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Abstract

Adverse reproductive health outcomes, such as pelvic inflammatory disease, ectopic
pregnancy and tubal factor infertility, have been associated with Chlamydia tra-
chomatis and Neisseria gonorrhoea infections.These reproductive health outcomes
could be complemented by measuring subsequent pregnancies to assess impact on
fertility. In this thesis, a number of statistical and mathematical modelling ap-
proaches were developed and utilised. Throughout the collection of results, the value
of using multiple modelling techniques on a similar scientific domain is demonstrated
by elucidating the reproductive burden of Chlamydia Trachomatis and the host and
pathogen factors that moderate this. Using a retrospective data linkage cohort study
of 132,962 women based in QLD between 2000 and 2005, we found that women with
a history of testing for Chlamydia and/or Gonorrhoea had reduced odds of preg-
nancy, depending on the age of the women at testing and any prior occurrences of
pregnancy (aOR 0.91, 95% CI 0.87 - 0.95 for women aged 20 with no prior preg-
nancy compared to no history of testing, aOR 0.71, 95% CI 0.68 - 0.75 for women
aged 25, aOR 0.87, 95% CI 0.79 - 0.95 for women aged 30). After adjusting for
Indigenous status, using a multiple imputation process to account for cases where
women identified differently in different data sources, we found that non-Indigenous
women with multiple positive tests were significantly less likely to be pregnant than
women with all negative tests, whilst there was a small reduction in pregnancy odds
following a single positive test (aOR 0.66, 95% CI 0.44 - 0.99; aOR 0.93, 95% CI
0.83 - 1.04 respectively). The same results were not replicated for Indigenous women
(aOR 0.92, 95% CI 0.53 - 1.60, aOR 1.34, 95% CI 1.08 - 1.65 for multiple positive
and single positive tests respectively), suggesting a set of demographic and biologi-

cal factors moderated these results. The progression to pathology is thought to be



governed by ascension of Chlamydia Trachomatis to the upper genital tract. We
developed a mathematical model based on a set of stochastic dynamics to investi-
gate the moderating impacts of ascension. We found that ascension was dependent
on the neutrophil response, and that the interplay between the neutrophil response,
menstrual cycle timing and initial infectious load were critical factors in moderating
ascension. The distribution of the number of bacteria ascending had a long right-
tail (of all simulations, 36% showed bacteria ascending, but only 9% showed 1000 or

more bacteria ascending, and 0.1% showed more than 10,000 bacteria ascending).
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Introduction

1.1 Introduction

In the scientific process, hypotheses about a particular process can be eval-
uated using a set of observations. These observations are interpreted through some
form of mental model. Models are used to represent a current state of understanding
about nature. A current state of understanding about a particular element of nature
will be incomplete, and so there will be some uncertainty associated with the process
of interest - what we refer to as a random process. Using abstractions of nature in
a rigorous format allows for an investigator to understand the key properties of a

process of interest, and allows for the prediction of new dynamics and phenomena.

In this thesis, models are viewed as the tools through which scientific hy-
potheses about a key process in nature are evaluated. A critical difficulty in this
ideal is that scientific hypotheses do not map cleanly to processes, which do not map

cleanly to the models used to investigate them.

Creating a model of a process of scientific interest can be divided into
mathematical modelling and statistical modelling. In a mathematical modelling ex-
ercise, a current state of knowledge (reflected in the scientific literature) represented
in a mathematical form. This form is usually a set of differential (or difference
equations). Depending on the complexity of the mathematical model, implications

the model for new observations can be derived using analytical or numerical tools.
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Key quantities of interest may include the number and location of steady state so-
lutions and the relative impact of variables with the equations. The development of
a mathematical model from a body of published scientific literature allows for the

aggregation of disparate sets of information into one representation.

Statistical modelling begins with a set of data that has been collated into a
single location. The process under study may or may not be well understood, and so
a model is created to capture features of the available data, and in turn the model is
used to investigate hypotheses about the process of interest. As with mathematical
models, statistical models can be to determine the relative influence of variables,
including the assertion that a variable previously thought to be influential has no
observable effect. The distinction between statistical and mathematical approaches
is that the former is usually based in the phenomenological observations, rather than

a mechanistic understanding of a process in the latter.

