 4.2.4). 

• Length of interaction. The length of time spent between changes of partner. The 

model assumes that an individual remains with a partner for a period of time and 

then changes partner, and at the point at which they change partner, they are 

checked to see if they have become infected. This can be argued to be a fair 

approximation of what really happens. Data for this can come from a number of 

sources; a sexual lifestyle survey has been published for the UK (Wellings et al 

(1994)), and there are also reports of the number of sexual partners before 

reporting to a STD clinic (see Evans et al (1991) and Oskarsson et al 

(1990)).These samples will probably be biased because contraction of an infection 

may mean higher than normal numbers of partners. 

• Probability of contracting an infection during an interaction. There is data on 

the number of cases of infection found in partners of people who are infected. As 
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mentioned earlier, Katz (1992) presents a method of calculating these probabilities 

from paired-partner data. 

Probability of compliance. This is a measure of whether a person successfully 

completes the course of treatment. There are studies which examine the 

compliance of individuals on the treatment, for example Chako et al (1989) 

examine the issue of compliance at family planning clinic. 

Mean population size. In the model, the birth rate is determined so as to keep the 

population size almost constant - that is the population size may go above or 

below the mean but on average the population size will reflect the mean 

population size. An arrival process is used to produce 'births' to the system, and 

the mean interarrival time is calculated so that the mean population size is 

approximately constant. 

Average active life. It is assumed that an individual only needs to be modelled for 

the portion of their life during which they are at risk of contracting the infection, 

so after an amount of time they settle into long term relationships - this obviously 

makes a large assumption about human nature, but any other assumption leads into 

conjecture. It is possible that people may re-enter the 'sexual arena' later in life -

for example after divorce - so marriage could be considered a 'longer than average' 

relationship, which is subject to the same constraints as other short term 

relationships; however the model does not overtly include the possibility of 

individuals re-entering the risk population. 

Duration of disease. This is obviously an important variable for the model; 

unfortunately there are no real estimates for its value, because for ethical reasons 

those observed to be infected must be treated. 

Probability of progression to more severe states of infection. Obviously data on 

this are impossible to obtain directly because it would involve observing the 

individual in two states and the first observation would make treatment 

mandatory. As such values, for these variables and the other associated variables 

must be estimated. 
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• Probability of infertility and increased risk of ectopic pregnancy. As 

mentioned earlier Westrom (1980) has calculated values of percentage infertility 

after repeated episodes of salpingitis and by severity of single episodes of 

salpingitis. 

• Groups. It is assumed that there are groups within the population that have 

different levels of promiscuity and different attitudes to safe sex. For the purposes 

of modelling, there are four groups which can have different parameters governing 

their characteristics, and a mix matrix that determines how the groups mix (see 

Sattenspiel 1988) - it is possible to hypothesise that a very promiscuous person 

will have more relationships with other promiscuous people than with people of 

lower promiscuity. 

5.6 Interventions 

There are three major classes of intervention available: chemotherapy, vaccination, 

and socio-economic actions. A vaccine against chlamydia is, at present, not available 

but should be included for completeness. Chemotherapy involves treating those who 

are infected to remove the infection, one use of chemotherapy might be for treatment 

in a screening programme. Socio-economic change might, for example, be a publicity 

campaign for safe sex. 

• Vaccination. The effect of vaccination may take two forms: 100% protection for a 

period of time, or reduced susceptibility for a period of time. The model assumes 

100% immunity. The key parameters for vaccines are their effectiveness - the 

percentage of people protected, the duration of protection, and cost. Vaccination 

may take the form of a programme having an age at first vaccination and an 

interval between vaccinations (and a compliance, although this was not modelled). 

• Screening programme. The screening program is similar to the vaccination 

program but examines people to see if they are infected and treats those who are 

infected. The values required are for the age of screening at which screening starts, 

the interval between screens, the cost, and compliance. The treatment needs inputs 

for its effectiveness - there is assumed to be no duration to its effect. 
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Socio-economic change. This reflects a change in people's attitudes towards sex. 

Examples may be the death of a celebrity from AIDS, or a government led 

campaign to increase the use of condoms. Such a change may be short term or 

long term, sudden or gradual. The model only provides for a sudden long term 

change in attitude. 
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6. Chlamydia model in use 

Objective of chapter: 

• To illustrate the features of the model. 
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Figure 6 - The range of graphs available from the chlamydia simulation program 

running under Windows. 

In Figure 6, all the available graphs are shown. The user can pick one particular graph 

and expand that to full screen. Some graphs have four different shades of grey, these 

shades of grey represent the numbers present in each of the four risk groups. 

Significant outputs from the model are the duration of infection, which could be 

altered by a screening program which would reduce it; and cost which will depend on 

the particular intervention strategy in use. 

The model provides additional information from the graphs. Selecting a particular 

column using the left mouse button displays information about the height of that 

Use of model of chlamydial infection Page 34 



Modelling of infectious disease 

column. Selecting a graph with the right mouse button displays information about the 

mean and variance of that graph (see Figure 0). 

Tochsim (Chlamydial Infection) 

Run About Window Variables Files 

Class dependent variables 

Interaction Probabilities 
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OK Cancel 

Figure 7 - One of the many dialogue boxes in the chlamydia simulation program 

running under Windows. 

The dialogue box shown in Figure 7 controls the behaviour characteristics of the four 

groups in the simulation. The matrix on the right controls the mixing of individuals 

between groups and the values on the left control the characteristics of the group. It is 

visible that this represents the case in which all the groups behave in the same way, so 

there is no difference between the groups; however it is still possible that in the short 

term, one group might account for more of the infection than any of the others due to 

random fluctuation. 

Figure 8 shows an enlargement of one of the graphs; it also illustrates that the model 

provides some useful information about the graphs. 
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Tochsim (Chlamydial infection) - [Female Infection] 
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Figure 8 - An enlargement of one of the graphs that the chlamydia simulation 

running under Windows produces. 

A version of the model was produced that ran under DOS; it essentially produced the 

same graphs, but in a much less attractive format. For that reason no screen shots of it 

are shown here. 
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7. Illustrative results from chlamydial infection model 

Objective of chapter: 

• To illustrate the results can be obtained from the model. 

7.1 Illustrative results 

The results that follow are just examples, since the model would need greater 

calibration before it could provide real results. At present, some of the parameters 

required for the model are not obtainable because of ethical considerations and the 

problems of obtaining data. Ideally the model would be used after calibration by an 

expert in the area who may be able to estimate reasonable values for these parameters. 

The objective of producing these results is to provide some idea of what might be 

achieved given the calibration. 

Results from the model of a population without any interventions: 

• Average number of infectives = 20 

• Average cost =412 

• Average duration of infection = 0.7 years 

Now, including a screening program that starts at age 20 and occurs every year with a 

cost of 2 units per screen, and compliance probability of 0.5 and cure probability of 

0.5; the following results are obtained. 

• Average number of infectives =7.1 

• Average cost =213 

• Average duration of infection = 0.57 years 

It can be seen that with the screening programme, the average cost and the average 

duration of infection are reduced, because the infection is noticed before it can get too 

serious. 
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A publicity campaign might be mounted that reduces the probability of becoming 

infected from 0.8 to 0.7. 

• Average number of infectives =11.4 

• Average cost = 307 

• Average duration of infection = 0.68 years 

In this example, a publicity campaign is not as successful as a screening programme, 

but obviously the costs of treating the results of infection and the cost of the screening 

programme may have to come from different sources in which case it may not be in 

the best financial interests of those who could run the screening programme to run it. 

As these results are purely illustrative, it may turn out with correct figures that socio-

economic action is the best method of change. 
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8. Concluding remarks on chlamydial infection 

Objectives of chapter: 

• To give a summary of what has been achieved. 

• To suggest areas which could be explored further. 

8.1 Summary of work on genital chlamydial infection 

To summarise, the work done on genital chlamydial infection has proved that the 

operational modelling approach is useful, but there is insufficient data to produce a 

very accurate model. Hopefully in the future more data will become available with 

which to continue this modelling work and increase the accuracy of the results of this 

model. 

8.2 Further work 

The computer model produced was effective, but lacked data to produce a reasonable 

output. Obvious work that can be done in the future is to find data and analyse it to 

produce better estimates for the missing data values. In some cases this may be 

possible, but sensitivity analysis of the model may provide solutions to the problem of 

determining the values of variables that cannot be estimated from any data. 

As mentioned previously, the flow chart that was used in the model was eventually 

decided to be inappropriate because PDD can be caused by a number of organisms. It 

might therefore be better to produce a model that deals with sexually transmitted 

diseases in general and then leads to PID, or perhaps to change the flowchart so that it 

more accurately reflects the natural history of chlamydial infection - this may just be a 

change of labelling. Overall the flowchart is perhaps too complex with too many 

unknown variables for the model to be practical, so one possible advance would be to 

reduce the number of states to a more manageable number of exclusive states, such as 

severe infection, moderate infection, and mild infection. 
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Trachoma 

Objectives of chapter: 

• To summarise the available data on trachoma. 

• To explore the previous mathematical work on trachoma. 

9.1 Prevalence 

Trachoma is an ocular infection caused by the bacterium Chlamydia Trachomatis. The 

life cycle of this bacterium is discussed in Schacter and Dawson (1978), and Larson 

and Nachamkim (1985). 

Trachoma is a disease of poverty. The World Health Organisation in its guide to 

trachoma control Dawson et al, 1981 estimate that there are 500 million people 

affected by trachoma and at least 7 million people blinded by it, making it the largest 

cause of preventable blindness. However, with improving standards of living the 

prevalence of the disease will fall. Jones (1980) traces the history of trachoma in the 

United Kingdom, and states that the Moorfields Eye Hospital was founded in 1805 

largely to deal with trachoma in East London. Now, with improved standards of 

living, trachoma is unknown in the UK. 

Trachoma is primarily found in children. Figure 9, from Mabey et al (1991) shows the 

age prevalence curve of active trachoma in the Gambian village of Jali. Taylor et al 

(1992) also show the number of active trachoma cases declining with age. West et al 

(1991) found that, in Central Tanzania, women were more likely to have active 

trachoma than men, and women who cared for children were at even higher risk. 

Courtright (1989) examining people in the Nile Delta area, found a higher prevalence 

of clinical signs in men, but more consequences (such as trichiasis) in women. 
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Figure 9 - Age prevalences for Active trachoma - from Mabey et al (1991). 

Okubagzhi (1987) found that in north-western Ethiopia, the prevalence of trachoma 

was 43%, with a slightly higher prevalence in women than in men, and that the 

proportion of trachoma cases tended to increase with family size. 

Tabbara & Taylor (1988) found that 9.5% of a sample of Saudi Arabian school 

children from the Al-Ahsa region had clinical evidence of trachoma; splitting this into 

metropolitan and non-metropolitan they found 17.3% of school children from the non-

metropolitan areas had clinical evidence of trachoma against 4.5% of those from 

metropolitan areas. 

Cooper et al (1986) examined aboriginal children in Western Australia and found 

8.8% prevalence in 1984/85, a decline from 26.4% in 1977. 

9.2 Grading of severity of traclioma 

There have been a variety of grading schemes for the clinical signs of trachoma, 

ranging from the first, MacCallan (1936), to the generally used, simplified grading 

scheme of Thylefors et al (1987). This has some impact on the available data as it will 

have been encoded using the grading scheme that was used at the time; however it is 

possible to convert from one scheme to another with a little loss of detail. 
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The simplified grading scheme has a number of non-exclusive clinical signs: 

Trachomatous inflammation - follicular (TP). The presence of five or more 

follicles, of greater than 0.5mm in diameter, in the upper tarsal conjunctiva. 

• Trachomatous inflammation - intense (TI). Pronounced inflammatory thickening 

of the tarsal conjunctiva that obscures more than half of the normal deep tarsal 

vessels. 

• Trachomatous conjunctival scarring (TS). The presence of easily visible scarring 

in the tarsal conjunctiva. 

• Corneal opacity (CO). Easily visible corneal opacity of the pupil, so dense that at 

least part of the pupil margin is blurred when viewed through the opacity. 

• Trachomatous trichiasis (TT). At least one eyelash rubbing on the eyeball, or 

evidence of recent removal of inturned eyelashes. 

Figures 10-15, taken from the WHO trachoma grading card, illustrate the grading 

system: 

Normal 
conjunctiva 

Figure 10. Normal tarsal conjunctiva. The dotted line shows the area that should 

be inspected. Notice that the blood vessels are visible. 
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Follicles 

Figure 11. Trachomatous inflammation - follicular (TF). 

Follicles 

Figure 12. Trachomatous inflammation - follicular and intense (TI + TF) 

Figure 13. Trachomatous scarring (TS). 
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Figure 14. Trachomatous trichiasis (TT). 

Figure 15. Corneal opacity (CO). 

Taylor et al (1987) tested the new grading system and found that it gave good 

reproducibility. West & Taylor (1990) graded patients using the scheme and took 

photographs of the upper tarsal plate which were then graded again at a later point. 

Using this method, they found good agreement between the examinations in the field 

and the photographs. 

9.3 Interventions 

There is currently no vaccine available to prevent chlamydial infections. Schachter 

(1985) outlines some requirements for a vaccine - primarily that whilst lifelong 

immunity would be desirable but not achievable, immunity of five years would be a 

satisfactory duration to reduce the spread of infection in the first five years of life. 
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Chemotherapy is available using antibiotics and this will give temporary relief from 

the infection, but the individual is still susceptible to reinfection so this will be a very 

short-term solution if there are still infectives in the community. 

In the absence of chemical interventions that can effectively reduce the spread of 

disease, a large amount of work has been done on the social factors affecting the 

transmission of the infection. Bailey et al (1991), Esrey et al (1991), West et al (1989), 

and Prost & Negrel (1989) have all found water use to be a significant factor in 

susceptibility to trachoma - the less water used, the higher the prevalence of 

trachoma. West et al (1991) found unclean faces and number of flies significant risk 

factors for trachoma. Brechner et al (1992) found number of flies on the face was a 

significant risk factor for trachoma. Taylor et al (1989) found that both facial 

cleanliness and number of flies were significant risk factors for trachoma. West et al 

(1991) found that the significant risk factors for trachoma were presence of sibling 

with clinical evidence of trachoma, increased number of flies, cattle, and religion. 

Courtright et al (1991) found that latrine ownership was a protective factor for 

trachoma. 

Two studies by McCauley (McCauley et al (1990) and McCauley et al (1992)) have 

examined the attitudes to water use in an area of Tanzania. The studies show that the 

women over-estimate the amount of water required to wash a person's face. They also 

shed light on the social factors that affect whether a women is willing to wash a child's 

face. These factors include that the washing had to be sanctioned by the women's 

husband, and that it was not worth washing a child's face unless the other families did 

the same - as the other children could still spread trachoma. 

9.4 Previous mathematical modelling work on trachoma 

The problem of infectious diseases has inspired many workers concerned with 

mathematical modelling. There is a good account of the historical development in 

Bailey (1975). Sattenspiel (1990) and Anderson and May (1992) provide good surveys 

of the more recent developments. 

The modelling work for trachoma has benefited from this fund of knowledge. 
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Bailey et al (1989) have used simulation to show that there is significant clustering of 

trachoma cases in bedrooms and compounds. 

At the University of Southampton, there have been various projects on trachoma. 

Shahani and Ward have supervised work by Webber (1985), Nicholson (1988), 

Hawkins (1989), and van der Hoorn (1991), and some of this work has been reported 

in Ward et al (1986, 1990) and Shahani et al (1995). 

Hawkins & van der Hoom worked on simulation models of the spread of trachoma 

within a village. Whilst the models provided good results, they had a number of 

limitations: 

• Lack of heterogeneity. A village is not just a collection of individuals; it includes 

grouping of these individuals into rooms and compounds. An improved model 

would be one which takes these differences between individuals into account. 

• An arbitrary limit of 1000 individuals was placed on the size of the population; 

this limit was enforced by randomly removing people from the village. In reality, 

the village population may be influenced by emigration. Emigration will have a 

significantly different pattern to a random removal of individuals; it is more 

probable that, for example, men of ages 15- 30 will leave the village for the city, 

and that some may return at a greater age. There are also seasonal factors in 

migration, individuals may leave the village to work in the city for the summer, 

returning for the winter months when the tourist trade declines. 

• It was clear that models that took into account the wide range of available data 

and provided information based on clinical data as well as microbiological data 

were needed. 
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10. Models for trachoma 

Objectives of chapter: 

• To discuss the distinction between infection and disease. 

• To discuss the modelling of trachoma in the light of this difference. 

10.1 Introduction 

The terms infection and disease are closely related. 

• Strictly speaking infection is "the successful invasion, establishment and growth of 

micro-organisms in the tissues of the host" (Pocket medical dictionary, 1987). 

• Disease is "any deviation from or interruption of the normal structure and function 

of any part of the body." (Pocket medical dictionary, 1987). However the 

dictionary also observes that "it is manifested by a characteristic set of signs and 

symptoms and in most instances the aetiology', pathology^ and prognosis^ is 

known". 

It follows from these two definitions that infection should refer to the presence of an 

infectious agent within the body, and also the process of entry of an infectious agent. 

Disease should refer to the observable signs of the infection. 

From the modelling point of view, these represent two slightly different models. The 

infected population does not necessarily correspond to the diseased population (or 

even to the infectious population). An individual may develop inapparent or 

asymptomatic infection, so although they are infected they have no signs of the 

infection. 

The modelling of either the infection or the disease process will be similar. The 

duration of the infection will be shorter than the duration of the disease; as a 

consequence of this, the incidence of the disease may be less that that of the infection 

(several infections could share the same set of clinical signs). The probability of 

'a science dealing with the cause of a disease. (Pocket medical dictionary, 1987) 

the science which deals with the cause and nature of the disease. (Pocket medical dictionary, 1987) 

a forecast of the probable course and termination of a disease. (Pocket medical dictionary, 1987) 
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contracting the disease will be less than that of contracting the infection (because of 

inapparent infection) and there may be a difference in the duration of resistance (if it is 

possible to obtain the data). Figure 16 illustrates the basic model: 

Susceptible r Infected/diseased r Resistance r Susceptible 

Figure 16 - Generalised model of an infectious disease. 

However, when an attempt to combine the disease and infection processes so that the 

infection drives the disease is made, the model becomes more complex. The 

additional complexity comes from the fact that it is possible for the clinical signs of 

the infection to persist after the infection has finished and even over several 

infections. This means that although the individual has had several infections, they 

only appear to have had a single infection when examined for the clinical signs. The 

infection process when clinical signs of infection are taken into consideration, is 

shown in Figure 17. 

Duration of infection 

Incubation period ' Duration of resistance 

Duration of clinical signs 

T 
Point of infection 

Figure 17 - Interaction of clinical signs and infection. 

Time 

10.2 Modelling trachoma 

Chapter 9 discusses the disease states of trachoma. There are two disease states, mild 

(or moderate) disease, or severe disease, and a further infective state - inapparent 

infection. Inapparent infection could relate to two further infection paths; it could 

represent an infection which is incubating and will eventually produce clinical signs, 

or it could represent an infection which is inapparent and will never develop clinical 

signs. 
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An infection may directly increase the amount of scarred tissue. Eventually, this 

scarring will become so serious as to be called trachomatous scarring. The rate of 

scarring will depend on an unknown number of factors, possibly environmental or 

related to the individual. 

Eventually this scarring will start distorting the eyelid, and as the severity of the 

scarring increases, the eyelid will eventually turn inwards and the eyelashes will start 

abrading on the surface of the eye; this is known as trichiasis. 

The abrasion of the eyelashes on the surface of the eye is now a process which is 

independent of the susceptible - infected cycle; this means that it is purely a matter of 

time before the person suffers from impaired eyesight because of the trichiasis. There 

are several interventions specific to trichiasis. Reacher et al (1992) discuss the 

comparison of several surgical interventions for trichiasis. The more traditional 

intervention is removal of the eyelashes (epilation), however this has the problem that 

it is not possible to extract the short eyelashes whilst they grow back. 

The eyes need not be modelled separately; infection is assumed to appear in either eye 

with equal probability, and so the long term results will be the same for both eyes. 

10,3 Tests for infection 

There are a variety of tools available to detect the presence or absence of the infection. 

These range from the original use of eggs as culturing mediums for the chlamydia 

trachomatis bacteria to the 'state of the art' Polymerase Chain Reaction (PGR) method. 

In any test for the infection at the biological level, there is a level below which the test 

cannot detect it - a threshold - and there is also the problem that the sample may not be 

from a site of the infection; in these cases, the test may be negative when it should 

have been positive. However there is the possibility that the test is too sensitive and 

will detect the presence of the infective agent in someone that has been exposed to the 

infection but not at a high enough level to cause problems. There is a solution to this 

in the form of quantitative PGR, but this is not yet available. The model assumes no 

such complications and only considers the presence or absence of the infection. 
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10.4 The need for several models of the infection process for 
trachoma 

The data collected from regions with trachoma is often based on the numbers with the 

disease - that is the number of people with clinical signs of trachoma. Unfortunately, 

as explained earlier, this does not necessarily give a good reflection of the number of 

people with the infection. This leads to a slight problem with the available data. 

The solution adopted is to provide two models, one of sufficient complexity to deal 

with the actual infection process and the evolution of clinical signs as a consequence 

of this infection, and the other model which looks only at the clinical signs. 

A model which deals with the actual infection at a microbiological level will require 

more information than a model which looks at the clinical signs of the infection. The 

reason for this is that a microbiological model will still require all the details of the 

clinical model in order to obtain the correct values for the clinical part of the model, 

and will require further data for the microbiological infection process. The clinical 

data are relatively easy to obtain and the clinical model can still provide some useful 

estimates of the infection process. The microbiological model requires data which are 

harder to obtain and also more costly to obtain (see section on tests for infection) and 

not all sites will have this kind of data. 

10.5 Clinical flowchart 

The clinical flowchart is shown in Figure 18. 
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Figure 18 - Clinical flow chart for trachoma infection. 

An individual is initially susceptible at birth. They would join the group of other 

susceptibles in the state marked 'No active disease'. At regular intervals the 

susceptibles are examined to determine if they have contracted the infection. The 

probability of contracting the infection depends on a number of factors; the age of the 

individual, their gender, and the proportion of infectives within the same room, 

compound, and village. This is expressed in the following equation. 

Pr(Infected) = * proportion of village infected 

+ * pfoportion of compound infected 

+ Page,gender * proportion of room infected 

(47) 

In the above equation, p represents a general constant. Using this, a large amount of 

the heterogeneity in the population can be dealt with. 
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The State 'No active disease' may include people with inapparent infection. Clinically, 

there is no way of determining if an individual is infected (if there was, the infection 

would not be inapparent). This is changed in the microbiological model, since the 

infection can be detected microbiologically. 

Once a person becomes infected, they have a probability of getting moderate or severe 

disease. This is determined by age, gender and previous exposure to disease. If 

someone has had severe infection in the past, the probability of having a severe 

infection in the future may be changed. In the flow chart, this is shown by the box 

'Mark as TI'; individuals having had severe infection are marked as having had severe 

infection so that the next time they become infected, this can be taken into account. 

When individuals recover from an infection (the duration of infection is covered in a 

separate section) they have a chance of being scarred as a result. The probability of 

scarring depends on age, gender, and previous scarring. For the purposes of tracking 

the level of scarring in the population, the individual is marked as having scarring in 

the box 'Mark as TS'. It is assumed that every time an individual enters this box, the 

scarring gets worse, and with the increasing scarring there is a probability that the 

individual will have trichiasis - this is when the eyelashes touch the eye (a formal 

definition was given previously). The individual is returned, after these checks, to the 

susceptible population. 

It is assumed that for an individual with trichiasis their vision will be deteriorating as a 

result of the continued abrasion of the eyelashes on the eye, so having reached the 

state of having trichiasis, it is only a matter of time before the individual goes blind if 

they are not treated. Note that blindness is one of the outcomes shown in Figure 18. 

Medical treatment is normally in the form of surgery, which alters the eyelid so that 

the eyelashes are no longer inverted. Often, the individual removes the eyelashes 

(called epilation) to stop the abrasion; this is not a very successful technique as they 

will eventually grow back and for a period of time whilst they are growing back they 

are long enough to abrade the eye but too short to remove. 
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The model uses mortality statistics. One of the effects of blindness is that the life 

expectancy of the individual is reduced. The estimation of this reduction in life 

expectancy is performed in a separate chapter. 

The effect of migration may alter the spread of infection. The model has a method of 

incorporating migration which will be discussed later. 

10.6 Microbiological flowchart 

The microbiological flowchart, shown in Figure 19, includes details of both the 

clinical and microbiological evidence of infection. TAb (tear antibody) positivity is 

meant to signify resistance, TAg (tear antigen) positivity is meant to signify infection, 

the presence of DNA is meant to show that the person is infected and is thought to be 

a better test of being infected than TAg. The states inapparent infection and resistant 

are needed at the microbiological level. 

Inapparent infection is infection by chlamydia without any clinical signs. It is placed 

in a central position because the infection will have an incubation period before 

clinical signs appear and during that period an individual can be considered to be 

inapparently infected. 

Resistance presents a problem and it can be modelled in two different ways. Either as 

a block to infection - total resistance for a period of time - or as a reduction in 

susceptibility for a period of time, so an individual can become infected whilst they 

are resistant but are less likely to be. The first case is often called immunity. 

The duration of resistance is assumed to depend on age, gender, and the severity of 

infection. 

The complexity of the flowchart is largely due to the fact that clinical signs will 

disappear at an unspecified point after the infection has ended. This means that the 

clinical signs can end during the resistant period or during the susceptible period, or in 

some cases the clinical signs may be persistent changing only in severity. Including 

these possibilities on the flow chart has meant that most of the boxes are duplicated 

with different clinical signs. 
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Figure 19 - Microbiological flow chart for trachoma infection. 

