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Abstract
Background: A national chlamydia screening programme is currently being rolled out in the UK
and other countries. However, much of the epidemiology remains poorly understood. In this paper
we present a stochastic, individual based, dynamic sexual network model of chlamydia transmission
and its parameterisation. Mathematical models provide a theoretical framework for understanding
the key epidemiological features of chlamydia: sexual behaviour, health care seeking and
transmission dynamics.
Results: The model parameters were estimated either directly or by systematic fitting to a variety
of appropriate data sources. The fitted model was representative of sexual behaviour, chlamydia
epidemiology and health care use in England. We were able to recapture the observed age
distribution of chlamydia prevalence.
Conclusion: Estimating parameters for models of sexual behaviour and transmission of chlamydia
is complex. Most of the parameter values are highly correlated, highly variable and there is little
empirical evidence to inform estimates. We used a novel approach to estimate the rate of active
treatment seeking, by combining data sources, which improved the credibility of the model results.
The model structure is flexible and is broadly applicable to other developed world settings and
provides a practical tool for public health decision makers.

Background
Chlamydia is a very common, curable sexually transmitted infection (STI) caused by the Chlamydia trachomatis
bacteria. Chlamydia prevalence in young women attending general practice in Britain was estimated to be 8.1% in
those under 20 and 5.2% in those aged 20–24 [1], and is
similar in other developed countries. Many infections are

asymptomatic, resulting in a large reservoir of undetected,
untreated infections [2]. Untreated chlamydia infection
may result in long-term sequelae in women including pelvic inflammatory disease (PID) and ectopic pregnancy
[3]. Detection of chlamydia has become easier with the
recent introduction of rapid, sensitive, affordable, and
non-invasive DNA tests [4]. Treatment is also straightforPage 1 of 11
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ward and inexpensive with doxycycline or azithromycin
[5]. Chlamydia screening therefore, has been or is being
implemented in various developed countries including
USA, Sweden, Netherlands, and UK [6-9]. However much
of the epidemiology of chlamydia remains poorly understood [10] and there are many questions regarding the
long term impact of interventions, such as how much PID
is attributable to chlamydia infection and what are the
economic and health costs and benefits of chlamydia
screening? Appropriate mathematical models are required
to address these questions adequately. Models are able to
compare a variety of "what if" scenarios and inform estimates of biological and epidemiological parameters
which are difficult to measure in practice e.g. transmission
rate or the proportion of symptomatic cases seeking treatment.
Population-based deterministic models were first used to
illustrate the importance of the contact structure and
dynamic aspects of infection [11-13]. However population-based models fail to capture important individual
level effects in the sexual network. For example, re-infection is dependent on the infection and treatment status of
current partners, not the average level of infection in the
community. Individual based models of STI transmission
with dynamic sexual partnerships have been developed
which can incorporate such effects [14,15]. Ghani et al
developed an individual-based, dynamic sexual network
model of gonorrhoea transmission within a highly active
"core-group" population [15]. Individuals and their partnerships are explicitly represented, enabling detailed analysis of the network structure. Partnerships form according
to mixing preferences based on sexual activity level and
dissolve dynamically.
There is a growing public health need for a realistic,
dynamic model of chlamydia transmission to inform and
interpret the potential effect of interventions such as
screening programmes and partner notification [16] To
this end it was necessary to extend Ghani's model. The distribution of chlamydia is more widespread and less
focussed in core groups than gonorrhoea, so a population
model was developed [17]. The US Add Health study
found a ten-fold higher prevalence of chlamydia (4.19%)
compared with gonorrhoea (0.43%) in a probability sample of 18–26 year olds [2]. In the UK there were 104,155
chlamydia diagnoses in GUM clinics in 2004, compared
with 22,335 of gonorrhoea [18] To be realistic, the model
also requires age-structure, because chlamydia prevalence
declines with increasing age [1], and at the population
level sexual behaviour and partner choice are strongly agedependent [19,20]. Therefore, we extended the model to
incorporate age-structured sexual behaviour and partnership preferences in the general population. The final
model is a realistic representation of sexual behaviour and
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chlamydia epidemiology in England, but is also broadly
applicable in other developed world settings.
The purpose of this paper is to describe the model parameterisation method and to present the values of selected
parameters that will be used in future applications to
explore chlamydia screening interventions.

Method
Model description
The model is a stochastic, individual based network
model based on that described by Ghani et al [15]. It is
exclusively heterosexual and includes dynamic partnership choice, formation and dissolution, disease transmission, and recovery. The model has a Susceptible-InfectedSusceptible (SIS) structure. Susceptible individuals are
infected, then either seek care or remain untreated, returning to a susceptible state following spontaneous recovery
or treatment. The extended model also incorporates agestructured sexual behaviour and mixing, screening, and
partner treatment. The resulting complex model can simulate a range of sexual behaviour, disease transmission
and control programmes. The model simulates sexual
behaviour, chlamydia transmission and interventions in
Britain.