Common approaches in modern analytics, using machine learning tech-
niques, utilise large sets of data to estimate complicated and high-dimensional re-
lationships. Many of these semi and non-parametric approaches are often used in
statistical models as well. In the statistical models presented in Chapter 2 and 3,
splines are utilised to estimate nonlinear relationships between age, exposure and
outcome variables. These approaches require a significant quantity of data, which
could be improved with a fully parameterised functional form, as is common in

mathematical modelling approaches.

The key methodological hypothesis of this thesis is that a combination
of statistical and mathematical modelling approaches will provide greater under-
standing when applied to a set of related research problems, and in a single applied
problem. Mathematical models are more informative when confronted with data,
by utilising common statistical methods, and statistical models are more relevant

when the associations estimated can provide a mechanistic interpretation.
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1.2 Background to the applied problem

In this thesis, the combined usage of mathematical and statistical modelling
approaches is applied to a particular research problem, in order to fully demonstrate
the value of combining both approaches. The particular research problem investi-
gated is on the associated reproductive burden of two sexually transmitted bacterial
pathogens, Chlamydia Trachomatis and Neisseria gonorrhoeae, and how the repro-
ductive burden may vary between demographic, behavioural and host factors that
impact bacterial replication, transportation, transmission along with confounding
factors that also impact reproduction. A relevant summary of the literature regard-

ing these STTs is presented in the introduction to each chapter separately.

1.3 Structure of this thesis

In Chapter 2, we use statistical modelling approaches on a large observa-
tional dataset to investigate the reproductive burden associated with testing and
infection with the bacterial pathogens Chlamydia and Gonorrhea. The structure of
the statistical models are derived from some principles on the current state of knowl-
edge about the problem. We further investigate how the structure of the statistical
models, including splines for continuous nonlinearties, interactions for effects that
differ between groups, and hierarchical models for effects that vary across a large

number of groups can influence the inference made of the process of interest.

In Chapter 3, we investigate a confounding effect of Indigenous status in the
data used for Chapter 2. Deeper statistical approaches using multiple imputation
are applied in order to elucidate more information of the process being studied, and
we show how this approach furthers our understanding of the reproductive burden

investigated in Chapter 2.

In Chapter 4, a simple mathematical model of birth weight conditional on
gestational age is derived from a prior understanding of the process of pregnancy. A
statistical model is then developed to evaluate the impact of Assisted Reproductive

Technologies (ART) and testing history on the pregnancy process. We show that
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1.3. STRUCTURE OF THIS THESIS

combining a mathematical model with statistical estimation procedures can further

our scientific understanding over a more simplistic statistical model.

In Chapter 5, a stochastic model of the basic within-host dynamics of
chlamydia is developed. We discuss how the inclusion of randomness influences our
observed outcomes, and use simulations from the model to investigate the global

properties of infection dynamics within a host.

In Chapter 6, the basic stochastic model is extended to investigate the key

moderating host and pathogen factors of the progression of an infection to pathology.

Overall this thesis will utilise a number of statistical and mathematical
modelling approaches. The aim will be to demonstrate that employing a number of
tools on a single scientific problem will lead to a deeper understanding of the process

of nature being studied.
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A retrospective cohort study examining
STI testing and perinatal records
demonstrates reproductive health burden

of chlamydia and gonorrhea

2.1 Introduction

Chlamydia trachomatis (chlamydia) and Neisseria gonorrhoeae (gonorrhea)
are commonly diagnosed sexually transmitted infections (STT) that have been associ-
ated with serious reproductive health outcomes for women, and may cause obstetric

or perinatal complications [22, 19].

The reproductive burden of chlamydia and gonorrhea is most often eval-
uated using Pelvic Inflammatory Disease (PID), although there are a number of
other causes of PID outside of these two pathogens. A cohort study based in Up-
psala County, Sweden, established an association between chlamydial infection and
the incidence of PID [21], by using a cohort of women with positive and negative
tests for chlamydia, and comparing to a reference group of women who were never
tested. Notably, the study found a significant increase in the incidence of PID fol-
lowing a positive test, when compared to a negative test (5.6% (95% CI 4.7-6.7) in

women with positive tests versus 4.0% (95% CI 3.7-4.4) for women with negative
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tests. The study also found that screening was also a risk factor for PID (incidence
was 2.9% (95% CI 3.6 - 4.4) for those never tested), after adjusting for education
status, age, income and housing. The relationship between chlamydia testing and
infection was further investigated in a population-based retrospective cohort study
in Denmark of 500000 women [11]. This study also found that positive tests for
chlamydia increases the risk of PID compared to only negative tests, and that any
history of testing increased the risk of PID compared to the absence of any testing

history.