10.7 Flow of individuals through the flowchart 

The flow of individuals through the flow chart is semi-Markov. This means that it is 

governed by both probabilities and durations. This modelling approach gives great 

flexibility and improved accuracy of modelling, at the expense of being more complex 

than an approach which relies only on probabilities. 

In this modelling approach, the probabilities govern the factors which are essentially 

enumerated - for example does a person become infected or not, do they have scarring 

from this particular episode of disease or not. The durations are used to model things 

which are naturally durations - for example duration of infection. 
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It is possible to use a Markov approach which just uses probability of change - for 

example does the infection end now or not. However this approach tends to lead to a 

simplification of the model in order for it to fit the technique. A semi-Markov 

approach gives the model the flexibility to fit the circumstances. 
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11. Demographics 

Objectives of chapter: 

• To discuss demographic processes. 

• To discuss the way demography can be modelled. 

An important part of the model is the demographics of the population. This concerns 

itself with the birth and death processes of the population. Also important for a 

realistic model is the idea of migration, both permanent and temporary. Obviously 

migration complicates all calculations of population size and structure. 

The world statistics sourcebook publishes statistical data for all the world which gives 

life expectancy, birth rates by age, age at marriage, and a wide variety of other 

measures for most nations in the world. However the data published are rarely 

complete and up to date. Billewicz and McGregor (1981) have looked at two villages 

in the Gambia over 25 years of available data and used the data to determine the life 

expectancy and birth rates, as well as a variety of other details. 

In general people are born (to parents) and they live, have children and then die. In 

this process, there are important events such as marriage, and birth of children (and 

possibly remarriage). These events have complex causality. In some cases, marriage 

causes children to be bom; in other cases, the child may cause the marriage of the 

parents; childbirth may cause the death of the mother. The life process is an obviously 

complex process. In modelling this process, we must attempt to simplify until the 

model is of a manageable size and the parameters can be determined. It is best to have 

a viable model which has parameters that can be calculated or estimated. A vastly 

complex model for the demographics of a population should be avoided, however an 

adequate model of the ageing of a population is needed because the transmission 

probability of the disease depends upon age. 

11.1 Simple model. 

A simple model for the population is to assume that the number of births is 

proportional to the population size. This is called a Malthusian model after work by 

Malthus in 1798 - although his work did not look at death rates. This approximation 
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will produce a number of births per year, and this figure should correspond to the 

easily obtainable crud%birth rate for a country. The problem with this approximation 

is that it assumes a homogeneous population - this is not the case, the population will 

have an age structure which itself is a function of birth and death rates. A more 

realistic model of a population will include both a birth and a death rate. 

A real population will have a number of individuals of different ages. The age 

distribution of the population will have far reaching affects,on such things as marriage 

rates, birth rates, and death rates. Guttentag and Secord (1983) argue that the male to 

female ratio will have large behavioural consequences if it changes from unity; 

particularly if the marriages occur across an age gap, then the population pyramid will 

cause differences in the number of available men and women. They argue that a high 

number of men compared with women means increased numbers of traditional 

families; whereas a higher number of women than men means a separation of families. 

The age distribution of the women in the population will determine the birth rate. 

Young women and old women are not able to have children, and as the age 

demography of the population changes, the numbers of fertile women as a proportion 

of the population will change. This means that the number of births per year are no 

longer directly related to the population size. This is particularly important if there are 

changes in numbers for the fertile female population; an example of this might be if 

there is a behavioural change like the opening of a new factory, which would 

encourage women to work instead of raising families. However, a non-fatal disease, 

such as trachoma, which does not affect fertility should have no effect on the birth 

rate. 

Given a number of births per year, the disease transmission depends on the number 

and location of children. At birth, the children need to be allocated to a particular 

family. This causes a problem for the simple number of children born per year 

approach. If, for example, the children are allocated at random to people in the village, 

then the probability of a child contracting the infection from another child will be 

reduced because they will be less likely to meet. Since mothers will normally raise 

several children, the infection will tend to cluster within a group (Bailey et al 1989) 

and because of this clustering, the individuals within the group will have more 
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exposure to the disease and are therefore more at risk of the consequences. It is clearly 

important if the consequences of infection are to be considered, that the children are 

allocated to families and that the structure of the village is modelled in some detail. 

11.2 Modelling the life of an individual 

Given that a simple model for the number of births is inappropriate, we require a 

model which also deals with the problem of allocating location and family to each 

neonate. The best way of doing this is to have birth as a life event of each women in 

the village. 

The birth of a child forms part of a larger pattern. Probably, the birth of the first child 

will be closely related to the woman being married. A suitable assumption is that the 

marriage will precede the birth of the first child. There also needs to be a husband, and 

they need a home. All these factors determine whether a woman gives birth to a child. 

Since the process of interest is the event of a child being born, further detail is not 

required. However, it is easy to envisage that the husband or the wife might be 

infertile, might have a sexually transmissible disease (this might even be the cause of 

their infertility), and that any diseases might be passed on during birth or gestation to 

the child. With trachoma, the vertical transmission of Chlamydial Trachomatis is a 

problem (Helin & Mardh (1982)), however to examine the problem of vertical 

transmission of disease during birth would require some detail on the prevalences and 

transmission probabilities and mechanisms of the sexually transmitted disease, so to 

reduce complexity, vertical transmission has been ignored. 

Upon marriage, the couple will obtain a room of their own; again this is an 

assumption that reduces the complexity of the problem. In some cases, the man may 

have a room of his own and this would result in a lower probability of contracting the 

infection from the children - however this lower probability can be absorbed into the 

figures for infection probability and as a consequence the distinction is not important. 

Having married, and obtained a room, the mother can then have children. There are 

several ways of modelling this process. The simplest, which is to allocate an age 

dependent probability of a married woman giving birth in a single year, is probably the 

best. A more complex procedure might be to examine the intervals between births and 
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the age of the mother at first child, and then to use this information to map a 

pregnancy history for the mother. However, this approach might be complicated 

because each woman may decide not to have children (or more children), in which 

case the mother will have a probability that she does not have further children. An 

output of this type of model might be the expected number of births per mother - a 

figure that is regularly collected. In the model, a mother might be assigned further 

births, but then die before having them; in this case the contribution that the woman 

makes to the mean number of births per mother will be less than expected -

unfortunately using this method there is no process that increases the number of births 

per mother to balance this. Hence this method will always have slightly less births per 

mother than there should be; therefore the simpler method which relies heavily on 

aggregated statistics will provide a better fit to the real world. This is a good example 

of where a slight addition in perceived complexity will cause a large change in the 

data that are required for the model to be accurate, and also cause a great deal of 

difference in the model and its internal complexity. 

One point that is worth mentioning is infant mortality. Billewicz and McGregor 

(1981) suggest that the interval between births may contribute towards the deaths of 

infants because the mother's ability to breast-feed a child will be reduced because of a 

pregnancy, and so the child may starve. Again this will not affect the results of an 

infectious disease model because the effects will be absorbed into the birth and death 

rates, but a more detailed model of the demography of the population might need to 

consider this in more detail. 

11.3 Death 

Life expectancy statistics for countries all over the world can be obtained (see UN 

demography yearbook). These statistics can give detailed information about how long 

people are expected to live, both from birth and from a given age. From the modelling 

point of view, the death of an individual adds a complexity. This is particularly 

important if the disease causes death, since the life expectancy at birth should exclude 

the proportion of people dying from the disease under study. There are also problems 

associated with the remaining family, such as "does the wife/husband remarry?" and 
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"who looks after the children?". These questions also have to be asked when a person 

migrates or remarries. 

11.4 Divorce 

Divorce can subsume two separate concepts. The idea of remarriage on one hand and 

that of polygamy on the other. Both of these concepts involve the rotation of 

partnerships of people within a community. If two (or more) people within a 

community are interchanged then there will be an effect, but if the people generally 

have similar characteristics then the results of the change will be minimal. For 

example if two men of the same age swapped wives, then there would be no change in 

the general appearance of the village. Unbalanced divorce and polygamy can be 

considered as the same thing - there are several women with children without a man in 

the house. Possibly this leads to a lower "demand" for men, because one man can take 

the place of several. The most simple assumption is to ignore the problem. Billewicz 

and McGregor (1981) say that divorce is frequent in the Gambia and that polygamy is 

common - so this might have effects on the demography of the area, but should leave 

the transmission probabilities of diseases (except sexually transmitted diseases) 

unchanged. 

In order to improve the approximation to the real population structure, the next step 

would be to make a number of families have no male partner (as a proxy for 

polygamy); however this will have some effects on the numbers of unmarried males 

and the population make up would be affected. A probable result would be that the 

migration rate for males would be higher to dispose of the excess males. In summary, 

to obtain this additional accuracy, a great number of questions about which it is 

difficult to obtain answers would need to be asked, and the improvement in the 

accuracy of the model of the population may not directly lead to an improvement of 

the model of the infectious disease. 

11.5 Migration 

People are leaving and entering villages continuously. Billewicz and McGregor (1981) 

observe that wives tend to have been imported from other villages and exported to 

Demographics Page 60 



Modelling of infectious disease 

Other villages. They also have figures for the natural growth of a village - these are 

people joining a village from other sources. 

Men in a village often migrate for the summer to work in the city, and then return to 

the village - in some cases after a few years; there is certainly an element of fortune 

seeking in the behaviour. Billewicz and McGregor (1981) observe that the men tend to 

marry later than women and this behaviour pattern is probably a result of the men 

having to work. This type of migration is temporary migration - the people return. 

The women being, in some sense, exported to and imported from other villages must, 

on average, balance the number of men in the village. We can simplify this by saying 

that for every woman who leaves the village, after a time interval another woman will 

return to the village. 

The natural growth of the village does not fit into either of the above two patterns, 

however over a short period of time, the natural growth will be negligible (figures 

from Billewicz and McGregor (1981) show that the emigration from the two villages 

in their study is greater than the number of newcomers; so the newcomers can be 

subsumed into people returning to the village). 

hi order to simplify the model, it is assumed that the families will continue to function 

without some members - for example if the mother or father leaves the village. 

Obviously if both parents are away, then there might be a behavioural change that 

could cause some changes in the infection probabilities, but the opportunities for this 

change are on such a small scale that the differences would quickly be absorbed into 

the general probabilities. 

11.6 Death from disease 

Trachoma, although not a life-threatening condition itself, causes blindness which 

reduces life expectancy to about 30% of the remaining life expectancy at the age of 

onset of blindness. More details on the calculation of the reduction of life expectancy 

due to blindness are detailed in Chapter 16. 
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11.7 Demographic model 

Using the above information, it is possible to derive an approximate model for the 

demography of the population. The points that need to be considered are: 

• Birth of an individual. The neonate is allocated to the room that the parents 

occupy. At birth the child is allocated a life duration. This will be reduced if the 

person goes blind at some point during their life. 

• Marriage of an individual can only occur when the individual is present in the 

village. Once an individual reaches an age when they are eligible for marriage, 

they are allocated (queueing if necessary) to a partner. 

• Once a woman becomes married, she has a yearly probability of having a child, 

which is dependent on age but independent of parity (number of previous births). 

• hidividuals may leave the village for periods of time during their lives. The people 

returning to the village need not be considered to be the same individuals who left. 

Figure 20 represents a rough outline of the life of an individual under the modelling 

conditions outlined above. It shows the process of the individual from birth to death, 

with the various life-events marked on the line. Migration is represented as a 

displacement from the line. 

Birth ^Death 

Maturity and Child born Blindness 

marriage 
Figure 20. A schematic representation of the life history of an individual. 
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12. Interventions 

Objective of chapter: 

• To discuss the various interventions for trachoma. 

12.1 Introduction 

There are three basic types of intervention; 

• Prevention of infection 

• Treatment of infection 

• Environmental or socio-economic changes 

A prevention of the infection would normally be vaccination; this would stop or 

reduce the probability of an individual becoming infected. A treatment for the 

infection would ideally cure the infection, however a treatment may protect the 

individual from reinfection. Environmental interventions are often indirect; they do 

not involve treating the individual but do involve changing the environment in which 

the individual lives. These interventions might be socio-economic (such as improved 

water supply) or actual environmental changes (for example, drainage of swamp land 

to reduce mosquito numbers and hence the transmission of malaria). 

12.1.1 Direct interventions 

Direct interventions such as vaccination or chemotherapy depend heavily on the 

compliance of the individuals in the target population. There may be reduced 

compliance because of logistic problems (the problems of reaching the entire 

population within a constrained time frame) and preference problems (for example, 

the individuals may not want the intervention because of discomfort or fear ). 

Therefore any direct intervention will have a compliance factor on it. 

Direct interventions are often targeted to particular groups of the population, hi the 

case of trachoma, which is primarily an infection in children (Taylor et al (1989)), it 

may be more cost effective to consider selective direct interventions; for example, 

vaccination of children only. 
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12.1.2 Indirect intervention 

Indirect interventions usually do not require the compliance of individuals within the 

population, although the agreement of the entire population is sometimes needed 

before an intervention can be implemented (for example, see McCauley et al (1992)). 

These interventions will affect the health of entire groups of the population. A scheme 

introducing clean water into a village will give everyone within the village access to 

the water supply and therefore everyone will benefit. 

12.2 Vaccination 

This would be a preventative measure against trachoma. However no vaccines against 

trachoma exist at the moment. In this situation, a model of the infection process can be 

very useful because it can give guidance about how effective a vaccine would need to 

be in order to eradicate the disease. 

A vaccine has three major parameters: 

• Efficacy - the proportion of people for whom the vaccine will work. 

• Degree of protection - not all vaccines will give 100% protection; it may be that 

given a sufficiently large dose of the infective agent, the person will become 

infected despite the vaccine. 

• Duration - most vaccines will remain effective for a number of years, but because 

of the continuous changes in the immune system of the body, the effect of the 

vaccine may eventually be lost. 

Vaccination may or may not clear the disease from someone who is infected. In the 

model it is assumed that the infection will be cured at the normal rate, and that the 

immunity to reinfection starts immediately. 

12.3 Chemotherapy 

Chemotherapy is the treatment of trachoma infection with antibiotics (such as 

tetracycline). The treatment normally takes place over a number of days, and there is 

some discussion as to how long this period of treatment should be (Dawson et al 

(1981)). For the purposes of modelling, the treatment can be assumed to have 

immediate effect. 

The factor which affects the performance of chemotherapy is: 
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• Efficacy - the proportion of treated people who will be cured by the treatment. 

There is no immunity conferred by chemotherapy; the individual is immediately 

susceptible to further infection. 

12.4 Socio-economic interventions 

There is a large area of literature dealing with the evaluation of interventions such as 

the washing of children's faces (West et al (1989,1990), Bailey et al (1991)). This is a 

direct intervention since it involves changing a characteristic of the person, but a 

direct intervention such as this, which reduces the force of infection for an individual, 

is essentially equivalent to vaccinating that individual. 

An indirect socio-economic intervention would affect the entire village and may 

reduce the probability of infection for particular groups within the population by more 

than others, so there is still an element of targeting the intervention. 

The data required for a direct socio-economic intervention are the same as for 

vaccination. The datum required for the indirect intervention is the reduction in the 

probability of infection for the target group. 

12.5 Interventions for trichiasis 

Trichiasis is the condition when the eyelashes abrade on the surface of the eye. It is 

caused by distortion of the eyelid from scarring. A person with trichiasis may go blind 

because of the damage to the surface of the eye. There are several surgical 

interventions to correct the condition. 

Reacher et al (1992) compare different methods of surgery to find the most effective. 

These methods are: 

• Electrolysis. The removal of the eyelashes using electricity. 

• Cryoablation. The removal of the eyelashes by freezing. 

• Tarsal rotation. The cutting of the eyelid and its repair at an improved angle. 

• Tarsal advance and rotation. The cutting of only the inside of the eyelid and its 

repair at an improved angle. 
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They found that tarsal rotation was the best treatment for trichiasis; this was 

successful in 77% of cases. The intervention also brought about an improvement in 

visual acuity (possibly related to being able to use their eyes without discomfort). 

The paper also presents details on the follow-up of patients at 24 months. The 

proportion remaining with successful treatment after 24 months can be used to 

estimate the mean duration of surgery. The following equation links the proportion 

surviving p, the time to which they survive t, and the mean survival time m (assuming 

an exponential distribution for survival). 

m — 
HP) 

(48) 

Using equation 48, we can estimate the mean duration of surgery for various 

interventions. 

Name of intervention Percent surviving 

to 24 months 

Mean duration of 

intervention (months) 

Tarsal rotation 80 108 

Tarsal advance and rotation 42 28 

Electrolysis 29 19 

Cryoablation 20 15 

Table 6 - Mean duration of success of surgical intervention 

From Table 6 it is obvious that tarsal rotation, with a mean duration of 9 years, has a 

significantly longer mean duration of success when compared to the other 

interventions. 
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13. Estimating duration and incidence of infection 

Objectives of chapter: 

• To obtain estimates for the duration of disease, the duration of infection, the 

incidence, and the probability of infection. 

• To examine the possibility of using data from interventions to estimate model 

parameters. 

• To estimate the time for which an intervention will be effective. 

• To use cross-sectional surveys to estimate duration of infection. 

• To use maximum likelihood estimators to estimate duration of infection. 

13.1 Introduction 

The key parameters for infection are the duration of infection and the probability of 

infection. In this chapter, we attempt to derive estimates of the duration of infection 

and the probability of infection. These two parameters are closely related to the 

incidence of infection - the number of new cases per unit time - so this value is also 

derived. 

Data from Tanzania and the Gambia have been used in the calculation of these 

parameters. Further details on the Tanzanian data can be found in West et al (1988, 

1989, 1990, 1991) and on the Gambian data in Bailey et al (1989, 1991) and Hawkins 

(1989). 

The Gambian data used in this thesis comes from a number of studies in the village of 

Jali (which has a population of about 1000 people), and also from the village of 

Berending, which is of a similar size. A number of cross-sectional surveys have been 

taken of these villages, and these data are used. One particular set of data has been 

used to produce the duration and incidence results. This data set is 6 months of 

fortnightly inspection of around 100 people in the village of Jali, for both clinical 

signs of infection and for microbiological evidence of infection. 

This chapter uses several models for the infection process. The objective of this is to 

provide models suitable for the available data. These models are also of several 

different derivations, ranging from a differential approach to a statistical approach. 
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The use of several models provides a range of results which gives confidence to the 

order of magnitude of results; since each model makes different assumptions, the 

results will not be exactly the same. 

13.2 Using interventions to estimate parameters 

13.2.1 Basic disease model 

If an intervention is used on a population, then the particular characteristics of the 

infection will affect the behaviour of the intervention. In this section we examine how 

the treatment of the population can be used to provide information about parameters 

such as the probability of infection and the duration of infection. 

Bailey (1975) suggests the following differential equation for the modelling of an 

infectious disease which does not confer immunity on or kill the person infected. 

—- = Xi{l — i) — fii (49) 
at 

In equation 49, the parameter A, reflects the rate of infection, the parameter ^ is the 

rate of recovery, and i is the proportion of the population that is infected. It is easy to 

find that in the steady state, either there are no infectives or the following equation 

holds: 

/i = A ( l - 0 (50) 

It is possible to solve equation 49 to obtain an equation for the prevalence of infection 

at time t, as follows: 

The constant k is introduced by the integration procedure. If we assume (without loss 

of generality) that at time zero (some time after the intervention), the proportion of the 

population infected is I then we can provide the following equation for k. 

(52) 
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If the steady state value of i is known, we have in equation 50, a relationship between 

X and n. If we also know the proportion of the population infected at some time after 

the intervention I, and then the proportion infected, I', again after some interval t, we 

have enough information to combine equations 50, 51, and 52 to provide values for 1 

and Notice that l/|i is the mean duration of infection. 

One problem with these equations is that it is not possible to separate either X or |i, 

and that solution needs to be achieved through iterative analysis. A Pascal program 

has been written to provide this type of analysis, INFSS.PAS. 

The incidence rate of infection (per person per year) can be calculated using the 

following equation. 

_ . , 52 * prevalence 
Incidence = (53) 

duration (in weeks) 

13.2.2 Analysis of Tanzanian data. 

Tanzanian data was made available on the treatment with chemotherapy of a group of 

250 children. There is a problem with this, since the treatment is only of children 

under 7 years old; this means that there is an unknown number of children who are 

infected but not treated, and these children will cause reinfection of the treated 

children. 

Figure 21 shows the way in which the individuals move between the infected and 

susceptible states over a period of 8 weeks. Tests were performed at baseline, after 

two weeks, four weeks, and at 8 weeks. The label +ve denotes individuals that are 

infected and -ve denotes those that are not. At each test, a number of individuals are 

unavailable for testing, and a number of individuals have become available for testing 

having been unavailable at the previous test. In the figure these paths are represented 

as arrowed lines leading from one time-point to the next; the lines entering and 

leaving the system represent people who entered and left the system between tests. 

The figure has four rows which show the changes between all the surveys. 
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Baseline Two weeks Four weeks Eight weeks 
5 

Figure 21 - Flow of initially infected individuals over 8 week period. 

From Figure 21 we can obtain the proportion of the selected population that is 

infected at each observed point and these proportions are given in Table 7. 

Baseline Two weeks Four weeks Eight weeks 

Proportion 0.477 0.088 0.038 0.241 

Table 7 - Proportion diseased at each examination 

It can seen that the proportion of the selected group who are infected declines until 

sometime between the fourth week and the eighth week, but then increases up to the 

eighth week. This is the type of behaviour that would be expected; the level of 

infection is reduced in the village, but the infection is not eradicated, and as a 

consequence, the infection returns. 

If we take the baseline proportion of the village that are infected as the steady state, 

and assume that at time zero ( our definition of four weeks after the start of the 

intervention - the start of the return to the baseline prevalence), 4% of the village are 

infected, and at time t=4, 24% of the village are infected; then we can solve the 

equations above to provide an estimate of the duration of infection and the contact 

rate. We can estimate that X=1.26 and the duration of infection is 1.5 weeks. 
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Using equation 53, the incidence rate can be calculated as about 16 infections per 

person per year. 

13.2.3 Sensitivity analysis 

It is easy to examine the equations and show that: 

• As the initial level of infection increases, the mean duration increases. 

• As the interval between inspections (t) increases, the mean duration increases. 

• As the lowest time zero level of infection increases, the duration mean increases. 

• As the final level of infection increases, the mean duration decreases. 

One of the criticisms that can be made about the data is that the intervention is only 

for a selected group of children. It is possible to envisage that there are a large number 

of infectives who were not treated. There are a number of scenarios that might be 

appropriate. For example an equal population that was not treated which had a 

prevalence of 10%, or 50%, or a larger population with a prevalence of 10% or 50%. 

It is possible to recalculate appropriate measures for the total prevalence using these 

additional prevalences. Table 8 summarises the effect of these changes on the rate of 

infection and the duration of infection. 

Equal population size 30% old population to 70% new 

10% 50% 10% 50% 

prevalence prevalence prevalence prevalence 

Rate of infection 1.311 0.511 1.4 0.4 

Duration (weeks) 1.07 3.74 0.9 4.95 

Table 8- Different rates and durations of infection. 

It can be seen that the model is not very sensitive to changes in the overall prevalence, 

and it is easy to show that a severe change in the relative prevalences is required in 

order to make the duration approach the length that is suggested by analysis of the 

more detailed Jali data. 
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13.2.4 Time to reach previous steady state 

A key parameter for any intervention is the duration of time for which the intervention 

will last. Equation 51 gives the time evolution of the prevalence of infection. It is easy 

to show that it will take infinite time for the system to reach the steady state 

prevalence. However the infection process is, in reality, stochastic and because of this 

it is reasonable to consider the time it takes to approach the steady state prevalence. If 

Q denotes the proportion of the steady state prevalence that is required, then it is easy 

to obtain equation 54 relating the initial prevalence, I, rate of infection, X, and rate of 

loss of infection, |i. 

' WXl-6) " 
(/L-ju)ln 

Q[X -/i- III) 

13.2.5 Use of estimate of time to reach steady state 

In the above analysis of interventions, estimates of the rate of infection and duration of 

infection were obtained. The rate of infection was 1.26, and the rate of loss of 

infection was 0.67. The initial prevalence of infection at time zero was 0.04. Using 

equation 54, it is possible to obtain estimates of the time taken for the prevalence to 

reach 95% of its steady state value and 99% of its steady state value, as presented in 

the Table 9. 

Time to reach 95% of original prevalence 8.87 Weeks 

Time to reach 99% of steady state prevalence 11.65 Weeks 

Table 9 - Time to reach a proportion of the steady state prevalence 

The results from this table suggest that after 2 to 3 months, the reduction in prevalence 

caused by this chemotherapy intervention will have disappeared. 

13.2.6 Comparison with interventions in Jali 

13.2.6.1 Estimates of time to return to steady state in Jail 

For comparison, it is interesting to examine the results that would be obtained from 

the characteristics of infection shown by the rate and duration of infection from Jali, in 
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the Gambia. Analysis performed on data from Jali has yielded a number of estimates 

for the duration of infection and rates of infection; these are summaried in Tables 11, 

12, 13, and 14. In order to compare similar age groups in Jali and Tanzania, the results 

obtained for the 0-4 age group can be used. 

In the case of microbiological infections, the rate of infection is 0.22 and the duration 

of infection is 6 weeks, for clinical infection, the rate of infection is 0.138 and the 

duration of clinical signs is 14 weeks. Again these can be evaluated for the time taken 

to reach 95% and 99% of the steady state prevalence as shown in Table 10. 