The parameterisation of sexual behaviour was primarily
informed by the National Survey of Sexual Behaviour and
Lifestyles (Natsal) 2000 [19,21,22], a stratified, nationally
representative, probability sample survey of men and
women in Britain aged 16–44. Over 12,000 individuals in
the core sample, including an ethnic minority boost sample, were asked about their sexual behaviour via face-toface interview and computer assisted self-interview
('CASI') [23]. The response rate was 65.4% in the core
sample and 63.0% in the ethnic minority boost sample.
Sexual behaviour
Individuals are explicitly represented in the model by age,
gender, preferred number of partners, preferred duration
of partnerships, identity of current and past partners,
infection status (and whether actively seeking treatment
or not), and other clinical characteristics such as number
of screens and results. For ease of analysis, behavioural
data equivalent to Natsal 2000 [19,21,22]questionnaire
responses (including partners in the last year and new
partners in the last year) were also stored for each individual.

The rate of sexual partner change for an individual is
determined by the rate of new partnership formation, the
availability of suitable partners, the rate at which partnerships dissolve, and the gap between partnerships. Individuals are available to form a new partnership if their
current number of partnerships is less than their desired
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Table 1: Fixed model parameters

Parameter

Behavioural parameters
Population size (Female = 20,000, Male = 20,000)
Age range in years (uniform distribution)
Preferred number of concurrent partners
<35 years old
35+ years old
Proportion wanting 2 partners (< 35 years old)
Mean duration of short partnerships (days)
Number of sex acts per day
Short partnerships
Long partnerships
Mean gap in days between partnerships (dispersion)*
Infection parameters
Duration (in days)
No treatment seeking
Treatment seeking
Mean refractory period (in days) following treatment (dispersion)*
Health care parameters
Attendance rate at health care setting (proportion who report attending a
health care setting in the last 12 months)
Treatment efficacy (in those partner notified or screened)
Mean delay (in days) before partner treatment (dispersion)*
Probability of accepting screen

Best fit or
estimated
value

Source

40,000
16–44

Natsal 2000 [19]
Natsal 2000 [19]

1 or 2
1
0.05
14
1
0.25
14 (2)

Assumption based on Kretzschmar model [24]
Assumption based on Natsal 2000 [19]
Assumption based on Kretzschmar model [24]

Assumption
Assumption based on Golden [10], Korenromp [30]

180
30
7 (10)

Assumption based on CEG guidelines [5]

0.85

Chlamydia Recall Study [26,27]

0.95
7 (10)
0.5

Treatment guidelines [37]
Assumption based on unpublished Recall study
Assumption based on screening studies [38,39]

*Parameters drawn from a negative binomial distribution, mean and dispersion.

number of partnerships (either 1 or 2). Potential pairs are
selected at random from the pool of available candidates
and the partnership forms stochastically according to
probabilities assigned in age mixing matrices for men and
women (derived from Natsal 2000 data). Most partnerships form between people of the same age and men have
a tendency to form partnerships with women somewhat
younger than themselves (age difference mode = 0 years,
mean = 2) [19]. The duration of partnerships is assumed
to be exponentially distributed, giving a constant per
time-step probability of a partnership dissolving of 1/
(average duration of partnership). Long and short partnerships have different mean durations (Table 1). When a
new partnership forms in the model, one person from the
pair is selected at random and that person's preferred
duration (long or short) is assigned to the new partnership. This means that those who prefer long partnerships
sometimes have short partnerships, and vice versa. There
is a gap between partnerships, during which time an individual cannot form any new partnerships, plus an additional period of time when an individual cannot form a
partnership with their most recent partner to prevent the
same partnership reforming immediately the pair become
available.
The level of concurrency is defined as the proportion of
the population that prefer 2 partners until they reach 35

years of age, fixed at 5% in these simulations (Table 1).
After age 35, all persons prefer one sex partner [24],
although existing partnerships are not ended. If either
partner has an existing partner when the partnership
forms, the concurrent partnership is always assigned as
short.
Age dependent processes
Age is an important determinant of sexual behaviour and
chlamydia risk [19-21]. The model population is aged 16–
44, as in Natsal 2000. Aging occurs deterministically once
per year for all individuals in the population. The preferences for new partnerships (but not existing partnerships)
are adjusted annually. When an individual reaches age 45,
they are removed from the population and a new 16 year
old enters (gender maintained). Existing partnerships are
not ended, but are flagged as external to the population,
so that individuals <45 year of age in a stable partnership
do not become prematurely available for new partnerships when their partner passes 45 years of age.

In the model, sexual partnerships form stochastically
according to age mixing preferences. Individuals generally
form fewer new partnerships as they age. This is implemented by a fraction of the population who prefer short
partnerships switching to long, all those who prefer long
partnerships increasing the average duration of partner-
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Figure
in
Frequency
the model
1 of age differences between sexual partners (males compared to females, aged 16–44) observed in Natsal 2000 and
Frequency of age differences between sexual partners (males compared to females, aged 16–44) observed in Natsal 2000 and
in the model.
ships (i.e. decreasing the chance of the partnership dissolving) and shifting the preference for partners of
different ages according to the age mixing matrices.
Infection processes
Transmission of chlamydia occurs stochastically between
an infected index case and uninfected current partner,
with a per sex act probability, assuming one sex act per day
in partnerships which have lasted less than one month
and 0.25 per day in longer partnerships.