Clinical Microbiological 

95% of prevalence 79 Weeks 86 Weeks 

99% of prevalence 103 Weeks 117 Weeks 

Table 10 - Time to steady state prevalence from Jali data. 

The time taken to return to equilibrium is longer for the Jali data than it is for the 

Tanzanian data. It is therefore probable that interventions in Jali will enjoy a longer 

period of effectiveness than interventions in Tanzania. 

13.2.6.2 Analysis of post-intervention Jali data 

In Figure 22 the prevalence of active disease (clinical signs of infection - not the 

actual prevalence of infection which is not available for all the surveys) is shown for 

all the complete surveys. The gaps in the line correspond to two partial surveys of the 

village which are not shown. After the third complete survey (at 20 months) of the 

village, all the active cases were treated, so the subsequent levels of infection are post 

treatment levels. 
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Figure 22 - Prevalence of active disease in Jali since November 1984. 

An estimate for the mean prevalence can be obtained by averaging the first three 

values. This suggests that the mean prevalence is 14.1%. The mean duration of a 

single episode of active disease is 10.8 weeks as estimated in Table 11. It is easy to 

calculate that the corresponding rate of infection must be 0.1088. 

Now there is no survey that gives details of the number of people successfully cured 

and the remaining prevalence of infection. However, it is possible to use equation 54 

to estimate a value for the initial prevalence given that we know the prevalence at the 

survey after the intervention. A reasonable estimate for the initial prevalence is 3%. 

From this initial prevalence and the parameters outlined above it is possible to 

calculate the expected time at which the population would reach certain prevalences 

and compare that with the time that the population actually reached the prevalences; 

as shown in Figure 23. 
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Figure 23 - Prediction from model versus actual data. 

13.2.7 Discussion of post-intervention estimates of 
prevalence 

The figures obtained for the rate and duration of infection from the intervention data 

calculated for Tanzania do not correspond to the figures for Jali. However the values 

are of a similar order of magnitude (1.5 weeks duration of infection as opposed to 6 

weeks). The calculation of the time until the steady state is almost reached 

demonstrates that there is a significant difference between the two areas. 

One possible explanation for this is that the infection has vastly different 

characteristics in the two areas. This seems possible since the prevalences are different 

and this will result in different incidence and consequently the immune systems in the 

two areas will have a different "training" and will therefore have different reactions 

and this will result in the disease being different. It is almost undoubtedly this 

environmental difference which causes the variation. 
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An alternative explanation is that there are more external factors that have not been 

incorporated into the model of the disease, and once they have been, the parameters 

will come out as different values or perhaps have a common explaining variable. 

Undoubtedly the infection process is more complex than is modelled; the model 

represents the simplest available. However it makes few assumptions about the 

infection process and is probably almost correct. The sensitivity analysis has 

demonstrated that the data are not distorted to fit the model and that the results of the 

model are reasonable given the initial assumptions. 

There are obviously some questions raised by the selective treatment of people, and 

whether any results can be extrapolated from these data. The sensitivity analysis has 

shown that the selection of the people treated does not greatly influence the results. 

However it is possible that in the case of the intervention data, the fast return to the 

initial prevalence of the population is due to the number of infectives not treated, but 

this still produces results of a similar order of magnitude, and therefore suggests that 

the initial results are meaningful. If the treatment was not successful and resulted in 

the reduction of the level of infection within individuals for a temporary period of 

time, but did not eradicate the infection within each individual, then the fast return of 

the infection could be explained as the infection becoming active again having never 

left the person. Then the return would not have to rely on the transmission of 

infection, and the prevalence would quickly return to steady state. 

From the examination of the interventions in Jali, it can be seen that the model and the 

actual data provide a reasonable match, although the model predicts a faster return to 

equilibrium than is the case. This suggests that the estimates of duration and infection 

rates are reasonable. 

It does appear that the prevalence obtained in the final survey of Jali is very high at 

20%; whether this is a random effect or not is difficult to ascertain. It is important to 

realise that the model would anticipate a prevalence of 14.2% which is lower than the 

final prevalence observed. There are two questions that this raises: Is the mean 

prevalence higher than 14.1%? How did the prevalence increase so much in such a 

short time? If this new prevalence point is included in the calculation of the mean 

prevalence, then the mean prevalence will increase to 16.2%, which is not a great 
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increase. However, since the prevalence has increased to more than the expected 

mean, it opens the possibility of the previous surveys perhaps being too low, and it 

may be that the village has already reached equilibrium at a lower level because of 

environmental factors which cause the prevalence to be suppressed. However, there 

are no further data to enable exploration of the possible explanations for the sudden 

change in prevalence, and so it is necessary to conclude that there is a reasonable fit 

from the model and data to the real world, although there seems to be a sudden change 

in the prevalence of the infection in the reality. 

13.3 Estimating the duration, incidence, and probability of 
infection from point samples of the Jail population. 

13.3.1 Introduction to point samples 

An episode of infection has a duration. In order to assess the duration of disease it is 

either necessary to observe continuously, or to observe at intervals. Continuous 

observation is difficult to manage, particularly on a large population of individuals; 

however, inspecting individuals at regular intervals is easier to achieve. The process 

will provide a set of point observations which can be used to determine the prevalence 

of infection within a community, and also can be used to estimate the duration of 

infection. 

However, infections that do not confer resistance to reinfection add an additional level 

of complexity. Two subsequent observations of infectivity can either be the same 

infection, or two separate infections. If the interval between inspections is too great, 

the observations of infection may not even come from consecutive infections. 

Observing the population at short intervals is a very labour intensive problem, so there 

is a trade-off between accuracy and the resources available for observation purposes. 

13.3.2 Description of point samples from Jali population 

The study period consisted of 13 examinations at fortnightly intervals from April 1991 

to November 1991. Some of the examinations were not carried out because of the 

temporary absence of the subjects, resulting in missing data values. 
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At each examination, clinical disease status was recorded and eye swabs were 

processed for laboratory evidence of chlamydial infection. Thus each person within 

the data set has two sequences to describe the period under study. One relating to the 

clinical signs of disease, and the other to evidence of infection. 

13.3.3 Assumptions 

• Each sample from an individual can have one of two values, either positive or 

negative, corresponding to the individual being infected or susceptible. 

• Sampling errors are not considered. The datum that needs to be collected from the 

population is the transition matrix that the observation of an individual at two 

consecutive time points makes. 

Let njj represent the number of observations of an individual moving from state i to 

state j. Let + represent the state of being infected, and - represent the state of not being 

infected. For example n+_ represents the number of people losing the infection. 

• If an observation is missing and there is no correlation between the data being 

missing and the state of the individual, then the missing observation does not 

cause any bias to the result. This is important because each data pair used is 

considered to be of equal merit, and the missing observations can only be excluded 

if the they are random. 

• A simplifying assumption, that the duration of infection can be represented by a 

negative exponential distribution, is used. The reason for this is that the 

distribution has a constant hazard rate function and this allows the point samples 

to be considered as independent of time since the start of the infection. 

• It is assumed that the inspection interval is of short enough duration that the 

probability of re-infection within the inspection interval is negligible. 

• The probability of infection is assumed to depend only on a constant transmission 

probability, and the prevalence of the infection. The probability of infection does 

not change as a direct function of time, only as a function of the prevalence (which 

may vary with time). 
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• However, it is assumed that over the period of inspection, the prevalence of 

infection does not change. 

13.3.4 Model 

If the duration of infection is a negative exponential distribution with mean V , then 

/ ̂  

the probability of a person losing the infection in a time period of length d, can be 

calculated as in equation 55. 

= (55) 

If we denote the prevalence by p within the population (or part thereof) of interest, 

the transmission probability of infection by p, the number of people in the population 

by N, and the rate of loss of infection by |i, then we can obtain first order 

approximations to the numbers of people undergoing the four transitions as outlined 

above. 

It is important to observe that if the probability of becoming infected at a particular 

instant of time is pp, then the time between infections is a negative exponential 

distribution with mean l/(pp). 

ML- := (5()) 

(57) 

M++ (5!)) 

It is possible to solve equations 57 and 59 in order to obtain an equation for the 

rate of loss of infectiveness. 

f 
n ++ 

(60) 
a 
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A similar process can be followed to estimate the probability of transmission. 

Inf 

(61) 
dp 

The results governing the duration of infection and the duration of time between 

infections might be biased due to the prevalence in the sampled population. For 

example, if the prevalence in the sampled population is higher than that in the total 

population then as a consequence the incidence will be higher and so the interval 

between infections will be shorter. Since we have assumed that the time interval 

between inspections is small enough to distinguish multiple infections, then we can 

expect to observe a reasonably correct value for the duration of infection. If we 

sample the time between infections, this will be shorter than expected because of the 

high prevalence. Since the prevalence is known, and the duration can be estimated 

with a reasonable degree of accuracy, then we should be able to use this information 

to obtain a better approximation for the probability of infection. If we take equations 

56 to 59 and convert them into the equivalent differential equations, we obtain: 

^ ^ ^ N { \ - p ) p p - N p i i (62) 

Assuming, as explained, that there is no overall change in the prevalence. Equation 

62 represents the rate of change of the number of infectives in the population. This 

equation can be solved to obtain a function for p, the transmission probability. 

- - ^ (63) 
(1 -p ) 

This equation is a better estimate for the probability of infection because it does not 

rely on the observations from a small sample of the population and instead works 

over the prevalence of the entire population. 

The interval between infections is: 

Interval = — (64) 
PP 
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The incidence of the population can be defined as the number of complete infected -

susceptible cycles that can be performed in a single year for a group of 1000 people. 

This is the incidence rate of the infection per 1000 people per year. So this rate can be 

calculated as follows: 

Incidence = 
52000 

(65) 

13.3.5 Results from Jali data 

Table 11 gives the mean duration of clinical signs as calculated from the Jali data. 

Table 12 shows the duration of microbiologically detectable infection. There is an 

important difference between these two values. The clinical signs of infection are 

observable without special equipment and represent the body's reaction to infection. 

The microbiologically detectable infection is a laboratory test of the individual. The 

test determines whether the infection is present or not. The clinical signs of infection 

may have a slight time delay before they appear after the individual has become 

infected, and since they are of an inflammatory nature, there will also be a time delay 

after the infection is over before the clinical signs disappear. Of course these time 

delays mean that it is possible for the clinical signs of infection to be caused by 

several consecutive infections. In summary the clinical signs of infection may take 

longer to disappear after the end of the infection, and because of this they may appear 

longer than they should be because of subsequent infections. 

Male Female Total 

Age 0-4 11.9 18.2 14.0 

Age 5-14 7.7 18.4 11.8 

Age 15+ 2.0 2.0 

Total 9.8 11.9 10.8 

Table 11 - Mean duration of clinical signs of infection. 
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Male Female Total 

Age 0-4 5.1 7.8 6.1 

Age 5-14 2.1 5.4 3.8 

Age 15+ 1.3 1.3 

Total 3.6 5.0 4.3 

Table 12 - Mean duration of microbiologically detectable infection. 

Tables 13 and 14 give the prevalences of clinical signs and microbiologically 

detectable infection. (Insufficient data were available to provide estimates of duration 

for the 15+ male age group, however prevalence data were available for this group.) 

These will be used in order to calculate the probability of infection in Tables 15 and 

16. 

Male Female Total 

Age 0-4 34/69=0.49 29/62=0.47 63/131=0.48 

Age 5-14 25/130=0.19 20/97=0.21 45/227=0.20 

Age 15+ 2/93=0.02 14/235=0.06 16/328=0.05 

Total 61/292=0.21 63/294=0.21 124/686=0.18 

Table 13 - Prevalence of clinical signs. 

Male Female Total 

Age 0-4 20/69=0.29 14/62=0.23 34/131=0.26 

Age 5-14 10/130=0.08 3/97=0.03 13/227=0.06 

Age 15+ 4/93=0.04 10/235=0.04 14/328=0.04 

Total 34/292=0.12 27/374=0.07 61/686=0.09 

Table 14 - Prevalence of microbiologically detectable infection. 

Tables 15 and 16 use the information presented in Tables 13 and 14 together with 

equation 63 to obtain the transmission probability of clinical disease and the 

transmission probability of microbiological infection at a particular instant of time. 

These are dubious titles to give the states because clinical disease is caused by 
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microbiological infection and as such has no real probability that is independent from 

the probability of microbiological infection. To obtain the probability of infection at 

an instant of time it is necessary to multiple these values by the prevalence at that 

moment. 

Male Female Total 

Age 0-4 0.166 0.103 0.138 

Age 5-14 0.161 0.069 0.105 

Age 15+ 0.521 0.516 

Total 0.133 0.107 0.113 

Table 15 - Probability of gaining clinical signs of infection. 

Male Female Total 

Age 0-4 0.25 0.166 (1220 

Age 5-14 0^3 0.190 &281 

Age 15+ 0.774 0.774 

Total 0.318 0.255 0.254 

Table 16 - Probability of becoming infected. 

The information in Tables 11 and 15, and 12 and 16 are combined by equation 65 to 

provide the following estimates of the incidence of disease and the incidence of 

infection in Tables 17 and 18. 

Male Female Total 

Age 0-4 2158 1338 1789 

Age 5-14 1306 584 868 

Age 15+ 1519 1244 

Total 1240 935 869 

Table 17 - Incidence of disease (per thousand population per year). 
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Male Female Total 

Age 0-4 2986 1509 2202 

Age 5-14 1947 295 790 

Age 15+ 1639 1644 

Total 1700 2229 1069 

Table 18 - Incidence of infection (per thousand population per year). 

13.3.6 Discussion 

The figures produced in this chapter show good agreement with figures for duration 

and incidence produced using other methods in this report. When used to estimate the 

time taken to return to steady state prevalence after an intervention, the figures also 

give a good agreement. This suggests that they are approximately right. However, they 

are bound to have a large variance - although no estimates of the variance have been 

produced for this method, the estimates for the variance produced for other methods 

of calculation of the duration are large, so it is likely that the variance on these 

estimates will be of a similar order of magnitude. 

The values for the incidence of infection are calculated based on the assumption of a 

population entirely of a single age - gender group. In reality the population is made 

from a mix of people and in order to calculate a true incidence rate, it is necessary to 

model the age - gender distribution of the village in greater detail. The change in the 

calculation will result in probabilities of infection being increased for the high-

prevalence groups and decreased for the low-prevalence groups; the reason being that 

the mean prevalence within the population will be reduced and so the high-prevalence 

groups will have to be infected more frequently in order to maintain a high prevalence 

and the lower-prevalence groups will not need to be infected so often. The method 

behind this is outlined in the following section. 

The cumulative values produced in the tables do not always seem to make sense. The 

reason for this is that the calculations take into account different parts of the data set, 

and the values from these different parts need not behave consistently. In particular 

the 15+ male group does not have sufficient data points to calculate a duration, but 

does have 2 data points, so will contribute a small amount to any grouping which 
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includes the 15+ male group. In general the strange behaviour of the values is due to 

the non-linear nature of the data, and the process of adding two groups with different 

means will result in possibly unpredictable results. 

13.4 Calculation of incidence over a heterogeneous 
population 

13.4.1 Assumptions 

The basic assumptions are similar to those presented in the previous section. However 

we now consider the population to be made up of a number of groups each with its 

own number of infectives and susceptibles. We will use the subscript i to denote a 

particular group. Each group is allowed to have its own duration, jij and its own 

probability of contracting an infection pj. The probability of contracting an infection is 

assumed not to depend on the group that the infection is contracted from, but to only 

depend upon the prevalence of infection within the village as a whole. In this case, p, 

will denote the prevalence in the entire population. If we use n|99 to denote the 

number of people in a particular state then we can obtain the following equations, 

which are approximations for the number changing state in a period of length d: 

(66) 

= (67) 

((58) n 

Using similar methods to those presented previously we can obtain expressions for the 

probability of an infection ending at a particular instant, and the transmission 

probability of the infection from the whole population given contact, pj. As follows: 

^i++ 
/ 

^ . = U-+++"/+-/ (70) 
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The differential equation which represents the instantaneous probabihty of infection 

within each group is as follows: 

dfi 
= (71) 

If we make the approximation that prevalence is constant when the system is in steady 

state then we obtain the following equation: 

Pi (72) 
«,-P 

Equation 72 represents an approximation of the probability of infection. However it 

will be biased if the sample in the group i is not representative of the whole of group i. 

Unfortunately there is nothing that can be done about this problem except improved 

sampling. 

And finally summing the number of new infections per year over all the groups in the 

population, we can obtain an expression for the total incidence (it is relatively easy to 

separate the components which correspond to the incidence of each of the individual 

groups): 

^52000(n;+ +n,._) 

1/ + 1/ 

' = y / ' 0 3 ) 

13.4.2 Results from Jali data 

Using the information presented in Tables 11 and 12 and equation 72, we can 

calculate the probability of infection within a particular group given the proportion 

infected within that group, the duration of infection within that group, and the 

prevalence of infection within the entire population. 
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Male Female Total 

Age 0-4 0.45 0.27 038 

Age 5-14 0.17 0.08 0.12 

Age 15+ 0.18 0.14 

Total 0.15 0.09 0.11 

Table 19 - Probability of gaining clinical signs of disease. 

It is possible to repeat these calculations to obtain the probability of infection for 

microbiologically detectable infection. 

Male Female Total 

Age 0-4 0.90 0.42 0.65 

Age 5-14 0.45 0.07 0.18 

Age 15+ 038 039 

Total 0.42 0.17 &26 

13.4.3 

Table 20 - Probability of becoming of infected. 

Calculation of incidence 

In order to calculate accurate values for the incidence in the population, it is necessary 

to have probabilities of infection for the entire population. It is therefore assumed that 

the duration of infection and clinical signs for the men aged 15+ is the same as for the 

women aged 15+. 

Using the probability of infection data with the duration of infection data in equation 

73 the data in Tables 21 and 22 can be obtained. The tables show the incidences for all 

the age groups using the values from the data, also displayed are the weighted 

incidences calculated using equation 73 on the relevant sections of the data set. 
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Age group Male Female Combined Weighted 

0-4 2153 1336 1830 1767 

5-14 1299 583 874 1231 

15-h 559 1549 1268 1268 

Total 1108 699 870 1272 

Weighted 1265 1278 1272 

Table 21 - Incidences of clinical signs (per thousand people per year). 

Age group Male Female Combined Weighted 

0-4 2955 1505 2212 2269 

5-14 1905 298 784 1218 

15+ 1720 1702 1707 1707 

Total 1682 713 1075 1653 

Weighted 2094 1325 1653 

Table 22 - Incidences of infection (per thousand people per year). 

13.4.4 Discussion 

These are more accurate estimates for the probability of infection, since they take into 

account the actual make up of the population and the different prevalences of infection 

across the age groups. The actual probability of infection for a sub-group of the 

population will reflect the proportion of the population made up by the group, and the 

prevalence of infection within the group. 

Examining Tables 21 and 22, it is apparent that there is a large difference in the 

incidence calculated using the estimates of parameters for population groups and the 

weighted estimates. In particular using estimates of parameters from the data tends to 

underestimate the incidences of infection and disease when compared with the 

weighted estimates. In fact this is to be expected given that there is large variance in 

the duration, so a simple mean estimate of the incidence will not be accurate. 

Examining the estimates of incidence in Tables 17, 18, 21, 22, it is apparent that the 

estimates are of similar orders of magnitude, the major difference being the method of 
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calculating the overall estimates of incidence. It is obvious from the derivation that the 

estimate of incidence produced using weighted incidences will be the best estimate 

available, since this estimate will not be biased because of the large variances in 

duration and population distribution. 

13.5 Modelling the duration of infection in Jali using 
maximum likelihood estimators 

13.5.1 Introduction 

The following section presents an alternative method of calculating the duration of 

infection and other dependant parameters. This method is based on the use of 

maximum likelihood estimators, and is slightly more sophisticated than the previous 

methods. However, the end results are similar. This method also enables the 

estimation of harder to observe parameters like the duration of the time by which 

infection precedes clinical signs and the duration of time that the clinical signs last 

after infection. 

13.5.2 Nature of available data 

The data from the fortnightly cross-sectional surveys of Jali were used for this 

analysis. There are two data sets for each person, one for clinical signs of infection 

and one for microbiological detection of infection. Individuals were selected for study 

on the basis of being either infected or sharing a room with someone who was 

infected; the reason for this was to attempt to improve the number of observations of 

people going from susceptible to infected. 

Each sequence consists of 13 possible observed results, some of which may be 

missing, and at each end of the period of study, the person can be considered to have 

an unknown result. During the study period, an individual may have episodes of 

infection or disease. An episode is the period between two negative results, or 

between the start of the sequence and a negative result, or between a negative result 

and the end of the sequence, or between the start and end of the sequence, provided 

the period contains at least one positive result. 
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Let the total number of episodes observed for all subjects be denoted by n and let i 

denote a particular episode ( i = 1 to n). 

For each episode a maximum duration (in weeks) of that episode, bj is defined as 

follows. If either end point is the start or finish of the sequence, then let bpx (where x 

is a theoretical maximum duration of an episode). If both end points are negative 

results, then let bj=2 * ( xj + 1), where xj is the number of data positions between the 

negative results. The theoretical upper bound is required because both infection and 

disease must end at some point and the upper bound acts as an approximation to that 

event. The value for the upper bound will be discussed further at a later point in this 

chapter. 

For each episode a minimum duration (in weeks) of that episode can be defined as aj. 

Let â  = 2 * (yj - 1), where yj is the longest sequence of positive results during an 

episode. This assumes that the infection or disease does not end and recur in the two 

week interval between observations. Obviously if the disease or infection does end 

and recur between observations, then the duration will be over estimated. 

13.5.3 Estimating the duration of all the states 

There are three possible outcomes of a single clinical examination or of a single 

laboratory test. These outcomes are positive, negative, and unknown. The previous 

section outlines how these three results can be combined to provide a minimum and a 

maximum duration of laboratory positive infection or of clinical signs. 

However there is actually more data available with which to calculate the maximum 

and minimum durations of clinical signs. Clinical signs from several consecutive 

infections can be continuous and because of this, the calculation of duration of clinical 

signs will be the sum of several consecutive infections which will result in a mean 

duration of clinical signs which is greater than the real value. However, if the results 

of the laboratory tests are considered along with the clinical data, these can be used to 

indicate whether an apparently single episode of clinical disease is associated with 

more than one episode of infection. 
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Having included laboratory data, the maximum duration of clinical disease is the total 

length of the clinical signs, calculated as before. The minimum duration of clinical 

signs can be estimated from the maximum length of a group of positive clinical tests 

that does not include a missing test, or another laboratory detected infection occurring. 

The incubation period is the period of time for which an individual is laboratory 

positive for infection, but has no clinical signs, up to the point at which clinical signs 

develop. This is not to be confused with inapparent infection when clinical signs do 

not develop. In cases where the clinical signs and the laboratory evidence of infection 

seem to occur simultaneously, it can be assumed that the incubation period is less than 

two weeks (this being the interval between inspections). 

The duration of disease once laboratory evidence of infection has cleared is the time 

between the end of laboratory positivity and the end of the disease episode. If a patient 

with continuous clinical signs but several episodes of laboratory evidence of infection 

is examined, there is no method by which the incubation period of the subsequent 

infections can be separated from the persistence of the clinical signs. 

It is evident from the above discussion that the incubation period plus the duration of 

clinical signs should equal the duration of laboratory positivity plus the duration of 

clinical signs after the end of laboratory positivity. The following figure. Figure 24, 

summarises this: 

Duration of clincal 
signs after laboratory 

Duration of laboratory positivitv positivity 

Infection episode 

i w 
Incubation 

Duration of clinical signs 

Disease episode 

• 
Time Start 

laboratory 
positivity 

Start 
clinical 
signs 

End 
laboratory 
positivity 

End 
clinical 
signs 

Figure 24 - Infection process. 
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13.5.4 Fitting a Weibull distribution to the durations 

In order to obtain estimates of the duration of the various states, it is necessary to 

assume some shape for the distribution. The Weibull distribution was considered to be 

a suitable distribution to attempt to fit to the data because it has a wide range of 

probability density functions, making it a flexible distribution. It is a two parameter 

distribution, a and (3. a is referred to as the scale parameter and (3 as the shape 

parameter. The probability density function of the Weibull distribution is given by 

equation 74: 

/ ( f ) = > 0, > 0,« > 0 (74) 

The mean, |i, is given by equation 75; 

(75) 

Medically, it is reasonable for the distribution to have an increasing hazard rate 

function, this corresponds to a value of p greater than one. The hazard rate function of 

a distribution shows how the probability of leaving the state behaves as the length of 

time in the state increases. An increasing hazard rate means that the longer the 

individual has been in the state, the more likely they are to leave it in the next time 

unit; a decreasing hazard rate would imply the opposite, that the longer an individual 

is in the state, the more likely they are to remain so. A value of (3=1 gives the negative 

exponential distribution, which has a constant hazard rate function; this gives the 

negative exponential distribution the property that the probability of leaving the state 

in the next time unit is independent of the time that the individual has spent in it 

already. 

The hazard rate function of a distribution, is defined as follows: 
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Where f(t) represents the probability density function, and F(t) represents the 

cumulative distribution function of the distribution. 

For the episodes described earlier, the Weibull distribution gives a likelihood value: 

i = n 
I" -cmf -abf 

I ' 
(=1 V 

(77) 

Which can be fitted to the data by maximising the likelihood function and solving for 

a and p. 

When the Weibull distribution was fitted to the data it produced values of |3 close to 

one. This suggests the use of the negative exponential distribution, which has a 

constant hazard rate. However the negative exponential distribution can be modified 

to have an increasing hazard rate by imposing a maximum duration. 