There is a constant per day probability of recovery of (1/
average duration of infection). A fraction of newly
infected individuals are assumed to actively seek treatment and to recover at a faster rate than those not seeking
treatment. The recovery rate of those not seeking care is
influenced by the level of screening and partner notification. After treatment for any reason, individuals enter a
variable refractory period during which re-infection cannot occur, to simulate patients following advice to abstain
for a week and until partners have been treated (British
Association of Sexual Health and HIV (BASHH) guidelines) [5].
Partner notification and screening
Partner notification is implemented by examining partnerships within the last 3 months (as per BASHH guidelines) [5]. For each partner there is a probability of being
contacted. Notified partners are treated after a variable

delay following treatment of the index case, with certain
efficacy. Individuals may be partner notified as a result of
the index seeking treatment due to symptoms or screening. For individuals treated via partner notification, their
partners are not traced.
Various screening programmes can be implemented in the
model, some of which are explored in Turner et al (Turner
KME, Adams EJ, LaMontagne DS, Emmett L, Baster K,
Edmunds WJ. Modelling the effectiveness of chlamydia
screening in England (submitted). Available upon
request).
Model parameterisation
For many of the model parameters few data are available
(e.g. fraction of individuals who seek treatment for infections), the value is highly variable (e.g. duration of
untreated infection [10,25]) or the parameter of interest
cannot be measured directly (e.g. sexual behaviour is usually collected retrospectively and cross-sectionally as
number of partners over a given time period, but is implemented prospectively as desired partner formation and
dissolution rates). Therefore, some of the parameters are
estimated by fitting the model to data.

Behavioural parameters were informed principally by
Natsal 2000 [19,21,22].Infection and treatment parameters were fitted using Natsal 2000 and other available data
sources [1,21,26,27].
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Table 2: Fitted model parameters

Parameter

Best fit or
estimated value

Limits of 95% CI

Range (increment)

Behavioural parameters
Proportion that switch from desiring short to
long partnerships per year
Men
Women
Initial proportion of 16 year olds desiring short
partnerships
Men
Women
Mean duration in days of long partnerships (16
year olds)
Increase in partnership duration per year, in days

200

Infection parameters
Transmission probability per sex act

0.0375

0.035–0.04

0.035–0.05 (0.0025)

0.0
0.045

0.04–0.05
0–0.005

0–0.05
0–0.055 (0.005)

0.2

0.1–0.25

0.0–0.5 (0.05)

Fitted to Natsal 2000 [19]
0.04
0.08

0.02–0.06
0.06–0.08

0.0–0.08
0.04–0.12 (0.02)
Fitted to Natsal 2000 [19]

0.6
0.5
900

0.5–0.7
0.4–0.6

0.4–0.8
0.3–0.7 (0.1)
Based on exploratory
fitting to Natsal 2000 [19]
Based on exploratory
fitting to Natsal 2000 [19]

Proportion seeking treatment
Men
Women
Health care parameters
Proportion of partners notified

Source

Fitted to Natsal 2000 [19]
& Adams et al [1]
Fitted to Natsal 2000 [19]
& Adams et al [1]

Fitted to Natsal 2000 [21]
& Adams et al [1]

Note: Fitted parameters are presented with the limits of the 95% confidence intervals (meaning that the 95% CI lies within those limits, further
refinement was not done). The range tested in the fitting routines and the increment used is also shown.

Behavioural parameter estimation
Estimation of behavioural parameters was done in two
stages: an exploratory stage, to assess the impact of different parameters on model behaviour and to refine parameter ranges, followed by a second phase of fitting using
maximum likelihood. Several parameters were unknown:

• the proportion of individuals desiring short partnerships (males (M) and females (F))
• the proportion of individuals changing from wanting
short partnerships to long partnership each year (M, F)
• the average duration of long partnerships (M, F)
• the annual increase in preferred partnership duration
(M, F)
• the duration of the average gap between partnerships.
Sexual behaviour stabilised after running the model for 10
years, and a population of 6000 (3000 males and
females) was sufficient to generate the range of behaviour
observed in larger model populations. Latin hypercube
sampling (LHS) was used to generate more than 800
parameter sets in the exploratory phase. The average of 5
model realisations was used to maximise efficiency. There

was high correlation between the parameters in determining the fit of the model.
The model outputs were grouped by age, sex and sexual
activity and were compared to Natsal 2000 data. Sexual
activity groups were defined on the basis of number of
partners (0–1, 2–3, 4–7, 8+) and were populated with
either the number of individuals reporting that activity
level (i.e. frequency) or the number of partnerships contributed by individuals within that group (weighted frequency).
In the Natsal 2000 survey, there was inconsistency
between genders in reported behaviour: men reported on
average 1.5 times as many partners as women, in common
with other such surveys [19,28]. During the exploratory
phase, male and female data were therefore fitted separately, using least squares. Fitting to the male reported
data generated higher rates of partner change than fitting
to female data. Fitting to data on the number of partnerships generated higher rates of partner change than fitting
to the number of individuals observed with different levels of activity.
For the second phase, the model was fitted using maximum likelihood to male partnerships in the last year only.
This best replicated the variability and range of observed
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1
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1
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100%
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80%

80%

60%

60%

40%

40%

20%

20%

2-3

4-7

8+

4-7

8+

4-7

8+

30-34 years

0%

0%
1
100%

2-3

4-7

1

8+
100%

35-39 years

80%

80%

60%

60%

40%

40%

20%

20%

0%

0%
1

2-3

4-7

8+

2-3
40-44 years

1

2-3

Figureoutput
Proportion
model
2 of compared
partnerships
with
contributed
Natsal 2000
by data
different
by age
activity
groupgroups
and gender
for the best fitting model (fitted to male partnerships),
Proportion of partnerships contributed by different activity groups for the best fitting model (fitted to male partnerships),
model output compared with Natsal 2000 data by age group and gender.

behaviour, giving a longer tail to the distribution (i.e.
including a few individuals with many partners). It has
also been suggested that male reporting may be more reliable than females [29].
Results from the exploratory runs showed that varying as
few as four population parameters was sufficient to generate a range of sexual behaviour comparable with the
empirical data. The proportion of short partnerships (M,
F) at recruitment into the sexually active population and
the proportion that change from preferring short to long

partnerships (M, F) were therefore varied in the second
phase. The remaining parameters were fixed (Table 1):
average duration of long partnerships in 16 year olds, the
annual increase in desired partnership duration, duration
of short partnerships and the duration of the gap between
partnerships. All fixed parameters were assumed to be the
same for men and women. The log likelihood, saturated
log likelihood and deviance were calculated (Appendix).
Behavioural parameters and their best fit values are given
in Table 2. A matrix of probabilities of partnership formation by age was derived from the age differences between
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8%

MEN
NATSAL data
model

5%
4%

3%

3%

2%

2%

1%

1%

0%

0%
Age

NATSAL data
model

6%

4%

16-19

WOMEN

7%

20-24

16-19

Age

20-24

Figure
to
Baseline
the model
3results for the proportion of males (a) and females (b) by age group ever treated for chlamydia, Natsal 2000 compared
Baseline results for the proportion of males (a) and females (b) by age group ever treated for chlamydia, Natsal 2000 compared
to the model.

Infection parameter fitting
Chlamydia prevalence in the model depends on the transmission probability, duration of infection in those cases
seeking treatment and not seeking treatment, the proportion seeking treatment, and the level of partner notification. Estimates for the duration of chlamydial infection
vary greatly [10,30]. Further, the duration and transmission probability are highly correlated in determining
chlamydia prevalence. We therefore chose to fix the average duration of infection in men and women at one
month for those seeking treatment and six months for
those not seeking treatment. The transmission probability, the proportion seeking treatment (M/F), and the level
of partner notification were allowed to vary. Infection was
introduced into the population and run for 15 years to
reach a stable equilibrium, before calculating the model
fit.

The model was fitted to data on chlamydia prevalence in
women and the proportion of individuals who have
reported ever having been diagnosed with chlamydia (and
presumed treated), by age and gender [1,21]. Chlamydia
prevalence estimates were taken from a systematic review
of chlamydia prevalence in general practice (GP) clinic
attendees [1]. These were estimated for various factors
using a random effects regression model. Numerators and
denominators were generated to ensure the prevalence
and their 95% confidence intervals (CI) were the same as
those in the systematic review [1]. Data on previous

chlamydia diagnoses were obtained from the Natsal 2000
survey. Those older than 25 years reported less past treatment for chlamydia than younger women, which may
reflect recent changes in testing, treatment, prevalence, or
recall bias. Therefore data on previous diagnosis for males
and females aged <25 years only and chlamydia prevalence in all age groups were used to fit the model. The
binomial log likelihood, saturated log likelihood and
deviance for each subgroup were calculated and then
summed (Appendix).
Exploratory runs of the model were performed to predict
the likely range of values for the varied parameters (each
parameter set was averaged over 15 simulations). This
10%

Prevalence (%)

sexual partners observed in Natsal 2000 data and used in
the model. The age differences observed in the model are
compared with Natsal 2000 in Figure 1.

GP estimate
Model

8%
6%
4%
2%
0%
16-19

20-24
25-29
Age group

30-44

Figure
Baseline
estimated
al,
2004)4model
[1]
prevalence
chlamydia
in general
prevalence
practice
by attendees
age compared
(Adams
withet
Baseline model chlamydia prevalence by age compared with
estimated prevalence in general practice attendees (Adams et
al, 2004) [1].
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range was then further refined by systematically combining parameters (proportion seeking treatment (M/F),
transmission probability, and partner notification), by
fixing two parameters and allowing the others to vary.
Once a local best fit was found (lowest deviance), the
other parameters were varied to search for a better fit.
Thirty realisations were performed for each parameter set
for the final fitting routines. Univariate sensitivity analysis
was performed for each of the five parameters, and the
95% CI was estimated by finding those parameter values
that lie within 3.84 of the deviance estimate.