13.5.5 Fitting a modified negative exponential distribution 

It was felt that a modified negative exponential distribution was a more appropriate 

description of the duration of infection than a negative exponential distribution. The 

probability density function and mean of the modified negative exponential 

distribution are given in equations 78 and 79, where 1 is the assumed upper bound on 

the duration: 

/"(f) = ,0 < T ("78) 
1 - e 

Note that in equation 79, the mean tends to 1/A, as T increases. 

hi the case of the modified negative exponential distribution the hazard rate function 

is shown in equation 80: 

(80) 
1 — C 
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It can been seen that h(t) is an increasing function of t. 

Producing and solving the maximum likelihood equation for the modified exponential 

distribution leads to the following result: 

This can be solved to obtain a value for X and hence for the mean value |i. 

However, this method does not have a satisfactory method for calculating the upper 

bound on the duration of the infection, x. x is used as the upper bound on the duration 

of a single episode in the case where the end of the episode is outside the range of the 

data collected, and also x is used to put an upper bound on the possible duration of the 

infection. Both of these tasks are complementary; x always represents the maximum 

possible duration. However, one value for x might introduce bias into the values for 

the mean. A value of x too large could cause the mean to be biased towards a larger 

value, and a value of x too small could reduce the mean. 

In order to avoid the problem with x, the fitting used a two stage approach. In the first 

stage, the values of bj were given a large upper bound such that the value of the 

reciprocal exponential term in the maximum likelihood function can be considered to 

be zero - this effectively means that there was an infinite upper bound, which is 

certain to increase the mean duration of the observations of lengths of stay where no 

upper bound was observed. This 'infinite' upper bound will result in there being a bias 

in the mean, making it take a larger value than it should; in order to reduce this, a 

second stage of fitting was used. 

In the second stage the upper bound is replaced with the value calculated using the 

99% point of the distribution obtained from the first stage, and the mean is 

recalculated. This second stage procedure cuts off the extreme part of the original 

distribution which will contribute most to the bias of the duration. 

An estimate of the variance of A, can also be calculated. Since the exact distribution of 

bj and aj are not known and therefore estimated values cannot be obtained; the values 
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from the data must be used along with the estimate of the value of X obtained from 

equation 81 to calculate an estimate of the variance. Equation 82 is an equation for the 

variance of X. Using bounds obtained from equation 82, we can estimate the 

corresponding values for confidence intervals of the duration from equation 79. 

= • 
1 

(82) 

13.5.6 Results 

Tables 23 to 26 show the durations of the various states of the disease in weeks 

estimated using a modified negative exponential fit of the data. The values in brackets 

indicate the approximate 95% confidence intervals, the number of observations, and 

the upper limit on the length of the infection. 

Male Female Total 

Age 0-4 13.9(9.2-23.2) 

(n=30) (x=66.8) 

19.5(11.5-39.2) 

(n=25)(x=93.7) 

15.9(11.3-23.9) 

(n=55)(T=76.2) 

Age 5-14 6.8(4.6-10.0) 

(n=32)(T=32.6) 

16.3(10.3-29.5) 

(n=27)(T=78.0) 

10.5(7.7-15.1) 

(n=59)(T=50.2) 

Age 15+ (n=0) 2.7(1.7-4.6) 

(n=21)(T=12.3) 

2.7(1.7-4.6) 

(n=21)(T=12.3) 

Total 10.0(7.5-14.1) 

(n=62)(x=48.1) 

10.4(7.9-14.4) 

(n=73)(T=50.1) 

10.2(8.3-12.9) 

(n=135)(T=49.2) 

Table 23 - Duration of clinical signs of infection in weeks, having attempted to 

separate individual laboratory detected infections. 
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Male Female Total 

Age 0-4 17.6(11.7-29.3) 

(n=30)(x=84.7) 

23.8(14.0-47.7) 

(n=25)(x= 114.2) 

19.7(14.1-29.7) 

(n=55)(T=95.0) 

Age 5-14 9.5(6.5-15.2) 

(n=32)(x=46.1) 

22.9(14.4-41.0) 

(n=27)(t=109.3) 

14.7(10.8-21.0) 

(n=59)(T=70.6) 

Age 15+ (n=0) 2.7(1.7-4.6) 

(n=21)(t=12.3) 

2.7(1.7-4.6) 

(n=21)(x=12.3) 

Total 13.1(9.9-18.4) 

(n=62)(T=63.5) 

13.8(10.1-18.3) 

(n=73)(T=64.2) 

13.2(10.8-16.6) 

(n=135)(T=63.9) 

Table 24 - Duration of clinical signs of infection in weeks, without attempting to 

separate individual laboratory detected infections. 

In Table 24, the number of infections are the same as those in the Table 23 as there are 

a constant number of periods of positive clinical signs, however the method by which 

the duration of clinical signs is calculated has changed. Table 23 takes into account 

the additional information that the laboratory data gives us, in that a negative 

laboratory result means that the clinical signs might be the result of a separate 

infection. 

Male Female Total 

Age 0-4 7.3(5.1-11.1) 

(n=32)(T=35.5) 

13.1(8.3-23.6) 

(n=29)(T=63.0) 

9.2(7.0-13.1) 

(n=61)(x=45.0) 

Age 5-14 3.1(2.2-4.7) 

(n=39)(T=12.1) 

6.5(4.7-9.5) 

(n=40)(x=30.3) 

4.9(3.8-6.4) 

(n=79)(x=22.6) 

Age 15+ (n=l) 2.2(1.3-3.9) 

(n=26)(x=9.7) 

2.2(1.3-3.9) 

(n=27)(x^9.6) 

Total 4.8(3.7-6.4) 

(n=72)(x=23.5) 

6.4(5.1-8.3) 

(n=95)(x=30.6) 

5.7(4.8-6.9) 

(n=167)(x=27.7) 

Table 25 - Duration of laboratory detectable infection. 
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Male Female Total 

Age 0-4 3.2(2.2-4.9) 

(n=30)(T=14.7) 

2.4(1.4-4.8) 

(n=22)(x=ll.l) 

2.9(2.1-4.3) 

(n=52)(x=13.7) 

Age 5-14 2.6(1.7-4.3) 

(n=27)(t=11.9) 

2.6(1.6-4.6) 

(n=26)(T=12.2) 

2.6(1.9-3.8) 

(n=53)(T=12.0) 

Age 15+ (n=0) 2.0(1.2-3.5) 

(n=20)(x=8.8) 

2.0(1.2-3.5) 

(n=20)(T=8.8) 

Total 2.9(2.2-4.0) 

(n=57)(x=13.4) 

2.3(1.7-3.2) 

(n=68)(t=10.5) 

2.6(2.1-3.3) 

(n=125)(T=12.0) 

Table 26 - Duration of clinical signs of disease after the end of laboratory 

detectable positivity. 

13.5.7 Discussion of results 

All of the results (including the negative exponential fit without modification) 

indicated means of about the same value; this indicates that the results produced are 

probably of the correct order of magnitude. 

It is visible in Tables 23, 24, and 25 that the durations are gender dependent, although 

the results are not significant at the 5% level. In the same tables, there is some 

statistically significant evidence that the durations depend on age. Certainly the age 

15+ group have a significantly shorter duration than both the 0-4 age group and the 5-

14 age group in most cases. However the results indicate that the durations in the 0-4 

age group are longer than those in the 5-14 age group, although not statistically 

significantly. 

The calculation of the duration of the incubation period, that is the time that the 

microbiological infection predates the clinical signs, showed that the mean value in all 

cases was zero. This suggests that the incubation period is undetectable using a two 

week sampling interval and therefore that the duration is less than two weeks. 
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Examination of Tables 23 to 25, will show that the results do not fit the relationship 

depicted in Figure 24. This is not a surprising result since the data used to calculate 

the independent durations have often come from different episodes of disease. 

A factor that complicates the interpretation of results is the problem of consecutive 

infections. It is possible for the gap between infections either to be unobservable since 

it occurs during the interval between inspections. In this case longer durations could 

be the result of frequent reinfection. 

13.5.8 Use of the estimates of duration to calculate 
incidence 

The incidence of the infection, which can be defined as the number of episodes of 

infection per thousand population per year is an important statistic. Assuming constant 

incidence, we can examine the number of cases present in the population and from 

that calculate the minimum number of new cases needed to replace them as they 

recover in order to sustain the number of infectives. The formula reflecting this is; 

Number of cases 

Incidence per thousand per year = relevant population . (83) 

Where E(T) is the expected duration of infection in weeks. 

From Table 13 and the duration of clinical signs calculated in Table 23, the following 

table can be derived. In this table and those following, the mean duration for the 15+ 

male group is not available from the available data sets and so the category is empty 

(since the male and female durations are very different in the age groups which are 

available). It can be seen that the overall combined incidence of active trachoma 

reduces rapidly with age. 
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Male incidence Female incidence Combined incidence 

Age 0-4 1843 1247 1573 

Age 5-14 1471 658 982 

Age 15+ - 1147 939 

All ages 1086 799 922 

Table 27 - Estimates of number of episodes of active trachoma per thousand 

people per year. 

The same calculations can be performed for the laboratory criteria of chlamydial 

infection to derive the incidence of infection. 

Male incidence Female incidence Combined incidence 

Age 0-4 1484 896 1467 

Age 5-14 1290 247 608 

Age 15+ - 1006 1009 

All ages 1261 587 811 

Table 28 - Estimates of the number of episodes of ocular chlamydial infection per 

thousand people per year. 

13.5.9 Discussion of incidence 

From Tables 27 and 28, it is apparent that the incidence calculated for females is less 

than that calculated for men. It is generally thought that the infection will be more 

frequent in women, and this counter intuitive result suggests that the two week 

sampling is not picking up all the episodes of infection. 

It is possible that errors in the estimation process may be arising because: 

• The sample size is too small. 

• The durations for the sub-populations (who were selected on criteria which related 

to being at higher risk of infection because of sharing a room with an infected case) 

were not typical of those of the entire population. 
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It is very likely that the parameters calculated for the village of Jali, where these data 

were collected, are not generalisable to other places. However they may give a guide 

to the expected values for villages with similar prevalences. As mentioned previously, 

the data suggest that duration depends on age. If duration does reduce with age, it is 

not clear if the mechanism for this reduction is number of infections or the action of 

the immune system. If the mechanism is the number of infections, then an area with a 

higher incidence rate at younger ages will have a sharper drop in duration with age; so 

depending on the endemicity, the duration and incidence rates will change. 

An interesting point is that the incidence rates in Tables 27 and 28 almost seem 

independent of age. There is not much change in incidence between the 0-4 age group 

and the 15+ age group. This is a surprising result since the prevalence in the young 

age group is so much higher. This result suggests that the duration of disease is 

actually shorter in the younger age groups, or longer in the older age groups than is 

obtained from the data; this result suggests that some of the gaps between infections 

are missing from the data. 

Comparing Tables 27 and 28 it is apparent that the incidence rates calculated are 

similar for both the clinical and microbiological data sets. 

13.6 Conclusion 

In this section we have produced estimates for the duration of both the clinical signs 

of trachoma, and for the duration of the chlamydial infection which gave rise to these 

signs. Nevertheless a reasonable estimate for the average duration of clinical infection 

is 15 weeks. However there is significant evidence that the duration of the clinical 

signs depends on the age of the individual. Some of the age dependence may be due to 

the scarcity of data, but the duration of clinical signs may reduce with age as the 

individual's immune system becomes less sensitive to infection. 

For chlamydial infection, we have estimated the mean as being 7 weeks. This is 

significantly less than the duration of the clinical signs, but from tests for chlamydial 

antigen positivity, this is to be expected. Longitudinal observations have clearly 

shown that clinical signs appear after the initial infection but last substantially longer 

Estimation of duration of infection Page 100 



Modelling of infectious disease 

than the infection (Ward et al (1990)). Again the data indicate that the duration of 

chlamydial infection is age dependent. 

Since there are no equivalent data sets available for regions with different 

endemicities of trachoma, it is hard to determine how much the reduction in duration 

of infection with age is a natural consequence of the ageing process and how much the 

reduction is due to repeat infections. If the number of infections has a large effect on 

the duration of infection, and age is purely a surrogate measure of this, then the 

duration of infection derived in this paper is not generalisable. 

Analysis of the data on the number of episodes of infection per year is interesting. 

There is an unexpected difference in the incidence for males and females; the 

incidence in females is lower. This is a surprising result in that it is often thought that 

the incidence should be higher in females. A possible explanation for this is that the 

duration of infection for women is the result of several consecutive episodes of 

infection and the data are not of sufficient resolution to separate them. 
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14. Data analysis for the consequences of infection. 

Objectives of chapter: 

• To attempt to model the age prevalence of the consequences of infection. 

• To obtain descriptive parameters for the consequences of infection. 

14.1 Introduction 

The consequences of infection are important. The number of people corneally scarred 

and blinded by trachoma are important statistics; this chapter derives estimates for the 

incidence rates for scarring, trichiasis, and blindness from trachoma. 

The first Jali survey in November 1984 is used to obtain data on the prevalence of 

trichiasis and corneal opacity. After this survey, the individuals were treated and 

consequently the data are no longer suitable for providing estimates of rates of 

consequences of infections. 

The Jali survey was a cross-sectional survey; it tells us a great deal about the 

proportion of people in each age group with certain characteristics, but does not tell us 

anything about the progression of individuals from state to state. 

The important measurements obtainable from the survey are: 

• Clinical evidence of infection. 

• Clinical evidence of scarring. 

• Clinical evidence of trichiasis. 

• Clinical evidence of corneal opacity. 

Figure 25 shows the prevalences of all of these clinical conditions for all age groups. 
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0-4 15-19 30-34 45-49 60-64 75-79 
5-9 20-24 35-39 50-54 65-69 80-84 

10-14 25-29 40-44 55-59 70-74 85-89 
Age group 

• Clinical disease — S c a r r i n g — T r i c h i a s i s 

• Corneal opacity — Microbiological infection 

Figure 25 - Age prevalence of clinical conditions. 

An examination of Figure 25 suggests the following observations. It is important to 

realise that the number of people aged 75 or more is small (11 people) and so the 

figures for this age group are unreliable. 

• The proportion of people with scarring seems to increase linearly up to the age of 

50 years, and then increase at a slower rate. 

• The proportion of people with clinical signs of infection is greatest under the age 

of 20 with small numbers of people clinically positive after that. 

• At about 20 years of age, the prevalence of trichiasis in the population starts to 

increase. 

• Corneal opacity also seems to become more prevalent after the age of 20. 

What is interesting about these figures is that the changes occur after the period of 

highest prevalances of clinical signs of infection. There are several possible 

explanations: 
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• High levels of scarring (etc.) are observed in the older population because they had 

higher levels of disease when they were younger and the process that we are 

observing is caused by the disease dying out. In other words, the drop in scarring 

and trichiasis is because the disease is being eradicated rather than an ageing 

process. It is probable that over time the level of disease is reducing in general (for 

example the way that the disease died out in London at the turn of the century), 

however there is no evidence that this is happening significantly in the Gambia. 

(For example the survey of Jali in April 1991 found 141/709 (20%) infected, the 

original Jali survey in November 1984 found 96/825 (12%) infected.) 

• There is inapparent infection driving the scarring. However it is important to 

realise that the incidence calculated elsewhere in this document is highest in the 

youngest age group. It would be natural to expect the highest levels of scarring to 

be in that group. Since scarring seems to occur outside that group, perhaps the 

reason for the scarring is either that inapparent infection does more damage - this 

would seem counter intuitive since inapparent infection causes no symptoms and 

would therefore seem to do no damage; or that there is an ageing process in the 

individual making them more susceptible to damage. 

14.2 Modelling the consequences of infection 

There are three major consequences of infection; 

• Scarring of the eyelid. 

• Trichiasis. 

• Corneal opacity. 

It is accepted that the natural progression is from scarring to trichiasis to corneal 

opacity. It is possible that not all the individuals observed in these states are there 

because of trachoma. Other diseases, such as measles, can cause damage to the eyes. 

However, the data do not show the causes of the states, only the number of people in 

each state. Figure 26 shows the proportion of people in each state by age calculated 

from the Jali data (it should be remembered that the number of people in each age 

group tends to decline with age - this means that the variance increases). 
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Figure 26 - Cross-sectional survey of Jali in November 1984. 

It is obvious from the data presented in Figure 26 that there is considerable variation 

between prevalences in different age groups. What this means is that it is not possible 

to consider the difference between the prevalences in two age groups as being the 

incidence in the interval between the groups; this would result in negative incidences 

for particular pairs of age groups. 

However it is possible to use assumptions based on the disease process to model the 

expected prevalences. Having succeeded in modelling the process, the parameters 

governing the process can be changed to fit the model to the observed data. 

14.3 Assumptions governing model of disease process 

The model of the disease process is governed by a number of assumptions: 

• The number of infections per year (incidence) can be calculated from the 

prevalence of infection and the duration of each infection. 

• The scarring results because of infections. Each infection has a probability of 

causing scarring. Examination of Figure 26 shows that the highest prevalence of 

infection is in the young age group (as would be expected); there is a resultant 

incidence rate, which would cause the infections. Either there is a low incidence 
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resulting from a long duration or there is a lower probability of scarring resulting 

from infections in the younger age group. The latter would be the case if the 

probability of scarring increases with the number of infections. The data analysis 

of duration and the resulting incidence shows that the incidence is not lower for 

children, so this supports the assumption that there is an increasing risk of scarring 

with age. 

• Trichiasis occurs as a result of repeated scarring. This means that every infection 

which causes or increases the level of scarring may also cause trichiasis. As the 

individual ages (ageing is linked to increased exposure to disease and increased 

scarring), the probability of trichiasis increases. 

• Corneal opacity is a result of trichiasis. Corneal opacity is a result of the abrasion 

of the eyelashes on the surface of the eye and this is a process which is 

independent of the infection process. In order to model this, it is assumed that 

there is a constant probability per unit time of a person with trichiasis developing 

corneal opacity. 

• It is assumed that there is no difference in death rates across the states. In other 

words, the presence of corneal opacity does not cause an increased risk of death. If 

it does cause an increased probability of death then there will have to be an 

increased arrival rate into the state to balance the numbers lost through death. This 

is worth bearing in mind, but will not be considered in the subsequent analysis. 

14.4 Formulation as a deterministic model 

The above assumptions can used to construct a simple stochastic model in which in 

the general case, the proportion of people in each state in increasing age groups will 

increase; in other words, the proportion of people in each state will increase with age, 

the proportion in an age group will be the proportion in the previous age group plus 

the number of new arrivals to that state. 
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Calculation of incidence. 

Let In denote the incidence rate (per person) in age group n, let denote the 

proportion of people in age group n who are infected, and let d^ denote the duration of 

infection in age group n. 

P *52 
(84) 

dn 

Calculation of proportion with scarring. 

Let SPn denote the probability of scarring occurring from an infection in age group n, 

let Sn denote the proportion of people in age group n who have scarring. Then the 

proportion with scarring can be calculated as: 

S , = V , + ( l - S „ _ , ) ( l - ( l - S / ' . ) ' " ) (85) 

This shows the proportion of people with scarring resulting from a number of 

infections denoted by the incidence. However the probability of scarring changes as a 

function of age. In order to keep the calculation of the scarring probability as simple as 

possible, a two parameter function was chosen in which the probability increases up to 

a limit. If we denote the maximal probability by SM and a parameter governing the 

rate of change as SR then a suitable function would be: 

SP^=SM* 
- ( l + n ) ^ 

1-e (86) 

• A constant probability of scarring can be caused by a constant incidence and a 

constant scarring probability for each infection. If the probability of scarring is 

constant for each infection, then the level of scarring will increase rapidly during 

the period of high incidence (in children). However it is obvious that this does not 

happen and consequently there must be a increase in the susceptibility of the 

individual to scarring. 

• It is probable that the incidence is not constant, and decreases with age, in this 

case the probability of scarring must increase. 

Calculation of proportion with trichiasis 

In order to for trichiasis to occur, the individual must first have additional scarring and 

this additional scarring will cause trichiasis. Let TP^ denote the probability of 
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trichiasis occurring to a person in age group n given that they have just had additional 

scarring. Let denote the proportion of people with trichiasis. Then the following 

equation governs the process which changes the proportion of people with trichiasis 

with age: 

j ; = + (1 - r._, )(i - (1 - »TP.)'") (87) 

Again the probability of trichiasis can increase with age, and is governed by the 

following equation. Let TM denote the maximum probability of trichiasis for age 

group n, and let TR denote a rate of change for the probability. 

TP„=TM* 
-(!+") 

1-e ™ (88) 

Trichiasis is caused by extensive scarring. Therefore the levels of trichiasis must be 

less than those of scarring as shown in the data, and modelled in equation 85. Detels et 

al (1966) followed people migrating to Canada from a trachoma endemic region and 

showed that these people did not suffer from trichiasis; this suggests that the cause of 

trichiasis is repeated infection and scarring. It is probable that the same ageing process 

is at work with the causation of trichiasis - as people age they become more 

susceptible; however it is harder to draw these details from the data. 

Proportion with corneal opacity. 

The proportion with corneal opacity is calculated, from those with trichiasis, as being 

independent of the infection rate (incidence), so that it purely depends on time, and 

also as being a constant rate of progress (probability of changing), so that the time 

before development of corneal opacity is independent of age. Let the proportion of 

people in age group n with corneal opacity be denoted by CO^ , and let the rate of 

development of corneal opacity be denoted by COR (notice that there is no 

dependency on the age group). The following equation governs the process of 

development of corneal opacity. 

CO,=CO,_,+COR*(T,-CO,_^) (89) 
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Corneal opacity results from the presence of trichiasis, and the continued abrasion of 

the surface of the eye by the eyelashes. This suggests that it is a matter of time before 

the cornea becomes opaque rather than an effect of multiple infection. Probably 

multiple infections will cause more damage to the eyelid and may increase the rate of 

appearance of corneal opacity, but these can be subsumed into the average time to 

corneal opacity. 

14.5 Implementation of simple stochastic model 

These equations are very easy to implement as a model on a computer. It is easy to use 

a spreadsheet, and produce quick graphs of the results predicted by the equations. 

However there are 5 fitting parameters for the model and the optimal fitting of these 

parameters is not an easy task. 

A program AGEPREV.EXE was written in Pascal. The fitting algorithm employed by 

the program is a fitting of the parameters starting with those for scarring, and 

progressing to trichiasis, and finally to corneal opacity. A simple search algorithm is 

used which calculates the fit of the current parameters and examines the fit of 

neighbouring parameters at a defined distance; if none of the adjacent points are 

better, then points at a smaller distance are examined; this is repeated until the 

distance is arbitrarily small. The error in the fit was calculated as a linear (rather than 

squared) function of the absolute distance between the expected value and the 

observed value; this reduces the weight of the large variance in the final proportion 

figures (which are observed on only a few subjects). 

14.6 Results from using Jali prevalence data. 

Figure 27 shows the original data points from the November 1984 Jali survey and the 

predicted curves from the model. 
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Figure 27 - Results of fitting the model to the November 1984 Jali data. 

It is obvious that the model provides a good fit for the data. The following table shows 

the values used for the parameters, with the model being calculated on a yearly basis. 

Parameter Value 

Maximum probability of scarring (SP) 0.01622 

Rate parameter for scarring (SR) 12.10424 

Maximum probability of trichiasis (TP) 0.20258 

Rate parameter for trichiasis (TR) 2.02668 

Probability of corneal opacity (COR) 0.02624 

Table 29 - Fitted values for model. 

The probability of scarring approaches its maximum value at about the age of 70, the 

probability of trichiasis approaches its maximum value at about the age of 10. This 

suggests that the proportion of people with trichiasis is constrained more by the rate of 

scarring than by the rate at which people change from scarring to trichiasis. 

The rate of corneal opacity shown in Table 29 is the proportion of those with trichiasis 

who develop corneal opacity each year; the reciprocal of this value is 38 years, the 

mean time it takes for an individual to develop corneal opacity having developed 
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trichiasis. This result would be impossible to obtain from other sources since it would 

be ethically unsound to follow people in the trichiasis state until they developed 

corneal opacity. 

However, a complication with this result is that it does not take account of increased 

death rates due to blindness. An increased mortality rate for blind individuals will 

require an increased arrival of individuals with consequences of infection in order to 

compensate for the increased mortality. 

14.7 Calculation of incidence rates. 

This modelling approach can be used to calculate the yearly incidence for the states of 

scarring, trichiasis, and corneal opacity. The yearly incidence is the numbers of new 

arrivals into each state. 

Let Nn be the total population in age group n. Let IS denote the yearly incidence of 

scarring. 

K = (90) 

Let IT denote the yearly incidence of trichiasis. 

7̂" = X 'V, (1 - ){l - (1 - )'») (91) 

Let ICO denote the yearly incidence of corneal opacity. 

IC0 = J^N,(T,-C0,_,YC0R (92) 

The values calculated in equations 90 to 92 represent the total number of individuals 

who enter the particular states; these numbers need to be standardised to per thousand 

population in order to be comparable across villages. 
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14.8 Results of incidence calculation 

State Incidence (per thousand population) 

Scarring 13.62 

Trichiasis .426 

Corneal opacity 

Table 30 - Yearly incidence (per thousand population) of states estimated from 

November 1984 survey. 

Table 30 shows the number of people who would be expected to enter the states of 

scarring, trichiasis, and corneal opacity per thousand population per year. 

14.9 Use of data from the Nile delta. 

Courtright et al (1989) published some data on the prevalence of blindness, trichiasis, 

and trachoma in the Nile delta area. Unfortunately the data does not use PGR tests for 

the presence of infection and only presents data on the clinical signs of infection. The 

paper also does not accurately present data on the prevalence of corneal opacity; 

simply stating that corneal opacity accounts for 40% of the blindness. This statement 

was taken to mean that 40% of the reduced vision is due to corneal opacity and that 

this reduced value should be used in any modelling. It was assumed that the 

prevalence of clinical signs was a good approximation for the prevalence of infection; 

this is probably true for children, but there may be a significant reservoir of infection 

which is not apparent in adults. It was also assumed that the same durations applied to 

the Nile delta area as apply to the Gambia. 