Results
The results of fitting the model to behavioural data are
shown in Figure 2 for male and female partnerships in the
last year. The best fit parameter values, and the values that
gave fits within 95% confidence limits are presented in
Table 2. The model fits better to the male data than the
female data, due to the choice of fitting procedure (i.e.,
the model was fitted to male behavioural data). In both
males and females, the model overestimates the number
of partners of the youngest age groups, and slightly underestimates in older age groups. The fitted model has a
higher rate of partner change in females than observed in
the data. The discrepancy between data and model is
greatest in the youngest women
Given the set of behavioural parameters, the estimated
biological parameters (and 95% confidence intervals)
that produced the best fit are shown in Table 2. The best
fitting model suggests a partner notification efficacy of
20%, per sex act transmission probability of 0.0375 and
that a small fraction of cases are treated as a result of active
treatment seeking (less than 5% of new female and 0.05%
of new male cases). The best fitting model results are
shown in comparison with the proportion reporting
chlamydia treatment (Figure 3) and the prevalence of
chlamydia in women (Figure 4).

Discussion
The aim of this study was to develop a flexible, credible
model of chlamydia transmission in Britain to address
public health questions regarding chlamydia epidemiology and interventions including screening. We extended
the model of Ghani et al to incorporate relevant features
such as age-dependent sexual behaviour [15]. We used
multiple data sources and an iterative process of parameter fitting and refinement to estimate sexual behaviour
and biological parameters representative of current
chlamydia epidemiology in Britain.
The distribution of sexual behaviour in the fitted model is
broadly similar to that observed in Britain (Figure 2). In
the model the total number of partnerships contributed
by men and women are equal, because it is a closed pop-

http://www.tbiomed.com/content/3/1/3

ulation and partnerships can be counted perfectly. However, the model was fitted to male partnership data from
Natsal 2000, which found that men report more partnerships than women [19,28]. Data available to validate and
parameterise the model are based on retrospective
accounts of individual's sexual behaviour, which are subject to various biases [31,32]. The reasons for the observed
discrepancy are not fully understood, but could include
male over-reporting, female under-reporting or gender
differences in the distribution of partners. An Australian
study compared reports of sexual behaviour under different survey conditions and found that males' reports were
more consistent than females', and that females tended to
report fewer partners when they believed the responses
were not anonymous compared with when they believed
lies would be detected, suggesting a bias towards underreporting [29]. Others have suggested that the difference
between men and women primarily lies in the tail of the
distribution and that female sex workers, who are likely to
be poorly represented in population-based surveys, may
supply the extra partnerships reported by men [33,34].
The true situation is probably a combination of these. We
chose to fit the model to behaviour reported by men, as
this may be more reliable. However, the sexual activity of
women in the model is then higher than that reported in
the data. The difference is greatest in the youngest women.
If we had fitted to either women or some average of both,
the model would have fitted neither data set well,
although the overall model behaviour would be roughly
similar and the fitted infection parameters would be
slightly different.
The distribution of chlamydia by age and the number of
people treated for infection follows that observed in
young women [1,21]. Chlamydia prevalence is highest in
the youngest age groups and lowest in the oldest. While
surveillance data from genitourinary medicine clinics suggest that male prevalence may be highest in the 20–24
year old ages [18], a recent review does not suggest a difference in male and female prevalence, therefore we fitted
to female data only. More data on the prevalence and incidence of chlamydia in men are needed to improve the
parameter estimates [1].
The estimates of transmission probability are highly
dependent on the values of the duration of infection chosen, but there are few reliable data on the timing of treatment or recovery under different scenarios of symptoms,
contact tracing and screening. If the average duration of all
infections were shorter than we modelled, the transmission probability would need to be higher to fit to the same
overall prevalence. The level of partner notification (that
is partners of contacts are known to have been tested and
treated) predicted by the best fitting model was 20%. Data
from the Chlamydia Recall Study suggested that partner
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notification might be as high as 50% in a study setting
[26]. There are problems in interpreting the estimate of
20% as it is also correlated with the other infection parameter estimates and was fitted to the observed low rate of
treatment. However the efficacy in a non-study setting is
likely to be lower and the importance of maintaining and
improving partner notification is crucial to the long-term
success and effectiveness of interventions.
The proportion seeking treatment is low compared with
other estimates of the proportion symptomatic [3,24,35].
This is due to several reasons. Firstly, active treatment
seeking is not directly analogous to symptomaticity,
which is an assumption in our model. A modelling study
has suggested that the proportion of time an infection
shows symptoms may be less frequent and also intermittent [30], and therefore may not prompt an individual to
seek treatment if his/her symptoms disappear. In a recent
US Add Health study, 4.19% of 18–26 year olds were
infected with chlamydia, and more than 95% of infections were asymptomatic [2]. In the model, those who
have reported treatment for chlamydia may have done so
from either seeking treatment or through partner notification. In reality, treatment may be more frequent (with or
without confirmed diagnosis) due to co-treatment of gonorrhoea cases or syndromic management of urethritis in
men [36]. Secondly, we fitted to very low rates of treatment observed in the population, particularly among
men, based on retrospective data collected by Natsal
2000. Recent data from the Health Protection Agency
show that chlamydia diagnoses (and presumably treatment) have increased since 2000, from both a real
increase in chlamydia prevalence and increased testing
and diagnoses through education and screening [18]. We
compared our estimates of treatment seeking to those in
the model by Kretzschmar et al [24], which is the most
thorough study published to date and is broadly comparable to ours in terms of structure and dynamics. We ran
our model using the infection parameters from their published model, including a higher proportion of symptomatic infection (higher treatment rate). The model
chlamydia prevalence was similar to that observed using
our values, but the proportion of 20–24 year olds ever
treated was over 45%. This compares with 4.5% in the fitted model and 5.1% (3.7–6.9%, 95% CI) of 20–24 year
old women ever treated for chlamydia reported in Natsal
2000. Similarly, the Chlamydia Recall Study found that
8% of women aged 20–24 reported past treatment for
chlamydia [26]. We believe that, although the true rate of
treatment seeking maybe higher than we estimated, the
novel use of data on reported rates of treatment to parameterise the model has led to a more credible model and is
justified by the fit to data.