There are two ways of using the model; one is to fit the model to the new data and 

obtain corresponding parameters, and the alternative is to try the old parameters 

obtained from the Gambian data on the new prevalence data from the Nile delta. 

Figure 28 and Table 31 show the model fitted to the Nile delta data. 
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Figure 28 - Original data and fitted model from the Nile delta data. 

Parameter Value 

Maximum probability of scarring (SP) 1.0 

Rate parameter for scarring (SR) 948.66203 

Maximum probability of trichiasis (TP) 0.45533 

Rate parameter for trichiasis (TR) 14.17133 

Probability of corneal opacity (COR) 0.00712 

Table 31 - Parameters for fitted Nile delta data. 

State Incidence (per thousand population) 

Scarring 20.55 

Trichiasis 10.49 

Corneal opacity 1.59 

Table 32 - Incidence rates for fitted Nile delta data. 

The use of this procedure provides estimates for the incidence rates. These incidence 

rates are almost independent of the duration chosen for the infection; they depend on 
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the lines of best fit through the data and the numbers of people in each age group. The 

duration is used as a parameter in the determination of the best fit line, having chosen 

a line by some means, the calculation of the incidence rates depends on that line. If the 

line seems a good fit from inspection of the data, then the incidence rate will be 

approximately correct. From this analysis of the data, it seems that there is a mean 

time of 140 years between trichiasis and corneal opacity. 

An alternative way of using the model is to use the new prevalence from the Nile delta 

with the Gambian data for the rates of consequences of infection and this is shown in 

Figure 29. 

i 
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Figure 29 - Nile data modelling using Gambian parameters. 

State Incidence (per thousand population) 

Scarring 18.15 

Trichiasis 5.34 

Corneal opacity 2.17 

Table 33 - Incidence in Nile delta estimated using Gambian parameters. 
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What is interesting about Figure 29 is that the prevalence of trichiasis is very high in 

comparison with what would be expected in from the Gambian parameters. What this 

suggests is that there is a large amount of inapparent infection which causes the high 

rate of trichiasis. This observation is strengthened by the higher than anticipated levels 

of scarring found. It is probably coincidence that there is a good fit between expected 

and observed corneal opacity. 

14.10 Discussion 

This analytical work has demonstrated that it is possible to obtain estimates for the 

incidence of scarring, trichiasis, and blindness. These estimates can be taken to be 

reasonable since they come from a fit of the prevalence data, and the main estimated 

parameter (the duration of infection) is not directly involved. 

It is unfortunate that the data from the Nile delta was not more detailed and did not 

include microbiological samples. However it does provide an interesting study, and 

the incidence results are probably in the correct "ball park". 

It would be surprising to find an exact fit of the model across the two data sets from 

different countries. An exact comparison is impossible because the prevalence data 

from the Nile delta is not microbiological data, also the scarring (for example) may be 

due to other factors like high prevalence of opportunistic infections. The duration of 

time from trichiasis to scarring may be a lot longer than that for the Gambia, but the 

Gambian data was chosen deliberately to be the first survey of the region, and no-one 

in the survey had been treated; it is not possible to determine if people had been 

treated in the Nile delta area. If people had been treated then the expected prevalence 

of corneal opacity would be a lot lower, because the trichiasis would have been 

treated. 

This simple model has amply demonstrated the usefulness of this approach and helped 

to obtain some parameters for a more complete model that would not otherwise have 

been available. It is impossible to determine the mean time to corneal opacity, since 

this is not a parameter that can be observed in the field. It is even quite difficult to 

obtain parameters for the probability of scarring. 

A problem with the use of this model is that it does not take account of any 

differences in mortality rates between groups. Obviously if the blind people die out 

more quickly than the sighted people then in order to maintain a constant proportion 
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of blind to sighted, the rate of incurring blindness must be higher than in a population 

where there is no difference in death rates. Since the change in mortality rates will 

affect all the blind people, there will be a carry through of this effect to the proportion 

of people with scarring and the proportion of people with trichiasis; the probabilities 

of scarring and trichiasis will need to be slightly higher than in the model. The precise 

values for the increase in probability of scarring and trichiasis, and rate of blindness, 

will depend on the reduction in life expectancy for the area. 
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15. Evaluation of socio-economic interventions 

Objective of chapter: 

• To evaluate the effect of changes in risk behaviour on incidence. 

15.1 Introduction 

When an intervention takes place, such as face washing, which changes behaviour 

there can be a change in the long term consequences of the infection. Socio-economic 

intervention may change the numbers of people in a number of risk groups, and the 

prevalence and the incidence of infection within each of the risk groups. Supposing 

that the intervention is face washing and there are a number of groups of people with 

different degrees of cleanliness, and that corresponding to each group, there is a 

prevalence of infection. If we make the further assumption that the consequences of 

infection are a product of the number of infections, each infection has an age 

dependent probability of causing, say, scarring. Now if the intervention changes the 

number of people in each risk group, and the prevalence of infection within each risk 

group, then the incidence within the risk group will change, and as a consequence the 

incidence of scarring will change in a non-linear way. 

15.2 Simple example. 

Suppose that there is a prevalence, p, within the village and that the duration of 

infection is d weeks. It is easy to calculate the incidence of infection per person per 

year, I, as being 

7 = :^^ (93) 
a 

Now for each infection, there is a probability, s, of scarring. So the proportion 

becoming scarred in the year is obtained by the following equation: 

(94) 

Now, suppose there is an intervention which keeps the prevalence of infection within 

the village the same, but causes half of the village to be disease free all the time. 

Obviously the remaining half of the village must have twice the prevalence that it had 
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before in order to keep the overall prevalence constant. It is obvious from equation 93 

that the incidence within this group must also double. There will be no scarring 

resulting from half the village since there is now no longer any infection there to cause 

scarring; however more scarring will result from the other half of the village because 

the incidence within that half of the village will have doubled. The proportion 

becoming scarred each year will now be: 

6^= --'f) 0)5) 

It is obvious from the form of the equations that the two incidences of scarring are 

different. Taking the difference between the two scarring incidences yields the 

following equation. 

M = (96) 

It is easy to show that this equation has only one root as a function of (l - 5) ^ , and 

that the only time the two systems are equal is when either the prevalence of infection 

is zero or the probability of scarring is zero. It is also easy to show that the difference 

is always greater than zero and this demonstrates for this case that the incidence of 

scarring for the whole population is greater than then incidence of scarring would be if 

the population was split into these two risk groups. An explanation for this is that 

within the high prevalence group, there is more chance of scarring, however the 

people with scarring cannot get scarring again so the incidence of new scarring is 

reduced. Obviously if we were to look at trichiasis, which depends on the number of 

times that a person has been scarred, the results will be different. 

This case has been contrived so that the prevalence of infection is constant, in order to 

demonstrate that the effects of a socio-economic change need not produce a linear 

result dependent on the prevalence. In other words, the results of an intervention 

cannot be judged purely in terms of the reduction in prevalence that the intervention 

causes. 

Evaluation of socio-economic interventions Page 118 



Modelling of infectious disease 

15.3 Modelling the effects of a socio-economic intervention 

In the previous chapter a model for the progress of a disease was produced which took 

the prevalence of signs at each age and from it calculated a probability of scarring for 

each infection within the age group, a probability of trichiasis resulting from the 

increase in scarring, and a probability of corneal opacity resulting from the trichiasis. 

These probabilities are calculated for the whole village sharing one prevalence and 

being in the same risk group. A more accurate model would split the village into risk 

groups and calculate the incidences for each risk group - based on the duration of 

infection and prevalence within each risk group. Then this model could be calibrated 

so that the observed levels of scarring, trichiasis, and corneal opacity were estimated 

by the model. Notice that the consequences depend on the age of the individual and 

the number of infections to which they are exposed; this means that the probability of 

a particular consequence does not depend on the risk group of the individual, but of 

course the incidence of a particular consequence within a risk group does depend on 

the particular risk group. So it would be an easy task to calculate parameters which 

relate the probability of consequences to the age of the individual, without any 

reference to the risk group of the individual. Then it is a simple task to compare the 

risk group structure of a population and calculate the incidence of consequences of 

infection resulting from the risk group structure. If a particular intervention is 

designed to reduce the number of people in the "high risk" groups, the resulting 

incidence can be compared with a strategy which attempts to reduce the prevalence of 

infection in the same groups. Using this as a basis, it is possible to compare and 

evaluate the long term consequences of intervention strategies. 

Due to time constraints, it is beyond the scope of this project to produce a package 

which both calibrates itself and calculates the incidence resulting from a particular 

intervention. In the previous chapter a model is produced and implemented which 

calculates the probability of scarring from a single infection, the probability of 

trichiasis, and the duration of time until corneal opacity. These figures are calculated 

on the basis of the whole population, and it is these figures which will need 

recalculation. However the model produced does calculate values for the parameters 

and so the values can be used as starting points for a model which uses risk groups. It 

may also be that the duration of infection depends on past exposure to infection, so 
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perhaps risk groups with high incidence will have shorter durations, but there is no 

data available to test this hypothesis so no account can be taken of this effect. 

Suppose that SPj is the probability of scarring resulting from a single infection at age 

i, TPj is the probability that given an infection results in scarring, trichiasis occurs. Let 

CORj denote the probability that a person with trichiasis becomes comeally opaque. 

Let dj be the duration of infection within age group i. All these parameters can be 

calculated as before. 

For each risk group, r, let pj-j denote the prevalence of infection within age group i. 

Now there is a problem because the prevalence of a particular consequence within an 

age group depends on the incidence within the group and the prevalence coming into 

the group. Obviously the prevalence coming into the group depends on the 

prevalences in the previous year and the way people change between risk groups. 

Since there is no data on the way that people change risk groups, it is assumed that the 

risk groups are made up of a constant proportion of the population. Let pj- denote the 

proportion of the population that is in risk group r, for all ages. This assumption will 

result in a model which is not accurate, however without analysis of changes in risk 

behaviour, it is not possible to be any more detailed. The contradiction that is almost 

certain to occur from this simplification is that the overall prevalence of infection can 

be calculated for a particular risk group, and since people are leaving the risk group 

the overall prevalence of infection within the model of the risk group will not match 

the actual prevalence. What it is possible to do is to change the definitions of risk 

groups at age boundaries and to assume that the matrix which governs the movement 

of people between risk groups is dependent purely on the sizes of the risk groups 

under consideration. An alternative method for estimating the flow of people is to 

assume that unless the prevalence in a particular risk group changes, then the people 

will remain in that risk group, if the prevalence changes then the people will move in 

such a way as to fill in the changes in prevalence in other groups with the minimum of 

movement in those groups (in other words people do not swap risk groups, and only 

move if necessary). 
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For the purposes of this modeUing work, it will be assumed that people remain in risk 

groups. This will be true if the evaluated period is of short duration. 

For each age and risk group it is possible to calculate the incidence of infection, Iji-

4 = - ^ (97) 
d: 

For each age and risk group it is possible to calculate the proportion with scarring, Sji-. 

= (98) 

For each age and risk group it is possible to calculate the proportion with trichiasis, 

Tir-

4 = Ji-v + (1 - - (1 - SP,JP„)'") (99) 

Finally, for each age and risk group, it is possible to calculate the proportion with 

corneal opacity, COjj-

C0„ = co„_,+co/f ,(7; , - co,_„) (100) 

These equations can be implemented on a spreadsheet and it is an easy matter to 

calculate the incidence rates of the states in a similar manner to before. 

15.4 Use of model on Tanzanian data 

There is no data set which examines the risk factors for an entire population, but the 

data set from Tanzania which follows 6 villages for a year does include data on the 

facial cleanliness of children up to seven years in age. The data used was collected a 

year after the initial intervention which was a chemotherapy treatment and the 

initiation of a face-washing programme. Figures 30 and 31 show the data at one year 

split into control and intervention villages. 
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Figure 30 - Prevalence and risk grouping in the control villages. 
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Figure 31 - Prevalence and risk grouping in the intervention villages. 

The bars correspond to the right hand axis and show the proportion of people in each 

of the risk groups. The lines are the prevalences of infection in each of the risk groups. 

The far left group (risk group 0) is missing data for facial cleanliness. The risk groups 
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for facial cleanliness represent an increasing score 1 representing a clean face to 7 

representing a very unclean face. 

It can be seen from the graph that the effect of the intervention was to increase the 

mean facial cleanliness (mean 3.07 versus 3.38 in arbitrary units) and to reduce the 

prevalence of infection in the extreme right risk groups (corresponding to low facial 

cleanliness). The prevalence of infection within the village was reduced during the 

intervention, however the aim of this comparison is to examine the long term effects 

of the two policies rather than to compare prevalence levels. 

15.5 Results of using Tanzanian data 

It was not possible to obtain accurate calibration probabilities for the Tanzanian data 

since the data were only available for the zero to seven years age group, and it would 

be preferable to have data for the entire population. Also there were no data to 

estimate the duration of infection. In order to correct these problems, data were taken 

from the Jali studies to obtain probabilities of scarring, trichiasis, and corneal opacity 

as well as estimates of the duration of infection. All the data were combined with 

equations 97 to 100 to provide estimates of incidence and prevalence. 

The model estimates of incidence of scarring, trichiasis, and corneal opacity are 

shown in Table 34 for both the control villages and the intervention villages. 

Control village Intervention village 

Scarring incidence 9 8.4 

Trichiasis incidence 1.6 1.5 

Corneal opacity incidence 036 0.35 

Table 34 - Incidence rates of consequences of infection per thousand population. 

The Figure 32 shows the total prevalence of scarring predicted by the model compared 

to the total prevalence of scarring observed in the villages. The age groups run from 

zero to 7. The model is reasonably accurate for the higher age groups where the 

combination of prevalence and relevant population has reached a large enough size to 

be observable (in the smaller age groups the expected number of people with trichiasis 
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is often less than one). A more accurate fit of the model might be obtained if further 

data were available to accurately estimate incidences, and durations of infections for 

the age groups. 
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0.04 

0.02 

Model prev H I Data prev 

Figure 32 - Model prevalence of scarring compared to observed prevalence. 

15.6 Discussion 

The data used must really be considered as illustrative data. Ideally the model would 

use data from a single source rather than attempt to combine several sources. This 

model does demonstrate the potential for the use of models to compare interventions. 

The model seems to demonstrate a difference in the incidence of consequences of 

infection between the two villages, however it is not possible to separate the 

difference due intervention from the difference due to prevalences. The model does 

however provide a framework in which the difference in intervention policies can be 

tested and compared. Obviously the usefulness of the model would be greatly 

enhanced by using a single source of data to estimate all the parameters. 

The Figure 33 shows the prevalence of clinical signs at each of the four studies 

(baseline, 2 months, 6 months, and 1 year). The data from the one year study was used 

in the models of the effect of interventions. The fact that the intervention and control 

villages are so close together in terms of prevalence, and the fact that the prevalence is 
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almost constant after the intervention for chemotherapy at the baseline, suggests that 

there is little evidence of a difference in effect between the control and intervention 

villages. However, the previous figures show the strong correlation between clean 

face and prevalence, so it is possible that there was some cross-talk between the 

intervention villages and control villages which caused the control villages to reduce 

the spread of trachoma as well. 

06 

I 

0.2 

Baseline 2 months 6 months 
Study 

1 year 

I Control villages I Intervention villages 

Figure 33 - Comparison of prevalence in the intervention and control villages. 

The intervention shows a reduction in the prevalence from about 65% to about 45%; if 

it is assumed that the duration of infection has remained constant and that the villages 

have reached steady state, then this can be attributed to a reduction in the force of 

infection. It is possible to estimate (using a simple model) that the force of infection 

has dropped by about 40%. 
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16. The effect of blindness on life expectancy 

Objective of chapter: 

• To examine the available data on blindness and mortality. 

The most important effect of trachoma is that it causes blindness. Blindness is not 

only a source of morbidity (reducing the 'pleasure' of life) but it is also an indirect 

cause of mortality. When a person becomes blind, there are a number of 

consequences, such as inability to work, inability to support family, and increased risk 

of accident; all these are important factors, but are often unquantifiable. However the 

effect of blindness on life expectancy can be estimated. There are two papers that 

provide some statistical evidence of the reduction of remaining life expectancy due to 

the onset of blindness; one paper is by Prost and Prescott (1984) and the other is by 

Taylor et al (1986) (also reported in Taylor et al (1991)). The evidence from these 

papers can be used to demonstrate that the reduction in life expectancy due to the 

onset of blindness, in the developing world, is somewhere in the region of 60%. 

Prost and Prescott (1984) report that in an area hyperendemic for onchocerciasis, the 

mean duration of life after the onset of blindness is 9 years against a normal life 

expectancy of 23 years from the age of onset, this is a 60% loss in life expectancy. 

They also report the figures for an area with mesoendemic onchocerciasis as being a 

life expectancy of 7 years after blindness compared with a normal life expectancy 

from the age of onset of 20 years - a 65% loss in life expectancy. 

Taylor et al (1986) follovved a number of blind and sighted people for 42 months. At 

the end of this period, 90% of the sighted controls remained alive in comparison to 

73% of the blind people. In order to obtain a value for the reduction in life expectancy, 

an approximation, that time to death, X, could be modelled by a negative exponential 

distribution, was used. 

]Pr(;f:> 42i) = (1()1) 
42 

Equation 101 can be solved for both the blind people and for the controls, yielding a 

value for X. The reciprocal of X gives a value for the mean life expectancy from the 
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Start of the survey. For the sighted population, this leads to a Ufe expectancy from the 

start of the survey period of about 400 months (33 years), and for the bhnd population 

of about 134 months (11 years); suggesting that blindness resulted in a 67% loss in 

life expectancy. 

Bearing in mind that the population under study by Taylor et al was aged between 40 

and 79, an upper bound on the maximum duration of life can be added. If, for 

example, this upper bound is an additional 45 years (540 months) then the loss in 

mean life expectancy is reduced to about 50%. The new value for X can be calculated 

by solving equation 102. 

540 

> 42)== (1C)2) 

0 

There are two solutions to equation 102, one is the correct value for X, the other is X= 

0. The mean value for the distribution is no longer the reciprocal of X, but is 

calculated by equation 103. 

^ I C/1A 1 ^ Id: „ -540A 540 + - * ^ . -

/< = , - i i (103) 
I — e 

The mean life expectancy for the sighted controls is calculated from equation 103 as 

244 months (20 years), and the mean life expectancy for the blind people is calculated 

as 125 months (10 years). 

The method outlined above does not (accurately) take into account the age of onset -

which is certain to have a large effect on the reduction in life years; and the method 

also does not take account of the actual shape of the population life expectancy curve 

(approximating this with a negative exponential). However, in the absence of access 

to better data, the figures give an approximation to the loss of life that the onset of 

blindness can cause in the developing world. 
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17. Probability of inapparent, mild, and severe infection 

Objective of chapter: 

• To obtain the probabilities of different severities of infection. 

17.1 Introduction 

Inapparent infection is when the infection occurs without any clinical signs of 

infection. However, when infection first occurs, the infective agent is inside the body 

and at first the body does not have time to develop clinical signs of infection, this is 

incubation. Therefore there are two causes of infection without clinical signs. 

Fortunately the problem of separating incubating disease from inapparent infection 

does not occur. Elsewhere in this thesis, the duration of the incubation period is 

evaluated as zero (or not observable at an inspection interval of two weeks). 

Practically this means that a person who is observed being clinically negative but 

microbiologically positive will most of the time have inapparent infection. 

17.2 Estimation of inapparent infection probability from Jali 
data 

In order to estimate the probability of inapparent infection, it is necessary to have data 

which include both microbiological and clinical data, and which have not been near an 

intervention. A chemotherapy intervention will cause people to become 

microbiologically negative regardless of clinical state. The Jali A survey in April 91 is 

the only survey that satisfies these criteria. 

In order to estimate the probability of inapparent infection, it is necessary to count the 

number of people with microbiological infection, and the proportion of those who do 

not have clinical signs. The following table indicates the results of this analysis (the 

data is split into 4 age groups to demonstrate the effect of age on the probability). 
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Age group Probability of inapparent infection 

0-5 0.1578 

5-10 &3235 

10-15 0.5 

15+ 0.1111 

Table 35 - Probability of inapparent infection by age. 

Table 35 has been grouped in order to maintain as much data as possible in each of 

the age groups. There are few observations of infection beyond the age of 15, and as a 

consequence it is not advisable to split the data further. 

Inspection of the table shows that the probability of inapparent infection tends to 

increase with age. 

17.3 Mild and severe infection 

Using the same survey (Jali A), it is possible to estimate the probability of mild / 

moderate infection or severe infection, hi this case it is not so clear cut as to whether 

the infection is a severe infection that is currently either waxing or waning and 

consequently appears to be a mild infection. Unless the course of infection is followed 

and the observer can determine whether the infection ever reaches severe status, it is 

not possible to determine the split of the infection types. It is not possible to use the 

Jali A to M surveys to determine the probability of different severities of infection 

because they are on a selected group of individuals (selected on the criterion of 

highest possibility of cross-infection) and as a consequence may have an incorrect 

level of severe infection. 

The probability of different types of infection can be determined by counting all the 

observations of infections and classifying infection types as either mild / moderate or 

severe. This classification is after the infection has been classified as being apparent 

infection - there is no attempt to consider the microbiological evidence of infection 

when classifying the disease. Table 36 shows the probabilities of the two infection 

types. 
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Age group Probability of severe infection 

0 - 5 0.25 

5 - 1 0 0.15 

10-15 0.27 

15+ 1 

Table 36 - Probability of severe infection as opposed to mild/moderate infection. 

Infection types Page 130 



Modelling of infectious disease 

18. The effect of location 

Objectives of chapter: 

• To discuss the problem of location and probability of infection. 

18.1 Introduction 

As indicated previously, there is a large amount of literature concerned with the 

spatial location of individuals in an epidemic. For trachoma, Bailey et al (1989) have 

examined the spatial distribution of the infection and compared it with random 

distributions generated by computer. This technique allowed them to show that the 

observed distribution was contributed to by transmission within the compounds that 

the individuals shared, and that this contribution to the distribution probability was 

significant. 

The proposed model of infection processes incorporates the idea of location, and 

defines each individual as having a room within a compound. Thus the probability of 

infection has three levels; the village level, the compound level, and the room level. 

At each of these levels, the probability of infection can be considered to be exclusive. 

It is not possible for a person to be infected by more than one other person at a time, 

and once they are infected, it can be assumed that they cannot become infected again 

until they are susceptible to infection. Obviously this is a simplification, and it might 

be possible for a person to have multiple infections, perhaps with different serotypes 

of the infective agent, or perhaps to receive two "doses" of infection which might be 

equivalent to an initial large "dose" of the infective agent. The simplification can be 

made because the model does not attempt to quantify the degree of infection that the 

individual received, and also does not attempt to model the transmission of amounts 

of infective agent; this degree of modelling would require quantitative data on the 

amount of infective agent present in an individual, and, currently, there are no readily 

applicable techniques to obtain this data. 

18.2 An equation governing the infection probability 

The probability of an individual becoming infected, Pr, depends on the prevalence of 

the infection within the population, p, and a parameter which governs the probability 
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of successful transmission of the infective agent, P, given that contact with an infected 

person has occurred. This can be demonstrated in the following equation: 

Pr = P * p (104) 

It is now possible to have a number of groups together with a prevalence within each 

group and a probability associated with gaining the infection from each group. 

Infection of an individual can only occur from one group. The probabilities of 

infection from the different groups are therefore exclusive. The overall probability of 

infection, P* can be considered as the sum of all the exclusive probabilities of 

infection; 

P * - ^ P i P i (105) 

A complicating factor is when the groups are not exclusive. If an individual is a 

member of several of the groups, then infection by this individual represents infection 

by all the groups of which the individual is a member. This is particularly important 

when the groups are defined in such a way as to cause individuals to be members of 

several groups - as in the village, compound, and room classification adopted in this 

case. Problems with this structure can be avoided if the people are only allowed to be 

a member of one group; so people in the same room as a susceptible individual are not 

considered when the possibility of infection of the individual at the village or 

compound level is considered. 

The simulation model of trachoma has been designed so that the probability of 

infection is calculated as if the groups were exclusive - the people in the same room as 

the person being examined are not included in the compound, the people in the same 

compound are not included in the village. If the probability of infection for any group 

is entered as zero then this does not apply and the group is assumed to be part of the 

next largest group. This means that entering a probability of infection of zero for the 

room and compound parameters means that the village is not considered to be made 

up of rooms and compounds, but instead as a large group of people with no 

differences between the people. 
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18.3 Problems with obtaining estimates of probability 

The paper by Becker & Angulo (1981) shows how to calculate the within room and 

within village probabilities of infection for a group of people. However the method 

only works for a new epidemic of infection which has been traced over time. 

Unfortunately there is no equivalent method for a steady state infection. 

The data that are available are mostly cross-sectional prevalence surveys; these do 

give a distribution of infection within rooms, and measures such as the probability of 

one or more people being infected given that one is already infected within the same 

room can be calculated. The only other surveys available are the longitudinal Jali 

surveys which are selected on the basis of greatest possible chance of people 

becoming infected, and as such are not useful for determining probabilities of 

infection. 

A simple simulation model was designed which assumed that there were three people 

in each room and that a number of such rooms made up the village. The model ran 

through a variety of within room probabilities of infection and within village 

probabilities of infection. The results it returned were the prevalence of infection, the 

proportion of time that zero, one, two, or all three people were infected. 

The two parameters which can be most easily assessed from actual data are the 

prevalence of infection and the probability of there being more than one person 

infected given that there is at least one. The prevalence is a general measure of the 

probability of infection, and the probability of there being more than one infected in 

the same room given that there is at least one is related to the within room probability 

of transmission. 

Figure 34 illustrates the relationship between prevalence of infection and the 

probability of infection within the village. 
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Figure 34 - Probability of infection within village and prevalence. 

In Figure 34, as the probability of infection within the village increases, so does the 

prevalence. However at each probability, there are a number of different points 

corresponding to different probabilities of infections within the room. The Figure 35 

illustrates a similar effect for the probability of infection with the room. 
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Figure 35 - Probability of infection within room and prevalence. 

From Figure 35, it is apparent that for a given within room probability of infection, 

there is a range of prevalences. Taking these two results together, it is apparent that 

the within village probability of infection largely determines the prevalence of 

infection, but the within room probability of infection exerts an influence and can in 

some way "fine tune" the resulting prevalence. 
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Figure 36 - Probability of there being more than one person infected given that 

there is at least one, model values versus values calculated from prevalence. 

In Figure 36, the values of the probability of more than one person being infected 

given that at least one person is infected from the model are plotted against those that 

would be expected purely by chance. The figure shows that the values from the model 

are always greater than those that would be predicted by chance, the difference is due 

to the within room probability of infection. The figure also shows that as the 

probability increases, there is less disagreement between the two values. This is 

because the model is approaching the situation where everyone is infected and there is 

little opportunity for additional clustering. 

The Figure 37 examines the probability of more than one person being infected given 

that at least one person is infected as a function of the within room probability. 
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Figure 37 - Probability of more than one person being infected given that at least 

one person infected versus the within room probability. 

Figure 37 shows that as the within room probabihty increases so does the probability 

of finding clustering. The following figure shows the relationship with the within 

village probability of infection. 
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Figure 38 - Probability of more than one person being infected given that at least 

one person is infected versus the probability of infection within the village. 

In Figure 38, the clustering increases as the probability of infection within the village 

increases, as would be expected since with increased prevalence there is less 

opportunity for individuals to be free of the disease. Both Figures 37 and 38 show a 

similar pattern. As can be seen from the results so far there is no clear relationship 

between the probabilities of infection and the outcome measures, hi fact there is no 
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unique within village - within room probability pair identified by a prevalence 

clustering pair as Figure 39 illustrates. 
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Figure 39 - Probability matrix showing prevalences and measure of clustering. 

In Figure 39, the greyed squares are those which fit the description that the prevalence 

is 0.63±0.01 and the measure of clustering is 0.73±0.01. It is immediately apparent 

that a variety of probability pairs produce results that would fit this description. This 

means that it is not possible to uniquely calculate the within village probability and 

the within room probability of infection from cross-sectional data. 

18.4 Discussion 

In this chapter, we have demonstrated that it is not possible to determine uniquely the 

probability of infection within the village and within the room from cross-sectional 

data. In order to calculate the required probabilities, longitudinal studies are required. 

These studies are not available at the present time, so it is not possible to provide the 

values. However, the model has been written so that when the values are available, 

they can be placed in the model. 
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19. Structure of the trachoma simulation model 

Objectives of chapter: 

• To discuss the way the individual's life history is modelled. 

• To discuss the way the infection process is modelled. 

19.1 Introduction 

The simulation model has to deal with collecting a large amount of data, editing a 

large number of variables, and running the model. Most of the data collection and 

entry is handled by the TOCHSIM shell. A large amount of effort must go into the 

user-interface, even with the help of the shell. 

The user-interface has been designed so that the buttons on the flowchart directly 

relate to the variables that are required by the model. This provides a direct link 

between the model and the flowchart, helping the user to understand the model, and to 

follow the variables in a logical manner. 

Although both the model and the code required to implement the model are quite 

complex, the way the model works can be explained reasonably easily. The following 

section details the life history of a person from birth to death outlining the various 

decisions that are required and the various paths available for the person. 

19.2 Life history of a person 

The model considers men and women in essentially the same way. The only 

difference occurs for the marriage process, and that will be explained when necessary. 

Birth 

A child is born to a mother, the child inherits the mother's location, in other words, 

the child shares the same room as the parents. The mother is then scheduled to have 

another child after an interval of at least a year. At birth the child is given a life-

expectancy, an age at which the child will be available for marriage, and an age at 

which they first leave the village. 
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It is quite possible that the child will never marry or leave the village, even if they live 

to a great age; they may of course be scheduled to leave the village, but die first. 

The child is scheduled for an inspection to determine if they will become infected at 

any point during a time interval. This inspection process is the mechanism by which 

the disease is modelled and will continue throughout the entire life of the person. 

Marriage 

When a woman becomes of marriageable age, they are placed on a queue of women 

waiting for husbands. When a man becomes of marriageable age, he takes the first 

woman on the queue - if there is one - otherwise he does not marry. If the person is 

not in the village at the time when they could marry, they do not marry and will marry 

on their return. This is an approximation to the actual system which is far more 

random and disorganised than this. 

At marriage, both the man and the woman move out of the rooms they have grown up 

in and move into the same room in the compound of the husband's family. The 

woman is examined to determine if she will have a child; if she will, the birth is 

scheduled. 

Migration 

At various points in a person's life, they may leave the village. These times are 

randomly chosen, and of random duration. When they return, there is a small 

probability that they will leave again immediately. If a woman is away from the 

village when she has a baby, the child is considered to return to the village and live in 

the mother's room. 

19.3 History of infection 

Whilst the person is ageing, they are at risk of infection, and the process of infection 

can be considered as a separate process from the ageing process. 

At birth the child is considered to be susceptible to the infection. From birth and all 

the way through life, the person is inspected at regular intervals to determine if they 

have become infected. The only exception to this is when they leave the village for a 
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period of time longer than the inspection interval; in this case when they return they 

become either infected or susceptible with a probability which is independent of the 

disease within the village. 

At each interval, the individual is inspected to determine if they have become infected 

in the time interval before the next inspection. If they do become infected, the 

infection starts with an incubation period, when they are infected, but with no clinical 

signs. Clinical signs may develop after the incubation period. The person is then 

infected for a period of time, clinical signs persist after infection. There may be a 

period of resistance to reinfection after each infection. 

Each infection may cause scarring. If an infection causes scarring then there may also 

be trichiasis caused. If trichiasis is caused, then it is only a matter of time before the 

trichiasis causes blindness. Blindness will result from trichiasis even if the person 

never catches the disease again. 
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20. Model validation and fitting 

Objectives of chapter: 

• To discuss the parameters required for the model. 

• To demonstrate the fit of the model to the data. 

20.1 Introduction 

In order to prove that the model works, it is necessary to validate the model against 

the available data. Obviously this is a difficult process because the data that are 

available are only snap-shot data and the model will have some built in variation; this 

results in variation in the model and an uncertainty in the exact values of the real data. 

Coupled with this is the problem that only surveys completed before any interventions 

take place are useful for estimates of the number of people with scarring, trichiasis or 

blind; the problem here is that any intervention will have an effect on the steady-state 

age dependent prevalence of the consequences of infection. This means that only the 

first survey in an area can give guidance about the prevalence of these consequences, 

and all other surveys must be considered to be biased. 

There are several important factors in the validation process. The modeller will, at the 

end of the modelling process, have a good idea about the performance of the model, 

and the process errors will have been detected and corrected. The most effective ways 

of finding these sorts of error are to either: 

• Set the model to a constant state, for example constant duration and constant 

probability of transmission, and to determine whether the model settles down to 

the expected steady state. 

• Test single categories, for example only allow people in the age group 20 to 25 to 

migrate and force them to migrate for on average 10 years, and check that there is 

a consequent change in the steady state age prevalence curve. 

All these types of tests are performed continuously as part of the modelling process. If 

a single routine is corrected, it is normal to produce a test that will check if that 
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routine is working correctly. Normally this process of selective testing of routines 

results in "stressing" the other routines which also checks them for errors. 

In the event of finding an error, the model often reports details of where the error is 

and what happened. This information is normally enough to reconstruct the point at 

which a problem occurred and to determine what the fault was. If the returned 

information is not enough, it is an easy task to trace all the events that happen in the 

model and to determine which event caused the problem, and to pinpoint the problem 

that way. 

The real validation occurs after the mechanics of the model have been tested. The 

model is tested with the parameters for the infection, and the results can be compared 

with those expected from the real data. Details of the validation stages during the 

coding of the model are not given, the model will be validated against the expected 

distribution from the real data. However the first stage is that of obtaining the correct 

parameters for the model. The next section will pull together the distinct strands of 

this thesis and use them to obtain parameters for the model. 

Unfortunately, due to time constraints, the model is only set up for Jali in the Gambia. 

The method for fitting the model to the observed data should be well enough 

explained in the next section that users will be able to produce a fit of the model to the 

data that they have. 

20.2 Parameters for the model 

20.2.1 Demographics 

One of the most important data requirements for the model is that of the demographics 

of the underlying population. Since trachoma is highly prevalent in children, the 

numbers of children relative to adults is an important figure, which will change the 

prevalence of the disease. 

Following the method of Hawkins (1989), the Bandafassi life tables from Pison and 

Langaney (1985) are used for demographic data. These give the probability of 

surviving to a given age as shown in Table 37. 
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Age Male Female 

0 1 1 

1 0.789 0.793 

2 0.699 0.708 

3 0.633 0.639 

4 0.6 0.6 

5 0.582 0.757 

10 0.543 0.534 

15 0.529 0.522 

20 0.511 0.504 

25 0.491 0.491 

30 0.465 0.471 

35 0.445 0.444 

40 0.424 0.422 

45 0396 &396 

50 0.355 0.345 

55 0.306 0.311 

60 0.256 0.259 

65 0.203 0.215 

70 0.165 0.164 

75 0.102 0IW8 

80 0.063 0.066 

85 0.029 0.033 

90 0.0 0.0 

Table 37 - Probability of surviving to a given age (from Pison and Langaney 

(1985)). 

It is worth pointing out that, as demonstrated elsewhere, the onset of blindness leads 

to a reduction in life expectancy to about 30% of its previous value. This will be more 

relevant when parameters are set up for the infectious disease section of the model. 
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The next important part of the demographics of an area is the birth rate. The model 

attempts to model the distribution of people within the village, in terms of their room 

and compound. Obviously to model this distribution effectively, the births need to be 

allocated to a particular location. One way of achieving this is to have an age 

dependent probability of a woman having a child. Values for this are reproduced in 

Table 38 from Billiwicz and McGregor (1981). 

Age of Woman Mean number of births per woman year. 

14 0.011 

15-19 0J^9 

20-24 (1281 

25-29 0.301 

30-34 0.264 

35-39 0.179 

40-44 0.072 

Table 38 - Mean number of births per woman year(from Billiwicz and 

McGregor (1981)). 

These values can be re-interpreted as the probability of a woman giving birth in a 

particular year (if it is assumed that each birth is of a single child). 

As a further consequence of the detailed modelling of the village, it is necessary to 

mimic the process of marriage. This is a complex task to achieve with any degree of 

realism, however the easiest way is to assume that people mature at a certain ages, and 

at these ages they will marry (if there is someone available). This is obviously a great 

simplification. It is also assumed that most people will marry. The start of marriage is 

also assumed to cause the production of children, as determined above. The 1990 

Demographic yearbook publishes information on the number of marriages and the 

ages of the bride and groom. Given the number of marriages for people in each age 
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group, it is easy to calculate a probability of marriage for each age group. It is 

assumed that most people get married; the way this is achieved is to allow some 

people to drop through the system; for each age group there is a probability that the 

person will attempt to marry and the probability is not cumulative so there is a small 

probability that the person will not marry at all. Table 39 shows the original data and 

the parameters calculated from them. The data used were from Egypt, but most 

African countries seemed to have similar distributions. 

Age Number of 

Grooms 

Number of 

Brides 

Probability of 

marriage 

(groom) 

Probability of 

marriage (bride) 

-19 33,614 178,663 0.09 0.48 

20-24 110,838 115,107 029 0.31 

25-29 126^23 46,994 033 0.13 

30-34 55JT8 12,262 0.14 0.03 

35-39 18,725 6,357 0.05 0.02 

40-44 12,605 4J95 0.03 0.01 

45-49 7,689 2,622 0.02 0.007 

50-54 6J65 1,795 0.02 0.005 

55-59 4,438 808 0.01 0.002 

60+ 5,778 854 0.02 0.002 

Table 39 - Age of marriage. 

Having obtained all these parameters for the demographics of the model, it was 

necessary to set up the model for the particular migratory habits of the area. 

Comparing the age distribution curve from Jali with the steady state curve from the 

model, it was found that there was a significant under-representation of the 20-30 age 

group in Jali. Since the model was also designed to include migration, it was decided 

that this age group represented the age group which migrated away from the village 

for a period of time. Which would mean that they could be considered as belonging to 

the village, but not present there, although their children would return to the village. 
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The children returning to the village means that the population can be considered as 

being away without any corresponding effects on the demographic curve - obviously 

if all the women in the 20-30 age group are away and do not bring children back into 

the village on return, then the village will quickly die out, because of no new children. 

Figure 40 shows the age prevalence curve from Jali and the simulated age prevalence 

curve from both the clinical and microbiological models. 
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— Microbiological model — Jali data 
— Clinical model 

Figure 40 - Age distribution curve from Jali and model. 

It is visible from the above graph that the model produces a reasonable fit to the 

observed population structure in the village. 

Over a simulated run of 6000 weeks (115 years) the population size increases from 

700 people to 2850 people, an average growth of about 1.2% per year. Billiwicz and 

McGregor (1981) report that over the period 1951 to 1975 the population of Keneba 

increased from 710 to 915 people a rate of increase of 1% per year. 

From these results, it is possible to be reasonably confident that the underlying 

population growth mechanisms are working correctly, and that the way the population 

grows is representative of the area being modelled. 
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20.3 Infection process 

There are a number of variables governing the infection process; the prevalence of 

infection, the duration of a single episode of infection, and the probability of 

transmission of infection. As outlined elsewhere, there are two ways of modelling the 

infection process, either as a clinical process, or as a microbiological process (with the 

clinical signs as a result of this process). This means in modelling terms that data are 

required for two models. Obviously the data will not be the same for both models 

because the models will have slightly different incidence rates of infection, and 

different prevalences (due to the presence of inapparent infection in the 

microbiological model); these will cause a difference in the probabilities of the 

consequences of infection per infection. However, the methodology of fitting the 

model is the same in both cases. 

Given the prevalence of infection in the population and within subgroups of the 

population, and the duration of each episode of infection, it is possible to calculate the 

probability of infection for each of the subgroups of the population. The Table 40 

summarises the results. 

Age group Probability of infection 

(clinical model) 

Probability of infection 

(microbiological model) 

0-4 0.47 0.72 

5-15 0.14 0.20 

15+ 0.17 0.40 

Table 40 - Probability of infection. 

These values can be entered into the models and the models run for both clinical 

disease only and microbiological infection with clinical signs as a consequence of 

infection. For the microbiological model, the duration of time that the signs of 

infection remain after the infection has finished is needed; also the proportions of 

severe, moderate, and inapparent infections are required. These are summarised in 

Tables 41 and 42. 
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Age group Duration of Duration of Duration of 

infection (weeks) clinical signs clinical signs after 

(weeks) infection (weeks) 

0-4 6.1 14 8 

5-15 3.8 12 8 

15+ 1.3 2 1 

Table 41 - Duration of infection and clinical signs. 

Age group Probability of 

severe infection 

Probability of 

moderate infection 

Probability of 

inapparent infection 

0-4 0.63 0.21 0.16 

5-15 0.47 0.12 0.41 

15+ 0.0 &89 0.11 

Table 42 - Probability of different infection types. 

These values can be entered into the model and the results compared with the 

observed prevalences in the village. Figures 41 and 42 show the comparison between 

the model values and the actual values. 
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Figure 41 - Age prevalence of clinical signs of infection. 
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Figure 42 - Age prevalence of infection. 
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It can be seen that the prevalence curves for the clinical and microbiological models 

are very close to the observed curves in Jali. The Jali A survey was used to obtain 

clinical and microbiological evidence of infection in order that both models could be 

validated. However, Jali A represents the village after 5 years of observation, so the 

prevalence of the sequelae of infection such as scarring, may well have changed as a 

result of various interventions. Since this is a cause for concern when fitting the 

model, for the fitting of consequences of infection, the first Jali survey (in November 

1986) was used to obtain parameters for the level of scarring, trichiasis, and blindness 

in the population. 

20.4 Consequences of infection 

In order to estimate the parameters for the consequences of infection, it is necessary to 

know the incidence rates at each age, and the level of each of the consequences at 

each age. Given these factors and a model which explains the way that the 

consequences develop, it should be possible to estimate parameters for the model by 

minimising the difference between the observed consequences and the model 

consequences. However, the estimates of parameters do not take into account the 

increase in death rates caused by blindness. 

The increase in mortality caused by the onset of blindness reduces life expectancy to 

about a third of its normal value. The average life expectancy can be calculated from 

the Table 35 as 32.1 years for a man and 33.5 years for a woman. This is a death rate 

of about 0.03 per year. So there should be an additional flow into the blindness 

category of 0.06 to compensate for the decreased life expectancy. This means that the 

time to blindness is reduced to a mean of about 12 years (or 620 weeks). Also the 

probability of trichiasis needs to be increased to maintain a flow of people into the 

state of trichiasis. Tables 43 and 44 summarise the probabilities of consequences for 

each of the age groups. 
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Age group Probability of 

scarring 

Probability of 

trichiasis 

Mean time to 

corneal opacity 

0-4 0.011 0.15 620 weeks 

5-15 0.022 0.2 620 weeks 

15+ 0.024 0.5 620 weeks 

Table 43 - Probability of consequences of infection (clinical model). 

Age group Probability of 

scarring 

Probability of 

trichiasis 

Mean time to 

corneal opacity 

0-4 0.006 0.15 620 weeks 

5-15 0.016 0.2 620 weeks 

15+ 0.025 0.5 620 weeks 

Table 44 - Probability of consequences of infection (microbiological model). 

Having entered these values, the models can be compared against the observed age 

prevalences of consequences of infection. Figures 43, 44, and 45 illustrate the fit of 

the model. 
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Figure 43 - Age prevalence curves for scarring. 
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The scarring curve shows a reasonable correspondence between the models and the 

observed levels of scarring. It can be seen that at the extreme end of the age band 

there is a large variance, this is due to the low numbers of people at that end of the age 

curve (11 in the 75+ age group), and as a consequence the prevalence of scarring has a 

large variance. 
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Figure 44 - Age prevalence of trichiasis. 

The age prevalence curve for trichiasis does not show as good an agreement. This may 

be caused by the probability of trichiasis being too high for the 15+ age group. The 

main fault in the curve is that it predicts too high a level of trichiasis in the younger 

age group, other than that, the curve seems correct. Once again the levels of trichiasis 

show great variation at the tail end of the age curve. 
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Figure 45 - Age prevalence of corneal opacity. 

The model shows a level of corneal opacity which is possibly too high at the younger 

age groups, but this could be due to the higher than expected level of trichiasis in the 

same age bands. It may also show that the duration of time from trichiasis to corneal 

opacity is longer than the value entered into the model. 

In all the model fits the observed values well. However further calibration is needed to 

fit the model accurately with the decreased life expectancy due to blindness. It takes 1 

to 3 hours to run the model with a set of parameters, obviously it is a time consuming 

task to fit the parameters accurately using multiple runs of the model. The parameters 

such as those for trichiasis and corneal opacity are very important, but these 

consequences have a slow reaction time to interventions; this means that any 

interventions will probably have little effect on the prevalence of trichiasis or scarring 

over the time scale of the intervention. 
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21. Results for chemotherapy interventions 

Objective of chapter: 

• To examine various chemotherapy intervention strategies. 

21.1 Introduction 

Chemotherapy treatment is treatment with antibiotics which eradicates the disease 

from an individual. The course of treatment lasts for a period of time, but in the model 

is assumed to be instant. There are a number of parameters which affect the success of 

the intervention. Obviously there is a target population. The coverage of this 

population and the compliance of the people treated will both affect whether the 

treatment intervention is successful. The coverage determines the proportion of the 

population who are treated; for example, it may not be possible to treat people who 

are working away from the village. The compliance combines several factors, whether 

the person continues with the entire course of treatment, and whether the treatment is 

successful. 

There are two linked models; one looks at the clinical signs, and one includes the 

microbiological signs. In the microbiological model, chemotherapy causes the 

infection to be removed but does not affect the clinical signs of infection, these fade at 

a natural rate. In the clinical model, however, there is no concept of microbiological 

infection so the treatment is assumed to work directly on the clinical signs of 

infection. The results here highlight the differences between the two models. As a 

further complication, the microbiological model allows the selection for treatment of 

only those people with clinical signs of infection; the treatment will obviously not 

affect the people incubating infection or with inapparent infection, and the treatment 

will be redundant for people who have clinical signs but have already lost the 

infection. 

21.2 Results of chemotherapy in clinical model 

Figure 46 shows the effects of different levels of treatment on the recovery process. 
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- 9 5 % all ages 95% treated - 9 5 % all ages treated 99% all ages treated 

Figure 46 - The effect of different levels of treatment on the prevalence of disease. 

An interesting result is that of targeting the infection towards particular age groups. 

Since trachoma is prevalent in children it may be more economic to target children for 

intervention rather than the adults. Figure 47 illustrates this. 
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Figure 47 - Effect of on disease treatment of different target populations. 
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From the Figure 47, it is obvious that the difference between treating all the people 

and between treating the 0-15 age group is minimal, and that treating the fewer people 

for a comparable effect is obviously more cost effective. 

However, the results obtained from using only clinical data are not going to be as 

accurate as the results obtained from the microbiological model which attempts to 

mimic the real system more accurately. The clinical signs of infection, because they 

take some time to fade after infection, will not behave as predicted by the clinical 

model. In the event of a comparison between the clinical model and real data, the real 

data will show a lower change in prevalence as measured by the levels of clinical 

signs. 

21.3 Results from microbiological model 

The microbiological model should present a more accurate set of results, since it takes 

into account the microbiological process of the infection. The clinical signs of the 

infection are the observable external results of the microbiological interactions. 

Figure 48 shows the observed levels of clinical signs from chemotherapy 

interventions. Figure 48 (and subsequent figures) refers to 95% of 95%, this is 95% 

coverage and 95% compliance. 
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Figure 48 - Clinical signs of infection after chemotherapy treatment. 

Figure 49 displays the effects of different age groups being targeted for treatment. 

0.25 
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•95% 5-15 age group 

Figure 49 - Clinical signs of infection from different targeted age groups. 

Again it is visible that treating the 0-15 age group is about as effective as treating the 

entire population. 
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It is also important to consider what is really happening to the prevalence of infection 

after treatment. Using the microbiological model, the level of infection in the 

population can be examined without the approximation that prevalences of clinical 

signs provides. This is illustrated in Figures 50 and 51. 
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Figure 50 - Prevalence of infection after different degrees of treatment. 
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Figure 51 - Prevalence of infection after selected ages treated. 

An interesting issue is the effect that selecting the individuals for treatment on the 

basis of clinical positivity will have on the prevalence of infection. Figures 52 and 53 

illustrate the change that this makes to the prevalences. 
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Figure 52 - Prevalence of clinical signs of infection under different treatment 

levels (individuals with clinical signs selected). 
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Figure 53 - Prevalence of clinical signs under different target age groups 

(individuals with clinical signs selected). 

Figures 54 and 55 show what the treatment of only those with clinical signs does to 

the overall prevalence of infection in the population. 
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Figure 54 - Prevalence of infection under different treatment levels (individuals 

with clinical signs selected). 
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Figure 55 - Prevalence of infection under different target age groups (individuals 

with clinical signs selected). 
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21.4 Summary of results 

It can be concluded that it is not necessary to treat all ages, and that a similar result 

can be obtained by treating only the 0-15 age group. Treatment of just this age group 

means that the disease will return to normal prevalence in about 2 to 3 years. If only 

the clinically positive in this group are selected then the infection will return to 

normal in about 1 to 2 years. 

21.5 Repeated treatments 

As an example, a single treatment of the 0 to 15 age group with 95% effectiveness has 

an effect which lasts between 2 to 3 years. A repeated treatment every 2 years would 

reduce the prevalence of disease and might start influencing the level of consequences 

of infection. Using the model, it is possible to evaluate a number of different 

strategies for repeated treatment, and the consequences of the treatments can be 

observed. 

Figures 56 and 57 illustrate the effect on the prevalence of scarring and trichiasis of 

four different treatment policies. The treatment is entire coverage of the 0-15 age 

group with 90% effectiveness. The factors under examination are the interval between 

treatments and the effect of treating only those who are clinically positive. 

8 0 ^ 

Tim e ( w e e k s ) 

1 yea r i n te r va l on ly c l i n i c a l + v e " 

»1 year i n te r va l all t rea ted ^ 

— 2 year i n te r va l on ly c l i n i c a l +v€ 

^ ^ 2 yea r in te rva ls all t r ea ted 

Figure 56 - Prevalence of scarring under different chemotherapy interventions. 
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Figure 57 - Prevalence of trichiasis under different treatment strategies. 

It is visible that the most effective policy is for all the 0-15 year olds to be treated 

annually. However it still seems more effective to treat the clinically positive 0-15 

year olds annually than the entire age range bi-annually, although the difference is not 

great. 

21.6 Discussion 

The model has evaluated a variety of chemotherapy interventions. It has demonstrated 

that it is most effective to treat the entire 0-15 age range, although no costs have been 

calculated to demonstrate the financial viability of such an action. 