http://www.tbiomed.com/content/3/1/3

The model is complex and there are many interactions
between the parameters. Therefore the values presented
here should be considered as a best fitting set of parameters, rather than taken individually. There are limitations
to the model structure, e.g. there may be more individual
variability between individuals during their sexual life histories than we were able to simulate. There is a trade-off
between model complexity and the ability to validate the
model with data. More data are needed on sexual life histories as well as further analysis of the sensitivity and
robustness of the model assumptions. The advantages of
this individual based model over other possible choices
are that the history of individuals can be tracked over
time, e.g. exposure to infection, previous partners or
number of screens. Infection and reinfection events occur
within explicitly defined partnerships, which enables
partner notification. Finally the model structure is very
flexible and additional screening or partner notification
strategies and other behavioural patterns or infections can
be added.

Conclusion
The model is applicable to other developed world settings. It is being used to investigate the effectiveness of
interventions such as chlamydia screening in England
(Turner et al, submitted). Modelling is underway to
improve understanding of the natural history of pelvic
inflammatory disease and estimate the cost-effectiveness
of interventions designed to prevent it. The model fitting
was as systematic as possible given the limitations of computing time and data. A strength is the use of novel data
on past treatment to improve parameter estimates. We
therefore believe this model to be a significant improvement in providing a realistic model for use in public
health decision-making.

Abbreviations
Natsal 2000 – National Survey of Sexual Attitudes and
Lifestyles 2000
BASHH – British Association of Sexual Health and HIV
GP – General practice
STI – Sexually Transmitted Infection

Competing interests
The author(s) declare that they have no competing interests.

Appendix
The proportion of males in each sexual activity group
(defined by the number of partnerships in the last year) by
age group is assumed to follow a multinomial distribu-
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tion. The log-likelihood (Lbeh) of the model given the data
and the saturated log-likelihood (Lbeh*) are given by:

2.

Lbeh = ∑ ∑ Qap ∗ log(y ap )

3.

Lbeh ∗ = ∑ ∑ Qap ∗ log( zap )

4.

where Qap is the number of males (female results not used
for final fitting), age group a (16–19, 20–24, 25–29, 30–
34, 35–39, 40–44) and sexual activity group p with a given
number of partners (1, 2–3, 4–7, 8+) observed from Natsal, and yap and zap are the proportion of males, age group
a with p number of partners, from the Natsal 2000 data
and observed in the model, respectively. The deviance is
given by:

5.

6.

Devbeh = (- 2*(Lap - Lap*))

8.

a

p

a

p

7.

which was minimised to find the best fitting set of behavioural parameters.
The biological parameters were also fitted using maximum likelihood. As the data are binomial the model log
likelihood (Lbio) and saturated log likelihood (Lbio *) are
given by:

9.

10.
11.

Lbio = Lbio_prev + Lbio_prop
Lbio* = Lbio_prev* + Lbio_prop*

12.

The formula is illustrated for Lbio_prev, and is the same for
Lbio_prop:

13.
14.

(

) (

Lbio _ prev = ∑ ∑ I ga ∗ log x ga + Sga ∗ log(1 − x ga )
g

a



I ga
Lbio _ prev ∗ = ∑ ∑  I ga ∗ log 


g a 
 Sga + I ga

)

 
 Sga
  +  Sga ∗ log 
 
 Sga + I ga
 







where Iga is the observed number of infected, Sga the
observed number of susceptibles, and xga is the model estimate of the proportion of infected, by gender g and age
group a. For prevalence, g (females), by four age groups a
(16–19, 20–24, 25–29, 30–44) and for the proportion
ever treated, g (males, females) by two age groups (16–19,
20–24) and the values summed.

15.
16.

17.

18.

The deviance was calculated and minimised in the fitting
routine:

19.

Devbeh = (- 2*(Lap - Lap*)).

20.

References

21.

1.

Adams EJ, Charlett A, Edmunds WJ, Hughes G: Chlamydia trachomatis in the United Kingdom: a systematic review and analysis of prevalence studies. Sex Transm Infect 2004, 80:354-362.

Miller WC, Ford CA, Morris M, Handcock MS, Schmitz JL, Hobbs
MM, Cohen MS, Harris K, Udry JR: Prevalence of chlamydial and
gonococcal infections among young adults in the United
States. JAMA 2004, 291:2229-2236.
Cates Jr W, Wasserheit JN: Genital chlamydial infections: Epidemiology and reproductive sequelae. Am J Obstet Gynecol
1991, 164:1773-1781.
Cook RL, Hutchison SL, Ostergaard L, Braithwaite RS, Ness RB: Systematic review: noninvasive testing for Chlamydia trachomatis and Neisseria gonorrhoeae.
Ann Intern Med 2005,
142:914-925.
Clinical Effectiveness Group, Association of Genitourinary Medicine
and the Medical Society for the Study of Venereal Diseases: Clinical
Effectiveness Guidelines for the Management of Chlamydia
trachomatis Genital Tract Infection.
2001 [http://
www.bashh.org].
Centers for Disease Control and Prevention: Sexually Transmitted Disease Surveillance 2003 Supplement: Chlamydia Prevalence Monitoring Project Annual Report 2003. Atlanta, CDC,
Division of STD Prevention; 2004.
Gotz H, Lindback J, Ripa T, Arneborn M, Ramstedt K, Ekdahl K: Is the
increase in notifications of Chlamydia trachomatis infections
in Sweden the result of changes in prevalence, sampling frequency or diagnostic methods? Scand J Infect Dis 2002, 34:28-34.
van Bergen J, Goetz HM, Richardus JH, Hoebe CJPA, Broer J, Coenen
AJT: Prevalence of urogenital Chlamydia trachomatis
increases significantly with level of urbanisation and suggests
targeted screening approaches: results from the first
national population based study in the Netherlands. Sexually
transmitted infections, 2005, 81:17-23.
LaMontagne DS, Fenton KA, Randall S, Anderson S, Carter P: Establishing the National Chlamydia Screening Programme in
England: results from the first full year of screening. Sex
Transm Infect 2004, 80:335-341.
Golden MR, Schillinger JA, Markowitz L, St Louis ME: Duration of
untreated genital infections with Chlamydia trachomatis: a
review of the literature. Sex Transm Dis 2000, 27:329-337.
Hethcote HW, Yorke JA: Lecture Notes in Biomathematics - Gonorrhea
Transmission Dynamics and Control ISBN 3-540-13870-6 Springer-Verlag Berlin Heidelberg New York Tokyo edition. Edited by: Levin S.
Springer-Verlag, Berlin Heidelberg New York Tokyo; 1984.
Anderson RM, May RM: Infectious diseases of humans: dynamics and control Oxford; 1991.
Garnett GP, Anderson RM: Sexually transmitted diseases and
sexual behaviour: insights from mathematical models. J Infect
Dis 1996, 174:S150-S161.
Kretzschmar M, Van Duynhoven YTHP, Severijnen AJ: Modeling
prevention strategies for gonorrhoea and chlamydia using
stochastic network simulations.
Am J Epidemiol 1996,
144:306-317.
Ghani AC, Swinton J, Garnett GP: The Role of Sexual Partnership Networks in the Epidemiology of Gonorrhoea. Sex
Transm Dis 1997, 24:45-56.
Roberts T, Robinson S, Barton P, Bryan S, McCarthy A, Macleod J,
Egger M, Low N: The correct approach to modelling and evaluating chlamydia screening. Sexually transmitted infections 2004,
80:324-325.
Stoner BP, Whittington WL, Hughes JP, Aral SO, Holmes KK: Comparative epidemiology of heterosexual gonococcal and
chlamydial networks: implications for transmission patterns.
Sex Transm Dis 2000, 27:215-223.
The UK Collaborative Group for HIV and STI Surveillance: Mapping
the Issues. HIV and other Sexually Transmitted Infections in the United
Kingdom: 2005. London, Health Protection Agency Centre for Infections; 2005:1-81.
Johnson AM, Mercer CH, Erens B, Copas AJ, McManus S, Wellings K,
Fenton KA, Korovessis C, Macdowall W, Nanchahal K, Purdon S,
Field J: Sexual behaviour in Britain: partnerships, practices,
and HIV risk behaviours. Lancet 2001, 358:1835-1842.
Anderson RM, Gupta S, Ng W: The significance of sexual partner
contact networks for the transmission dynamics of HIV. J
Acquir Immune Defic Syndr 1990, 3:417-429.
Fenton KA, Korovessis C, Johnson AM, McCadden A, McManus S,
Wellings K, Mercer CH, Carder C, Copas AJ, Nanchahal K, Macdowall W, Ridgway G, Field J, Erens B: Sexual behaviour in Britain:
reported sexually transmitted infections and prevalent geni-

Page 10 of 11
(page number not for citation purposes)

Theoretical Biology and Medical Modelling 2006, 3:3

22.