It has shown that a policy of treating only those who are clinically positive is not as 

effective as treating the entire target population, and that in some cases the effect of 

the treatment will be negligible (for example treating the 5-15 age group where a large 

number of infections will be inapparent). 
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The model has demonstrated that one way of controlling the prevalence of scarring in 

an area is for all the 0-15 year olds to be treated annually. Reducing the levels of 

scarring in the village will also have an effect on the prevalences of trichiasis and 

blindness. Using the model, with costing data, it is possible to calculate a cost per case 

saved, if necessary, and use this as a basis for evaluating potential policies. 
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22. Results for vaccination interventions 

Objective of chapter: 

• To examine the effect of various vaccination strategies. 

22.1 Introduction 

A vaccine for trachoma is not yet available. However one use of a model of the 

disease is to demonstrate the usefulness of a potential vaccine. Given estimates of the 

parameters which govern a vaccine, and given a description of a village upon which 

the vaccine is to be tested, it is possible to model the results of using that vaccine on 

that particular village. These results can guide research; for instance if an area of 

research might lead to a vaccine with a maximum constraint on the duration of 

immunity, and another area could lead to a vaccine with a maximum constraint on the 

effectiveness of the vaccine, the model can be used to compare the overall 

effectiveness of the two vaccines and determine which will be more beneficial. 

The parameters that govern a vaccine are as follows: 

• Targeting parameters - age group targeted, gender targeted, and coverage of the 

targeted group. 

• Mixed parameters - the combination of the probability of the vaccine working for a 

particular person, and the probability of that person completing any course required 

for a successful vaccination (for example, if two injections are required for the 

vaccine to be successful then there will be a drop-out rate from people not 

attending both). 

• Vaccine parameters - the duration of protection, and the level of protection that the 

vaccine gives. 

A further parameter which should be considered is the cost of the vaccine. This 

consists of two parts; the fixed cost and the variable cost. The fixed cost would relate 

to items such as personnel to administer the vaccine, and transport for the personnel. 

The variable cost would be the price of a unit of the vaccine. 
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22.2 Results 

Figures 58 and 59 show a number of potential vaccination policies and vaccines. It 

was assumed that there was 100% coverage and 100% compliance in the targeted 

groups. This means that everyone in the group was treated - except those not in the 

village. 

The four vaccines tested had mean durations of either 2.5 years or 5 years and an 

effectiveness of either 50% or 30%. The effectiveness measures the reduction in 

probability of infection; an effectiveness of 30% means that the probability of 

infection is reduced to 70% of its previous value for the duration of the vaccine. 

Two treatment policies were compared, treating only the 0-5 age group or treating 

both the 0-5 age group and the 5-15 age group. 
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Figure 58 - Vaccine 30% effective. 
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Figure 59 - Vaccine 50% effective. 

22.3 Discussion 

Figures 58 and 59 how the results for a simulation run lasting 600 weeks (about 12 

years). In Figure 58, it is visible that there is little effect from treating only the 0-5 age 

group, and that treatment of both the 0-5 age group and the 5-15 age group presents a 

better policy. 

However comparing the results in Figure 58 with those in Figure 59 shows a large 

difference. It is immediately obvious that the treatment of the 0-15 age group is more 

effective. It is also visible that the mean duration of the vaccine does exert some 

influence. 

Estimates of the time to return to previous levels of infection can be obtained from the 

figures as shown in Table 45. 

Vaccine 

effectiveness 

0-5 age group 

2.5 year mean 

0-5 age group 

5 year mean 

0-15 age group 

2.5 year mean 

0-15 age group 

5 year mean 

30% 2 years 2 years 4.5 years 4.5 years 

50% 4.5 years 4.5 years 4.5 years 7 years 

Table 45 - Time to return to previous levels of infection under various vaccines. 
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Runs of the model with vaccines of greater effectiveness than 50% suggest that the 

disease will be eradicated. 

If the compliance of the intervention is not 100%, then reduced results will be 

obtained. The compliance can be thought of as a reduction in the effectiveness of the 

vaccine. So the 50% effective vaccine modelled above is equivalent to a 100% 

effective vaccine with a 50% compliance. In this way the simple results outlined 

above can be used to estimate the effect of more complex vaccines without running 

the model. However a more accurate result will be obtained from using the model 

since the exact vaccine parameters can be entered. 
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23. Results for socio-economic interventions 

Objectives of chapter: 

» To examine the results of socio-economic interventions. 

23.1 Introduction 

Socio-economic change is hard to quantify except by the results of the change. It has 

been shown elsewhere that a face washing program in Tanzania resulted in a drop in 

the prevalence of infection in the 0-15 age range from 65% to 45%, although it is not 

possible to clearly demonstrate that this reduction is entirely due to the socio-

economic intervention. This could be hypothesised as a reduction in the force of 

infection to 70% of its previous value. If this reduction is considered to be a function 

of the particular socio-economic intervention, then the model can be used to estimate 

what would happen if the intervention was repeated in a different area. 

23.2 Results 

The model was run under a variety of reductions in the force of infection coupled with 

a number of target age ranges. 

£ 0.08 

Time (weeks) 

-Alls -0-5 age group ^—5-15 age group 0-15 age groups (chemo) 0-15 age group 

Figure 60 - Reduction of force of infection to 95% of previous value. 
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Figure 60 shows the effect of reducing the force of infection to 95% of its original 

value over the different age ranges. As might be expected, it does not show a large 

difference between treating the 0-15 age group and all age groups. 

One of the options it to combine a chemotherapy treatment with the socio-economic 

change and determine if this makes a difference. It is obvious that the prevalence of 

infection quickly returns to the same level as the trial without the chemotherapy 

intervention. 

It is possible that the results from the model under this small effect show a large 

variance which is unrelated to the effect, this would account for the unexpected 

ordering of the groups; the results seem to suggest that the treatment of select groups 

is better than treatment of all the ages. 

0.15 

0.1 

0.05 --

Time (weeks) 

| ~ ~ A I I ages 0-5 age group ^ — 0 - 1 5 age groups 5-15 age group 0-15 age group (chemo) j 

Figure 61 - Reduction in force of infection to 90% of previous value. 

In Figure 61 the intervention reduces the force of infection to 90% of its original 

value. It is more obvious that treatment of all ages and treatment of only the 0-15 age 

group are roughly equivalent. It can also be seen that targeting single age groups is 

ineffective, and does not have a large effect on the prevalence of infection. 
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Figure 62 - Changes in the force of infection in the 0-15 age group 

Figure 62 shows the effect of different reductions in the force of infection over the 0-

15 age group. This shows that a reduction in the force of infection to about 60% of the 

original value will be sufficient to eradicate the infection. 

23.3 Discussion 

From these results it is possible to conclude that it is best to target the interventions on 

the entire 0-15 age range, including the 154- age group in the target group will 

improve the results but not by a large amount. 

As has been mentioned previously, the face washing campaign in Tanzania reduced 

the force of infection to about 70% of its original value. If this campaign was as 

effective in the Gambia then the disease could be eradicated. However, the parameters 

of the campaign will be affected by the environment in which the campaign takes 

place, and it may not be possible simply to perform the same campaign. If an 

intervention was planned, the actual effect would depend to an extent on local factors 

which may make it more or less effective. These factors might be the availability of 

water, the co-operation of the villagers, the original prevalence of disease, or the 

original cleanliness of the population. 
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24. Interventions for trichiasis 

Objective of chapter: 

• To examine the effect of trichiasis surgery interventions on the prevalence of 

blindness. 

24.1 Introduction 

Trichiasis is the condition in which the eyelashes are abrading on the surface of the 

eye. This condition leads, eventually, to blindness. It is possible to perform surgery 

which will temporarily cure the person of trichiasis - although they are still counted in 

the trichiasis statistics (since the state normally consists of both those with the 

trichiasis and those with evidence of trichiasis). The surgery effectively puts off the 

time at which the person goes blind. 

It is assumed that the surgery is repeatable, and lasts for a period of time. At the end of 

the time the person is in the same condition they were before surgery - this is 

equivalent to the damage done by trichiasis being cumulative, and not repairable. 

24.2 Results 

For the purposes of the modelling, it is assumed that surgery for trichiasis will have a 

mean duration of effectiveness of seven years; this is the value calculated in a 

previous chapter. 

The sample intervention programme outlined is one in which the entire population is 

examined every five years and those with trichiasis are treated. Figure 63 shows the 

results of the programme. 
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Figure 63 - Prevalence of trichiasis and blindness. 

24.3 Discussion 

Figure 63 shows both the proportion with trichiasis and the proportion blind as a 

result of the trichiasis. It demonstrates that the intervention programme is successful 

since the proportion who are blind is decreasing. Further runs of the model under 

different conditions would be required in order to evaluate the programme. Further 

programmes have not been evaluated since this one seems effective and has a 

reasonable time interval between interventions. 

The proportion of people with trichiasis is rising because the people are not leaving 

the state and becoming blind. Once they are blind, they have a reduced life 

expectancy. This reduced life expectancy also causes the blind proportion of the 

population to die out more quickly. This also causes the proportion with trichiasis to 

increase. 
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25. Concluding remarks 

Objectives of chapter: 

• To give a summary of what has been achieved. 

• To suggest areas which could be explored further. 

25.1 Modelling work on trachoma 

This thesis has looked at the modeUing of trachoma in some depth. A number of 

models have been developed and used. In particular, data analysis has produced the 

duration of disease and infection; these data can be used to produce a number of 

subsequent figures. Immediately data on duration becomes available, it is possible to 

calculate the incidence of infection within a given population although this figure is 

not directly useful without out the context of a control programme of some sort. 

However the duration can also be used to derive the probabilities of scarring or 

trichiasis resulting from an infection, and these figures can be used to calculate 

incidence of scarring or trichiasis. This is useful because trichiasis can be treated and 

the number of new cases of trichiasis per year will have an effect on the resources 

needed to maintain the sight of a population. The time taken before a person becomes 

blind can also be calculated, but this figure is harder to obtain since the prevalence of 

blindness will be affected by the reduced life expectancy that blindness causes. The 

incidence of blindness is a useful figure since blindness places a burden on the 

community, and reduces the life expectancy of the individual and also reduces their 

quality of life. The prevalence of blindness (or trichiasis) in a community is an 

important outcome measure of any intervention programme. 

Having obtain all these parameters, the parameters can be used in models of the 

disease process together with the population dynamics of the village in order to assess 

the effectiveness of various intervention programmes. The summary of the results 

from the model fitted to data from Jali is as follows: 

• For any intervention, it is better to target the 0-15 age group, than the entire 

population. The prevalence of infection within the 15+ population is too low to 

benefit from most interventions. A situation which might violate this is if the 

prevalence of trichiasis is considered as an outcome measure, in which case it 
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might be better to target the 15+ age group since they are at greatest risk of 

trichiasis. 

• A reduction in the force of infection of about 60% would be sufficient to eradicate 

the infection in Jali. However, what a 60% reduction practically involves is not 

possible to quantify. In conjunction with this, the Tanzanian data may indicate that 

a face washing programme may cause a reduction in the force of infection about 

70%, but clearer intervention results are required. 

• A programme which treated individuals with trichiasis every 5 years would be 

effective at reducing the prevalence of blindness in the villages. 

The modelling process has shown how difficult it is to obtain exact values for the 

variables that the modelling requires. The data used have been of a high quality, but 

not all of them were collected with the idea of modelling in mind. If the data were 

initially collected to use in modelling, then the modelling process would have been 

considerably easier. Modelling work requires data which are: 

• Complete. Covering the entire population, so that there are no unknowns in the 

data set. 

• Longitudinal. The parameters most difficult to obtain are often involved in a time 

evolution of the system. Longitudinal surveys capture some of the time dependence 

of the system. 

25.2 Further work 

At the present time, the model is set up for the Jali data. However, the fit of the model 

to the data for trichiasis and scarring is not perfect. It would be useful to improve the 

fit so that results involving trichiasis and blindness could be given with better 

confidence. It would also be useful to increase the detail to which the individuals are 

modelled, but the level of detail is constrained by the available data. 

The model is ready for use of other data sets from other locations. The model will 

have to be tuned for the conditions of the sits of interest. Judgement will have to be 

Concluding remarks Page 175 



Modelling of infectious disease 

made about appropriateness of the length of infection estimates obtained from the Jali 

data. 

25.3 Conclusion 

This research has produced some interesting conclusions and figures regarding 

trachoma infection. Further work might be needed to improve the fit of the model to 

the data. It would be beneficial to collect data with the idea of using them for 

modelling the disease. 
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Appendix A - User guide for chlamydial model 

A.1 Introduction 

This is a model of chlamydial infection, the disease is sexually transmitted, so the 

prevalence of infection depends on the prevalence within both the male and female 

populations, the spread of infection is also governed my a matrix which determines 

the mix of people from different age groups and risk groups. There are complications 

arising from the infection and the prevalence of these complications is also modelled. 

A.2 Installation 

The model is a single executable file called CHLAM.EXE. 

A.3 Use of model 

A.3.1 Files 

It is possible to save and load previous graphical results of simulation runs. These 

files are denoted *.grf. It is also possible to save and load the variables which have 

been set up, these are *.stt files. Finally it is possible to warm up a population and 

save this, which enables the model to start from a situation closer to steady state, these 

files are *.wup files. 

A.3.2 Variables in the model 

Within the model, there are a large number of variables governing the transition 

probabilities and the durations in each state, together with the probabilities governing 

the mix of different population groups. 
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A.3.2.1 Infection in women 

State transf erance data 

Asymptomat ic PID 1 

Probabi l i ty of cure 

Probabi l i ty of de t r io ra t ion 

Probabi l i ty of seeking t r ea tmen t 

Probabi l i ty of death 

Mean t ime to cure 

Mean t ime t o s ta te change 

Mean t ime to dea th 

Mean t ime to t r ea tmen t 

0.60 

0.35 

0.05 

0.00 

32.00 

8.00 

2.00 

2.00 

Prob' infert i l i ty Prob' ectopic 

0.02 0.02 

0.02 

Asymptomat ic 

Cervicit is 

PID 1 

PID 2 

PID 3 

PID 4 

KifiTil 

0.00 

0.25 

0.25 

0.25 

0.02 

State transfer 

Symptomatic 

Cervicit is 0.00 

PID 1 

PID 2 

PID 3 

PID 4 

0.25 

0.00 

0.00 

0.00 

OK Cancel 

From each state, the infection has a probability of becoming better on its own, being 

cured by medical intervention (not detected by screening), deteriorating to a different 

state, or causing the death of the woman. Each possibility also has a mean time to the 

change of state. If the infection deteriorates, there is a probability matrix governing 

the state to which it goes. If the infection is either cured or treated, there is a 

probability that the individual will have sustained damage which will cause infertility 

or result in an increased risk of ectopic pregnancy. 

A.3.2.2 Infection progress in men 

state transferanee < 

Asymptomatic Urethrit is (male) 

Mean t ime to cure 

Mean t ime to state change 

Mean time to death 

Mean t ime to t reatment 

0.90 

0.05 

Probabil ity of cure 

Probabil ity of detr iorat ion 

Probability of seeking t reatment | 0.05 

Probabil ity of death 0.00 

46.00 

8.00 

2.00 

2.00 

Asymptomatic 

State t ransfer 

Symptomatic 

Urethritis 

Epldldimitis 

E m 

1.00 

Urethritis 

Epididimltls 

OK 

Transitions 

OK Cancel 

0.00 

0.00 

Cancel 
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The infection progress in men follows a similar pattern, only with different states. 

A.3.2.3 Mix matrix 

There are two mix matrices which govern the pattern of mixing between the two 

sexes, and the four risk groups. 

Class dependent variables 

Interaction Probabilities 
Default Default 

Duration Proportion probability duration 
of Active of of of 
life population Infection Interaction Group 1 Group 2 Group 3 Group 4 

OK 

Group 1 0.25 0.80 16.00 0.25 0.25 0.25 0.25 0.25 0.25 0.25 

Group 2 520.00 0.25 0.80 16.00 0.25 0.25 0.25 0.25 

Group 3 520.00 0.25 0.80 16.00 0.25 0.25 0.25 0.25 

Group 4 520.00 0.25 0.80 16.00 0.25 0.25 0.25 0.25 

Cancel 

Each group has a probability of mixing with another group, which is governed by the 

mix matrix. There is also a duration of time that they will remain in the sexually 

active population, a proportion of the initial population that they make up, a default 

probability of infection from any one relationship, and a default mean duration of 

relationship. 
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A.3.2.4 Age dependence 

Age dependent behaviour 

Age less than !j 32.00W9 Age less than 1040.00000 Age less than 1248.00000 

Group 2 

Group 3 

Group 4 

Pr. infection Duration of 
interaction 

Pr. infection Duration of 
'nteraction 

Pr. infection Duration of 
Interaction 

0.80000 20.00000 0 80000 20.00000 0.80000 20.00000 

0.80000 20.00000 0.80000 20.00000 0.80000 20.00000 

0.00000 20.00000 0.80000 20.00000 0.80000 20.00000 

0.80000 20.00000 0.80000 20 00000 0.80000 20.00000 

Ok Cancel 

There is also an age dependent behaviour change. This change does not affect the mix 

matrix, but does change the probability of infection resulting from a single 

relationship, and the mean duration of the relationship. Outside of the age range 

specified in this dialogue box, the values return to the default. 

A.3.2.5 Other factors 

There are a number of other factors which affect the population: 

• The proportion of the population that is male. 

• The average population size. 

• The age on entry into the population. 

• The proportion of the population initially infected. 

• The proportion of symptomatic infections to asymptomatic infections. 

• The duration and number of the simulation runs. 
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A.3.2.6 Screening programme 

Screening programme 

Proportion coverage 

Probability faise negative 

Cost of screen 

Age of first screening 

interval between screenings 

0.00 

0.00 

1040.00 

52.00 

OK Cancel 

The screening programme requires information on the age of the first screening, the 

interval between screenings, the coverage of the program, and the false negative 

probability. Cost data can also be entered. 

A.3.2.7 Vaccination programme 

Vaccination programme 

Proportion coverage 

Probability effective 

Duration of immunity 

Age of first vaccination 

Interval between vaccinations 

Cost of vaccination 

0.00 

0.00 

1040.00 

52.00 

0.00 

OK Cancel 

The vaccination programme requires information on the age at first vaccination, the 

interval between vaccinations, the duration of immunity, the coverage of the 
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programme, and the probability of the vaccine being effective for any given person. 

Cost data can also be entered. 

A.3.2.8 Treatment 

Treatments 

Cervicitis 

PID 1 

PID2 

PID 3 

PID 4 

Urethritis 

Epididimitis 

Duration Cost 

5.00 

2.00 5.00 

2.00 1000.00 

1 2.00 1000.00 

2.00 2500.00 

2.00 5.00 

2.00 50.00 

OK Cancel 

Each stage will require a different course of treatment, and each course will last for a 

different length of time and have a different cost. There is also a probability of an 

individual being successfully treated, and also of the individual successfully 

completing the course of treatment. 

A.3.3 Running the model 

The model can be run to show different populations under different intervention 

strategies. For example, the same population can be run under the scenario where 

there is no intervention, and this can be contrasted with the case when there is a 

screening programme, a vaccination programme, or an education programme 

(targeting a combination of the risk groups, their promiscuity, and their attitudes 

towards safe-sex). 
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A.4 Results from model 

A.4.1 Prevalence of infection overtime 

Female population Populabon Male popuiaHon 

140.0 

Number Number Number 

0.00 1001 
Time (weeks) Time (weeks) Time fwGO 

infeetlon Female Infection Male inte I on 

60.00 35 .00 

Number Number Number 

0.00 1001. 
Time (weeks) 

aoo 1001. 
Time (weeks) 

000 1001. 
Time (weeks) 

The different shades of grey represent the prevalences within the different risk groups. 

A.4.2 Generalised results 

Duration of infection 

53.00 

Frequency 

fweek^ 

Number at risk of ectopic pregn^ 

9.00 

Number 

i 
0.00 1001. 

Time (weeks) 

Percentage of leavers infected ( 

100.0 

Percent 

i r " 

0.00 1001. 
Time (weeks) 

Age a t onset o f f i rst Infection 

25.00 

Frequency 

624.0 
mLL 

1144. 

Number of deaths 

2.00 

Number 

0.00 1001. 
Time (weeks) 

Number of infertlles 

9.00 

Number 

m I 
A 

s s s r -
0.00 1001. 

Time (weeks) 
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The general results from the model can indicate the number of deaths that occur due 

to the disease, the number of women either infertile or at increased risk of ectopic 

pregnancy as a result of the disease, and the percentage of people leaving the risk 

population who have been infected. Useful results for checking the performance of the 

model are the length of the infection, and the age at onset of first infection. 

B.OO 

Number 

Number of treatments 

0.00 1001. 
Time (weeks) 

6100. 

Cost 

Cost 

0.00 1001. 
Time (weeks) 

Other useful outputs give the number of treatments overtime and the cost of these 

treatments. 
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A.4.3 Numbers in the various disease states 

14.00 

Number 

0 

0.00 1001. 
Timeĵ weel̂  

= Incubation symptomg ^ | •*• 

Symptomatic eervisit^ | ^ 

9.00 

Number 

0 

9.00 

Number 

0 UlJl 0.00 1001. 
Time (weeks) 

0.00 1001. 
Time (weei<5| 

Symptomatic PID 1 

12.00 

Number 

|0 
0.00 1001. 

Time (weeits) 

2.00 

Number 

0 

0.00 1001. 
Time fweelcsi 

Asymptomatic PIP 31 
2.00 

Number 

0 
0.00 1001. 

Time (weeks) 

3.00 

Number 

0 

0.00 1001. 
Time (weeks) 

Symptomatic PID 4 

3 00 

Number 

0.00 1001. 
Time ( ! (weeks) 

Asymptomatic cervicr Asymptomatic PID 2 Symptomatic PID 3 Asymptomatic PI® 1 

20.00 

Number 

| 2 . 0 0 

Number 

10 

1.00 

Number 

0 
0.00 1001, 

Time (weeks) 
0.00 1001. 

Time (weeks) 

2.00 

Number 

0.00 1001. 
Time (weeks) 

0.00 1001. 
Time (weeks) 

The numbers of women in the various disease states can be seen overtime. 

Incubation asymptomatic (male) 

2.00 

Number 

0.00 1001. 
Time (weeks) 

Asymptomatic UretMt is (male) I I * 

1G.00 

Number 

I L U I • H I 
0.00 

II 
1001. 

Time (weeks) 

Asymptomatic EpidltfimiHs 

1 00 

Number 

0.00 1001 . 

Time (weeks) 

Incubation symptomatic (male) | Symptomatic Urethritis (mate) »• Symptomatic Epididimitis 

20 .00 

Number 

23.00 

Number 

0.00 1001. 

3.00 

Number 

0.00 1001. 
Time (weeks) 

0.00 
1 

1001. 
Time (weeks) 

The number of men in the various disease states can be seen overtime. 
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Appendix B - User guide for Age Prevalence Program 

B.1 Introduction 

The Age Prevalence Program takes data about a population and attempts to fit an 

infection profile. The data required is: 

• The prevalence of infection 

• The duration of infection 

• The prevalence of scarring 

• The prevalence of trichiasis 

• The prevalence of blindness. 

The prevalence and duration of infection can be combined to estimate the number of 

infections per year for a particular age group. Then an age dependant probability of 

scarring can be calculated for each infection, and a probability of trichiasis resulting 

from repeated scarring. A proportion of individuals with trichiasis will become blind, 

and the rate at which this occurs can be calculated. 

B.2 Installation 

The installation of the program is easy, it requires the copying of the following files 

into a single directory: 

• AGEPREV.EXE 

• EGAVGA.BGI 

• All the .CHR files. 

The program is then ready to run by typing "AGEPREV". 
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B.3 Use of the model 

B.3.1 Initial menu 

MAIN MENU 
1. Read data 
2. Save data 
3. Edit data 
4. Import data 
5. Go graph 
6. Fit model 
7. Edit parameters 
8. Calculate incidence 
Q. Exit 

Option 

The options on the menu allow the user to load and save the data or import data from 

data files. The data can also be entered or edited from within the program. A graph of 

the data can be viewed together with the fitted lines. The parameters governing the fit 

of the data can either be entered or calculated automatically. Having determined the 

parameters, the incidence of the various states can be calculated. Finally the user can 

quit the program. 
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B.3.2 Entering data 

Prevalence of infection data 

0 0 .000 
8 0 . 0 0 0 

16 0 . 0 0 0 
2i 0.000 
32 0.000 
40 0.000 
48 0.000 
56 0.000 
64 0.000 
72 0.000 
80 0 . 0 0 0 
88 0 .000 
96 0.000 

1 0.000 
9 0.000 

17 0.000 
25 0.000 
33 0.000 
41 0.000 
49 0.000 
57 0.000 
65 0.000 
73 0.000 
81 0 . 0 0 0 
89 0.000 
97 0.000 

2 0 . 0 0 0 
10 0 . 0 0 0 
18 0 . 0 0 0 
26 0.000 
34 0.000 
42 0.000 
50 0.000 
58 0.000 
66 0.000 
74 0.000 
82 0 . 0 0 0 
90 0.000 
98 0.000 

3 0.000 
11 0.000 
19 0.000 
27 0.000 
35 0.000 
43 0.000 
51 0.000 
59 0.000 
67 0.000 
75 0.000 
83 0.000 
91 0.000 
99 0.000 

4 0.000 
12 0 . 0 0 0 
20 0.000 
28 0.000 
36 0.000 
44 0.000 
52 0.000 
60 0.000 
68 0 . 0 0 0 
76 0.000 
84 0.000 
92 0.000 

100 0 . 0 0 0 

5 0.000 
13 0.000 
21 0 . 0 0 0 
29 0.000 
37 0.000 
45 0.000 
53 0.000 
61 0 . 0 0 0 
69 0.000 
77 0.000 
85 0.000 
93 0.000 

6 0 . 0 0 0 
14 0.000 
22 0 . 0 0 0 
30 0.000 
38 0.000 
46 0.000 
54 0.000 
62 0.000 
70 0.000 
78 0.000 
86 0 . 0 0 0 
94 0.000 

7 0.000 
15 0.000 
23 0.000 
31 0.000 
39 0.000 
47 0.000 
55 0.000 
63 0.000 
71 0.000 
79 0.000 
87 0.000 
95 0.000 

R=Edit all ##=edit particular number 0=Quit I=Edit infection P=edit population 
S=Edit scarring T=Edit trichiasis C=Edit corneal Opacity D=Edit duration 
Option 

At the top of the screen are the current values of the variable for each age (from 0 to 

100). The options under the edit menu allow the user to change individual values or 

change all the values. Alternatively, the user can alter the prevalence of the infection, 

the make up of the population (important for calculating incidence), the prevalence of 

scarring, the prevalence of trichiasis, the prevalence of corneal opacity (blindness), 

and finally the duration of infection. 