23.

24.

25.
26.

27.

28.
29.
30.

31.

32.

33.
34.

35.
36.
37.
38.

39.

tal Chlamydia trachomatis infection.
Lancet 2001,
358:1851-1854.
Fenton KA, Mercer CH, McManus S, Erens B, Wellings K, Macdowall
W, Byron CL, Copas AJ, Nanchahal K, Field J, Johnson AM: Ethnic
variations in sexual behaviour in Great Britain and risk of
sexually transmitted infections: a probability survey. Lancet
2005, 365:1246-1255.
Johnson AM, Copas AJ, Erens B, Mandalia S, Fenton K, Korovessis C,
Wellings K, Field J: Effect of computer-assisted self-interviews
on reporting of sexual HIV risk behaviours in a general population sample: a methodological experiment. AIDS 2001,
15:111-115.
Kretzschmar M, Welte R, van den Hoek A, Postma MJ: Comparative model-based analysis of screening programs for
Chlamydia trachomatis infections. Am J Epidemiol 2001,
153:90-101.
Molano MW: Prevalence and determinants of Chlamydia trachomatis infections in women from Bogota, Colombia. Sex
Transm Infect 2003, 79:474-478.
Chlamydia Recall Study Advisory Group: The chlamydia recall
study: investigating the incidence and re-infection rates of
genital chlamydial infection among 16-24 year old women
attending general practice, family planning and genitourinary medicine clinics, March 2002-August 2004. Part 1. London, Health Protection Agency Centre for Infections; 2004.
Chlamydia Recall Study Advisory Group: The chlamydia recall
study: investigating the incidence and re-infection rates of
genital chlamydial infection among 16-24 year old women
attending general practice, family planning and genitourinary medicine clinics, March 2002-August 2004. Part 2. London, Health Protection Agency Centre for Infections; 2005.
Smith TW: Discrepancies between men and women in reporting number of sexual partners: a summary from four countries. Soc Biol 1992, 39:203-211.
Alexander MG, Fisher TD: Truth and consequences: using the
bogus pipeline to examine sex differences in self-reported
sexuality. J Sex Res 2003, 40:27-35.
Korenromp EL, Sudaryo MK, de Vlas SJ, Gray RH, Sewankambo NK,
Serwadda D, Wawer MJ, Habbema JD: What proportion of episodes of gonorrhoea and chlamydia becomes symptomatic?
Int J STD AIDS 2002, 13:91-101.
Wadsworth J, Johnson AM, Wellings K, Field J: What's in a mean?
An examination of the inconsistency between men adn
women in reporting sexual partnerships. J R Statist Soc A 1996,
159:111-123.
Ghani AC, Donnelly CA, Garnett GP: Sampling biases and missing data in explorations of sexual partner networks for the
spread of sexually transmitted diseases. Stat Med 1998,
17:2079-2097.
Morris M: Telling tails explain the discrepancy in sexual partner reports. Nature 1993, 365:437-440.
Brewer DD, Potterat JJ, Garrett SB, Muth SQ, Roberts JMJ, Kasprzyk
D, Montano DE, Darrow WW: Prostitution and the sex discrepancy in reported number of sexual partners. Proc Natl Acad Sci
U S A 2000, 97:12385-12388.
Stamm WE: Chlamydia trachomatis Infections: Progress and
Problems. J Inf Dis 1999, 179:380-383.
GRASP Steering Group: The Gonococcal Resistance to Antimicrobials Surveillance Programme (GRASP) Year 2004
Report. Edited by: Agency HP. London; 2005.
Clarke J: Therapeutic management. International Handbook of
Chlamydia 2001:49-61.
Pimenta JM, Catchpole M, Rogers PA, Perkins E, Jackson N, Carlisle
C, Randall S, Hopwood J, Hewitt G, Underhill G, Mallinson H, McLean
L, Gleave T, Tobin J, Harindra V, Ghosh A: Opportunistic screening for genital chlamydial infection. I: acceptability of urine
testing in primary and secondary healthcare settings. Sex
Transm Infect 2003, 79:16-21.
Macleod J, Salisbury C, Low N, McCarthy A, Sterne JA, Holloway A,
Patel R, Sanford E, Morcom A, Horner P, Davey SG, Skidmore S, Herring A, Caul O, Hobbs FD, Egger M: Coverage and uptake of systematic postal screening for genital Chlamydia trachomatis
and prevalence of infection in the United Kingdom general
population: cross sectional study. BMJ 2005, 330:940.

http://www.tbiomed.com/content/3/1/3

Publish with Bio Med Central and every
scientist can read your work free of charge
"BioMed Central will be the most significant development for
disseminating the results of biomedical researc h in our lifetime."
Sir Paul Nurse, Cancer Research UK

Your research papers will be:
available free of charge to the entire biomedical community
peer reviewed and published immediately upon acceptance
cited in PubMed and archived on PubMed Central
yours — you keep the copyright

BioMedcentral

Submit your manuscript here:
http://www.biomedcentral.com/info/publishing_adv.asp

Page 11 of 11
(page number not for citation purposes)