B.3.3 Loading data 

The user can load data from the disk; the program will prompt the user for the name of 

the file to be loaded. 

B.3.4 Saving data 

The data can be saved to a file for future reference, the program will prompt the user 

for a name for the file. 

B.3.5 Importing data 

Data can be imported from text files into each of the sets of variables (prevalence 

etc.). The data should be arranged in 101 lines of single values. 
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B.3.6 Displaying graph 

A graph of the data together with the fit of the parameters to the data can be displayed. 

Prevalence of Data line colour Model line colour 

Infection White N/A 

Scarring Red Dark green 

Trichiasis Grey Light blue 

Blindness Dark blue Light green 

Any key can be pressed to return to the main menu from this screen. 

B.3.7 Fitting the parameters to the model 

Parameters can be fitted to the model, figures representing progress of the fitting 

process are shown whilst the model does the necessary calculations. 

The fitting uses a line of best fit, and the sum of the absolute values of the errors 

between the model's lines and the actual lines. 
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B.3.8 Editing the parameters 

It is possible to edit the parameters calculated for the model. 

MAIN MENU 
1. Read data 
2. Save data 
3. Edit data 
4. Import data 
5. Go graph 
6. Fit model 
7. Edit parameters 
8. Calculate incidence 
0. Exit 

Option :7 
Enter new value to change parameter <Enter>= no change 

Number of years of data 86 New value : 
Scarring probability 0.01589 New value : 
Scarring rate 11.53198 New value : 
Trichiasis probability 0.20300 New value : 
Trichiasis rate 2.18933 New value : 
Corneal Opacity rate 0.02604 New value : 

This option also allows the user to view the values chosen for the parameters. The 

option to alter the number of years of data is important if the maximum age observed 

in the data set is less than 100 years - in the example data set, the highest observed age 

is 86. 

B.3.9 Calculate incidence 

Given the calculated prevalence values, and the number of people in each age group, it 

is possible to calculate the incidence of each of the conditions (scarring, trichiasis, and 

blindness). 
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MAIN MENU 
1. Read data 
2. Save data 
3. Edit data 
4. Import data 
5. Go graph 
6. Fit model 
7. Edit parameters 
8. Calculate incidence 
Q. Exit 

Option :8 
Yearly incidence figures 
For scarring 
For trichiasis 
For corneal opacity 

13.671U 
4.23819 
1.83870 

These are the numbers of cases that will be observed annually in the particular 

population being modelled. 
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Appendix C - User guide for Trachoma model 

C.1 Introduction 

This is a model of the spread of Trachoma within a village. The village is composed 

of groups of individuals, each individual is allocated a room within a compound 

within the village, and their probability of infection depends on their location, age, 

and gender, hiterventions (such as chemotherapy, vaccination, and socio-economic) 

can be used on sub-groups of the population to determine effective policies. 

C.2 Installation 

A number of files are required for the model to run, the model also expects a 

particular directory structure; all of the files and directory structure can be obtained 

from the installation disk. 

C.3 Use 

C.3.1 Screen layout 

Trachoma s imu la t i on mod 
U n i v e r s i t y of Southampt< 

C l i n i c a l model 
S imu la t ion i d l e 
Warm up f i l e : None 
Save f i l e : None 

Use mouse. 

i t r E » « b 

The above screen shot shows the model running under clinical mode. In this mode 

only the clinically observable signs of infection are used in the model. 
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On the left of the screen are the status indicators for the model, and the buttons which 

control fundamental options: displaying graphs, obtaining help, saving and loading 

files, setting up general model options, leaving the program, and running the model. 

The icons on the left of the screen can be pressed as fast ways to swap between sub-

menus. 

On the right hand side of the screen is the window which displays "outputs" of the 

model. Currently this window is showing the flow-chart which governs the model of 

the infection. 

Trachoma s imulanon model 
Un ivers i ty of South* 

n ic rob io loq i ca l mode 
Simulation i d l 
Uar* up f i l e : None 
Save f i l e : None 

Use Mouse 

: : 

This shows the more complex flow-chart which governs the infection process when 

microbiological evidence of infection is taken into account - the flow-chart is chosen 

from the "set up" button. Although the flow-chart looks more complex, this is caused 

by the fact that resistance to infection can occur both with and without clinical signs 

of infection. 

Any of the blue buttons in the flow-chart will bring up options to change the 

parameters governing that option. The buttons on the left of the flow-chart (on the 

green background) govern the process of flow into and out-of the population, the 

worsening consequences of infection, the age at which individuals leave their parents 

home, and the interventions which are to be used. 

Page C2 



Appendix C - User guide for Trachoma model 

C.3.2 Help 

There are two options for help. The first is for background information on the 

programme and project. The second option is for help on the flow-chart. Help is 

available for all the buttons in the flow-chart when they are pressed with the help 

option selected. 

Trachoma s imu la t ion model 
U n i v e r s i t y o< Southampton 

Warm up f i l e : Hone 
I J Save f i l e : None 

Select he lp t o p i c . 

S c a r r i n g is the r e s u l t of repeated i n f e c t i o n s . The p r o b a b i l i t y of 
s c a r r i n g depends on the number of i n f e c t i o n s uh ich can be 
assummed to c o r r e l a t e w i th age, and the s e v e r i t y of the i n f e c t i o n s . 

People i n the popu la t ion are e i t he r sca r red or not s c a r r e d , t h e r e 
are no degrees of s c a r r i n g . Once a person i s s c a r r e d , they remain 
s c a r r e d f o r the res t of t h e i r l i v e s , t h e r e i s no t reatment that 
can remove the scars . 

r of s c a r r i n g i n an eye - sou rce WHO trachoma s c o r r i n g card . 

S c a r r i n g leads t o t r i c h i a s i s and then t o severe v i sua l l o s s and 
then f i n a l l y t o b l indness . 

C.3.3 Files 

The model can save and load a number of files. Files containing graphs have the 

extension *.grf or *.gr2, files containing variables have the extension *.var or *.va2, 

files containing warmed up populations have the extension *.wup or *.wu2. 
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Trachoma s i m u l a t i o n model 
U n i v e r s i t y of Southampton 

M i c r o b i o l o g i c a l model 
S i m u l a t i o n i d l e 
Warm up f i l e : None 
Save f i l e : None 

Se lec t f i l e t y p e 

t r i i l ^ b ? 

u,% w 

Files are always saved with a two line description of the contents of the file. 

Trachoma simulation 
Univers i ty of Southampton 

# WeTko* #h# iWt 

Microbiological model 
Simulation i d l e 
Warm up ( i l e : None 
Save f i l e : None 

Files can be loaded by selecting from the list of available files. Once a file is loaded, 

the comments saved with the file are shown in the message box on the left of the 

screen. 

C.3.4 Set up options 

From the set up options button, it is possible to change the number of runs and the 

duration of each run, whether the model uses clinical or clinical and microbiological 

data, the age bands, or some general information about the model. 
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Of these options, the most important is to be able to switch between microbiological 

and clinical flowcharts. The other important option is to be able to adjust the length 

and number of runs - this can also be achieved by "clicking" the bar displaying the 

proportion of the run completed. 

The model uses a number of age bands as standard methods of entering age dependent 

data. These can also be changed from the set up option. 

C.3.5 Probability of infection 

Trachoma s imu la t ion model 
U n i v e r s i t y of Southampton 

Mlcrob io loQica l model 
S imula t ion i d l e 
Harm up f i l e : None 
Save t i l e : None 

t r a ^ b i 

DMAaklliy b#co#lnQ infacied in a luo u#ek period 

G - - . ' 

10.1 

* 
180 

in##cU«n prob 

. E E 

r##& 

1 ^ 

The probability of infection depends on both gender and age. 
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C.3.6 Duration of infection 

Trachoma s imula t ion miodel 
U n i v e r s i t y Southampton 

M ic rob io log i ca l model 
Simulat ion i d l « 
Warm up f i l e : None 
Save f l ies None 

IkfMTong#vGre infection %rf i 

•no 

A? •' 

There is a duration of infection and a duration of clinical signs for different ages and 

both genders. There are also separate durations for the inapparent infections and 

mild/moderate infections. 

Trachoma s i m u l a t i o n model 
U n i v e r s i t y of Sou thamp ton 

M i c r o b i o l o g i c a l model 
S i m u l a t i o n i d l e 
Warm up f i l e : None 
Save f i l e : None 

S e l e c t w h i c h i n f e c t i o n 
p r o b a b i l i t i e s t o be changed . 

0 0 . 0 1000.0 

t r a v i b j 

W' 
Severity ai infection before having severe inleoion 

Ofs tand ProtsabUitjj w Probabitiiij' of PrcWaWty w 
^ sever® infection «otl?r»<» infeclion wapparent SnJectior 

0.1 

0.1 

w 
100 

io.5 

I 0 . 5 

The probability of each type of infection (severe, moderate, inapparent) is determined 

by age and gender, and also by previous severe infection. 
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C.3.7 Scarring and trichiasis 

Trachoma simulat ion « 
Univers i ty of Southan 

t l i c rob io log ica l miodel 
Simulation i d l e 
Warm up f i l e : None 
Save f i l e : None 

Probability o4 #carfing 

W#ct&qn iQmppmr## 

'-4^ : 

(J 0.03 

'jo. 03 
I 0.03 

The probabilities of scarring also depend on the age, gender, and severity of infection. 

A similar scheme determines the probability of trichiasis - given that scarring has 

already resulted (or increased). 

C.3.8 Blindness 

Trachoma s imu la t i on model 
U n i v e r s i t y of Southampton 

M i c r o b i o l o g i c a l model 
S imula t ion i d l e 
Warm up f i l e : None 
Save f i l e : None 

3 

Time WifWiMG afiw in wwkg 

A## Wand 
f 0 
MAW 

W 
MO 

Mean va&u» ̂  "X 14## thah miwrnw 

11000 

I 1000 1 
I 1000 

After trichiasis, it is only a matter of time before the person goes blind. The duration 

of time is indicated by a system which uses three data points to estimate the time to 

blindness. 
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The only way that blindness can be stopped is an intervention which repairs the 

trichiasis - normally surgery. 

C.3.9 Birth, death and migration 

Trachoma s imulat ion model 
Un ive rs i t y of Southampton 

Mic rob io log ica l model 
Simulat ion i d l e 
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The probability of a woman giving birth in any one year period is entered into the 

model. This allows the model to have a good population structure. 

Trachoma s imu la t i on model 
U n i v e r s i t y of Southampton 
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Warm up f i l e : None 
Save f i l e s None 
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Life expectancy is entered into the model, and this includes a figure for the reduction 

in life expectancy resulting from the onset of blindness. 
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Trachoma s imula t ion model 
Un i ve rs i t y of Southampton IkgrMioo. 

Mic rob io log ica l model 
Simulat ion i d l 
Warm up f i l e : None 
Save f i l e : None 

Migration into and out of the village is included in the model. There is a probability 

that a person will migrate out of the village in a particular year, and the duration of 

time that they will leave the village for. Also included is the possibility that when they 

return, they will be infected. 

C.3.10 Maturity 

Trachoma s i m u l a t i o n model 
U n i v e r s i t y of Southampton 

M i c r o b i o l o g i c a l model 
S imu la t ion i d l e 
Warm up f i l e : None 
Save f i l e : None 
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ArobabiHtj of maturity at pa'iicWar agw. 
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3 0 0 .1 
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50 0 .1 

6 0 0 . 1 0 .1 
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0 .1 0.1 

90 0 .1 0 .1 

100 0 .1 0 .1 

At maturity, women will be eligible for marriage, and men will be searching for a 

woman to marry. At this point they will leave the parental home, and be given a new 

room in the compound where they will live with their children. 
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C.3.11 Interventions 

Trachoma s i m u l a t i o n model 
U n i v e r s i t y o< Southampton 
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All interventions have a target population defined by gender and age, a cost, and a 

time that the intervention is administered. 

Trichiasis surgery has a coverage which defined the proportion of the village covered, 

and a duration of effectiveness. 

Trachoma s i m u l a t i o n model 
U n i v e r s i t y of Southampton 
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Vaccination requires parameters governing the coverage, the uptake, and the level of 

protection afforded when the vaccine is working. 

Trachoma s imu la t i on model 
U n i v e r s i t q of Southampton One chQho-«h@rapv i rMtrnem 

M i c r o b i o l o g i c a l model 
S imu la t ion i d l e 
Warm up f i l e : None 
bave f i l e : None 
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Chemo-therapy requires details of the coverage and uptake, as well as the option to 

only treat those with clinical signs of infection. 

Trachoma s i m u l a t i o n model 
U n i v e r s i t y of Southampton 

M i c r o b i o l o g i c a l model 
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Socio-economic intervention will permanently change the transmission probabilities 

of infection within the village, compound, and room. 
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It is easy to combine interventions, or to have a number of interventions occurring 

over time, or, in the case of socio-economic change, to use a further intervention to 

undo the change. 

C.4 Results 

UhiT#r# l ty Of Scuthmmpton 
Population age distribution 

CliMcal mod*! 
S imu la t i on i d l # 
U«r# up f i l w None 
Sav* f i l # * None 

l a l i set up 

1000.0 

ftge (years ) 

Min/Max ZOOM o u t 

A large number of graphs are produced by the simulation. These graphs show both 

cross-sectional views of the population (for example the age distribution) and 

longitudinal results. 

Trachoma f i w j l a i i o n aodel 
U n i Y a r H t y of Sou*hm»fton 

Proportion uith scarrina by age 

C l i n i c a l model 
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The age dependent prevalence of infection and the various consequences of infection 

can be viewed. 

0.15 

m 0.05 

Time (weeks) 

-0-5 age group 5 years 

-0-15 age group 5 years 

•0-5 age group 2.5 years 

-0-15 age group 2.5 years 

It is easy to export the graphs into a spreadsheet, where they can be combined so that 

various interventions can be compared. 
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Appendix D - Entity-based discrete event simulation of an 

infectious disease. 

Abstract 

The spread of an infectious disease is a continuous process in time. In order to take the 

individual variability inherent in a population into account, it is necessary to use 

entity-based simulation to model the infection process. This involves converting what 

is an essentially continuous process into a discrete process that is suitable for entity-

based simulation. This paper examines this conversion and proposes a method which 

combines the analytical results from differential equations with the simulation 

modelling approach in order to provide a robust simulation methodology. The paper 

presents results from using this method to simulate an illustrative disease. 

D.I introduction 

Bailey (1975) reviews the literature on the modelling of infectious diseases. In his 

book, he proposes that the probability of contracting an infection in a time interval 6t 

can be approximated by equation 1: 

Infection probability = transmission probability * prevalence * & (1) 

This equation holds for small values of 5t. When simulating an infectious disease 

process, it is normal to use this equation 1 as a starting point, and by examining the 

population at regular intervals to determine if a person becomes infected. 

It is obvious that the smaller the time interval, the more accurate the results will be, 

but the downside to this is that the run time will increase exponentially as the time 

step decreases. 

This introduces the problem of how small the time step should be in order that the 

simulation competes its task as quickly as possible with accurate results. 
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This question is particularly relevant in the modelling of infectious diseases because 

the probability of infection depends upon the prevalence of infection, and therefore the 

whole infection process is not constant with respect to time. 

Renshaw (1994) summarises two approaches that can be used in the simulation 

modelling of infectious disease in populations - treating the population as a number of 

susceptibles and infected. The first approach is to calculate the time between changes 

in prevalence. The second approach is to examine the population at time-slices and 

determine at each point whether the prevalence increases or decreases. 

The two approaches are proposed for the situation where the infection is considered 

purely as a number of infectives and a number of susceptibles. If the population needs 

to be considered in any greater depth - for example, to take account of age dependant 

characteristics of the individual - then the proposed approaches need to be extended to 

an entity-based approach. 

The entity-based simulation approach is described in numerous sources, such as 

Tocher (1963) or Law & Kelton (1991). Essentially each individual in the population 

is modelled complete with their particular characteristics. The approach enables an 

individual's characteristics to be taken into consideration when modelling the 

infection process. An example of the characteristics that need to be taken into account 

is previous infection history or perhaps an age dependant susceptibility to the 

infection. 

The two approaches suggested in Renshaw can be extended to the entity-based 

simulation approach, however the process of extension introduces several problems. 

The approach which calculates the time between infections for an individual will 

result in a large time interval between changes in infectivity; so the individuals in the 

population will be slow to react to a sudden change of prevalence - such as that caused 

by an intervention. 

The time-slice approach will react quickly to changes in prevalence, but will display 

greatest accuracy when short time-slices are used. The use of short time-slices will 

lead to long program run-times, the run-time can be reduced by increasing the length 
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of the time-slices. However, since the method is based on a first-order approximation 

it will become increasingly inaccurate as the time-slice length increases. This means 

that the choice of the time-slice length will, by necessity, depend on the characteristics 

of the infection, and in particular the duration of infection. Therefore, it is necessary to 

consider the particular time interval chosen very carefully, since a time-slice of too 

great a duration will lead to results which are inaccurate. 

This paper describes an alternative approach to the entity-based simulation modelling 

of the infection process, which combines these two approaches into a single unified 

approach. 

D.2 Differential equation model 

The differential equation model for an infectious disease can be found in Bailey 

(1975). The model focuses on the infective - susceptible cycle without resistance or 

incubation periods. 

Let p represent the prevalence of disease. If i is the number of infectives in a 

population of size N then i/N is also the prevalence. 

Let 07 be a constant that represents the transmission probability of an infectious 

disease given that contact between a susceptible person and an infective person has 

been made. 

Let 6 represent the rate at which infective individuals return to the susceptible state. 

Combining all these into an equation which represents the rate of change of the 

number of infectives, we obtain equation 2. 

^ = (l - p)pNcn - pNd (2) 

If we examine equation 2 for steady state solutions, we obtain a value for p at steady 

state as in equation 3. 

. 6 m-d 
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D.3 Time between infections 

So we now have an equation to determine the prevalence of the infection at steady 

state. It can be seen by inspecting equation (2), that it is possible to obtain a rate of 

gaining infectives. If this rate is examined for each susceptible in the population, it can 

be considered as a probability that the susceptible individual will become infected at 

that (instantaneous) point in time. We can draw an analogy from this to say that this is 

equivalent to a probability density function with a constant hazard rate, which is equal 

to the probability of instantaneously becoming infected. Such a probability density 

function, representing the time between infections, would have to be the negative 

exponential distribution. 

If we do assume that the population is of sufficient size that the approximation of a 

constant prevalence is valid, then the mean time between infections can be calculated: 

P®® 1 
Mean time between infections = dx = (4) Jx=o ^ wp 

We can also evaluate the probability of an individual being infected by time t as 

follows: 

Probability of being infected by time t = [ Q7pe"'"'<ix = 1 - e"®*" (5) 
Jx=0 

D.4 Discrete event modelling 

As mentioned in the introduction, the idea frequently used for the modelling of 

infectious diseases is to examine each member of the population at regular intervals, 

in order to determine if they become infected in the time period before the next 

inspection. 

Let the interval between inspections be denoted by d and the probability of becoming 

infected at each inspection by p. 

The first requirement is that the probability of becoming infected in the discrete model 

and in the continuous model must be the same for the same time interval. In order that 
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this is true, the models must be compared at the points where the continuous time t 

and inspection interval time d*m are equal for some integer m. 

m-1 

Probability of being infected by inspection m = ^ ( l - p) p = l - ( l - p)"' (6) 
x=0 

We can equate equations 5 and 6 producing equation 7. 

=l-(l-py" (7) 

This can be solved to obtain an equation for p (the transmission probability): 

jp = 1 ( 8 ) 

It is easy to show that the expansion of equation 8 (to first order) is equation 1, and 

this expansion will hold for small values of d. 

idmpf 
p = \ - \ + dmp-^ +...^dmp (9) 

So we know that at each inspection (at interval d), the probability of becoming 

infected is p. 

The second consideration is that for the two distributions to be equivalent, the mean 

times between infections for the two systems must be equal at all points. The mean 

time to infection of the geometric distribution with p as a parameter is calculated as 

follows: 

Mean time to infection of geometric distribution = = —- (10) 
d(l-p) d 

' • 1 

It is obvious from comparison with equation 4 that the mean time between infections 

for the two distributions is different. 

To solve this problem, it is necessary to realise that the p calculated in equation 8 

represents the probability that the individual will become infected in the time interval 

d. The actual moment of infection could be anywhere in that interval. Obviously the 

time that the infection occurs will have the same constant probability at every instant 
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during the interval, and will therefore have the negative exponential distribution. 

What is required to occur is that the person will become infected during the interval 

after a delay sampled from the negative exponential distribution. The mean delay 

before infection given that infection will occur during the interval can be calculated 

as follows: 

1 -mpd 
/ ^ \ 

d + — 
(Dp [ _ (Hpxe Qjp 

Mean time delay = 

It can be seen that adding equations 10 and 11 produces the desired result that the 

mean interval between infections is equal to l/UJp. 

D.5 implementing in a simulation 

In order to demonstrate the use of these equations, a simulation of an arbitrary disease 

process was constructed. The type of simulation used was, obviously, entity-based 

discrete event (Tocher 1963, Law and Kelton 1991). 

In discrete event simulation, the process is modelled using events which have a 

definite time point; at each event the system changes in some way. Entities are used to 

represent the objects being simulated. Typical events in an infectious disease model 

might be to determine if a person (represented by an entity) becomes infected, or that a 

person ceases to be infected. 

In the simulation, each individual in a fixed population was inspected at regular 

intervals, of length d, to determine if they had become infected in the time before the 

next inspection. The probability of becoming infected was governed by the value for p 

calculated using equation 8, and the current prevalence. Notice that in this equation, 

the factor dW represents a constant for a particular run with particular transmission 

probability and interval between inspections; also that this factor is not constrained to 

be a probability. 
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If they did become infected within the next interval, the time after the inspection point 

at which they became infected was sampled from a negative exponential distribution 

with mean l/(Dp, and an upper bound of the time before the next inspection. 

If U represents a random number uniformly distributed over the interval between 0 

and 1, then the following equation will produce a value for % sampled from a negative 

exponential distribution with mean l/Wp, but constrained to be less than d. 

x = ^ (12) 
mp 

D.6 Illustrative results from approach 

A simulation model was used with variable inspection intervals to demonstrate the 

way the method works. 

The duration of the infection was also sampled from a negative exponential 

distribution with mean 1/6. 

It should be noted that all the times are in arbitrary units and therefore it is only 

necessary to perform runs on a single infection duration, and a number of inspection 

intervals. The tests was performed over a range of inspection intervals in order that the 

accuracy of the simulation could be assessed. 

Figure 1 shows the an infection with a duration of 14 time unit, and a transmission 

probability of 0.2. This leads to an expected prevalence of 64% calculated from 

equation 3. 
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Figure 1. 64% prevalence 

D.6 Illustrative results of intervention 

This approach is particularly useful when there is an intervention against the infection. 

In the following example, the duration of the infection is 14 time units, and the 

probability of infection is 0.2. The intervention cures 50% of the individuals - leaving 

them immediately susceptible to re-infection. 

Figure 2 shows the results from the method outlined in this paper versus the method 

which causes a change in prevalence based on the individual's mean time between 

infections. 
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Figure 2 - Comparison of modelling approaches. 

D.8 Discussion and conclusion 

From examining the data presented in Figures 1 it is apparent that there is no effect on 

the outcome measures, such as prevalence, despite the change in the inspection 

interval using this method. 

What is actually happening is the burden of calculation is moving from the geometric 

distribution to the negative exponential interval between inspections distribution. In 

other words, as the inspection interval increases, the model becomes less concerned 

with using the prevalence as a measure of the probability of infection, but uses it to 

estimate the mean time between inspections. 

Figure 2 shows that the approach outlined in this paper produces different results from 

the approach which uses mean-time to infection. The mean-time to infection approach 

commits the individuals to becoming infected at a certain point in time, and the 

changes in prevalence whilst waiting to become infected do not cause change to this 

time-point, hence the model is slower to react to change, and will consequently predict 

erroneous results for the effects of interventions. 
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Using this approach the time-slice now represents the longest time delay to a reaction 

to a change in prevalence - the longer the time-slice the slower the system reacts to 

changing prevalence. Therefore the possibility is raised of using some tracking process 

to determine the rate of change of prevalence, and using a continuously variable time-

slice to update the model; a long time-slice could be used when the model is in 

equilibrium, and this time-slice could be reduced when the model is out of 

equilibrium. 

In summary, this paper presents an improved link between the deterministic world of 

differential equations and the stochastic world of entity-based simulation. 
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