A population based cohort study of 315,123 women in Western Australia
established a link between PID and [24] testing for chlamydia and/or gonorrhea,
after adjusting for age, Indigenous status, year of follow up, health area and socioe-
conomic status. The study found that gonorrhea infection substantially increased
the risk of PID compared to chlamydia. Other population level assessments have
robustly established chlamydia to be a significant risk factor for PID, even for some
studies where test results have been negative [8, 9, 10, 25, 27]. However, PID is
not a notifiable condition, diagnosis is subjective and may be inconsistent between

different settings [12].

The Prevention of Pelvic Infection trial was a randomised control trial of
young, sexually active women, that provided study participants with self-administered
vaginal swabs and a questionnaire [23]. Samples were randomly allocated to a treat-
ment group, where the sample was immediately tested for chlamydial infection and
treatment was provided if necessary, or a control group where the analysis of the
sample was deferred by 12 months. The trial found an increased incidence in PID
for women in the deferred screening controls (7/74 samples or 9.5% that had tested
positive for chlamydia, compared to the treatment group with an infection (1/63
samples or 1.6%). This evidence suggested that an increase in incidence of chlamy-
dial infection also increases the incidence of PID. However, a majority of the episodes
of PID occurred in women with a negative test for chlamydia (30/38 diagnoses in

the study, or 79%).

An analysis of data collected by England’s National Chlamydia Screening

Programme (NCSP) was compared to national survey data, to assess the differences
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in demographics and behaviour between people accessing testing services, and test-
ing positive for chlamydia [28]. The analysis found that women accessing testing
services were more likely to have had 2 or more sexual partners in the last year
47% vs 30%), and less likely to have used a condom in their most previous sexual
encounter (32% vs 37%). These factors, independent of data source and adjusted

for age and ethnicity, were increased the chances of chlamydia positivity.

Pelvic Inflammatory Disease (PID) has also been associated with increases
in the risk of ectopic pregnancy and tubal factor infertility. A study of 2,501 women
with clinical risk of PID using diagnostic laparoscopy found 1,844 abnormal find-
ings [32]. Of these women, 1,732 with abnormal findings and 652 with normal
findings (control subjects) were followed, and it was found that 16% of women with
abnormal findings could not conceive (after attempting) and 10.8% had confirmed
tubal factor infertility, compared with 2.7% and 0% of the control subjects respec-
tively. Later studies further confirmed a link between PID and the risk of ectopic
pregnancy and tubal factor infertility [18, 21, 29, 6, 23, 8, 9, 24, 27]. Tubal factor
infertility and ectopic pregnancy have been associated with a history of both STIs
in numerous studies [30, 18, 7, 5, 13, 26]. Reinfection events have been associated
with additional increases in the risk of PID [9, 11], however the presence of mul-
tiple positive tests has not been shown to additionally increase the risk of tubal
factor infertility (that is, the risk from one infection is statistically identical to that
of multiple) [11]. Obstetric or perinatal complications associated with STIs during
pregnancy include pre term deliveries, pre term rupture of membranes, low birth

weight or still birth [20, 17, 24].

In spite of the substantial proof for these reproductive health burdens,
there is limited evidence evaluating subsequent pregnancy, which has been substan-
tiated with a birth record, as an indicator of fertility after chlamydia or gonorrhea
infections. We are aware of only one previous study that has evaluated pregnancy
(as a measure of fertility), substantiated by a birth record, and associated with a
history of chlamydia testing. This was a study of a Norwegian population (n =
20, 762) that found that women with a recorded test for chlamydia that found a

positive test had a slightly increased incidence of births, compared to negative tests
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(Crude HR 1.07; 95% CI 1.01-1.12) [5]. Of 3,321 women with a positive test for
chlamydia, 1659 had a pregnancy and 1662 did not. 17,441 had only negative tests
for chlamydia, of whom 9169 had a pregnancy and 8272 did not. The derived crude
odds ratio from this study, comparing positive and negative tests for substantiated
birth record was therefore 0.90 (95% CI 0.84 - 0.97) (the odds ratio was derived
from the numbers presented in the paper). Importantly, this study does not provide
a comparison to an unexposed group who were not tested for chlamydia, which was

shown in previous linkage studies of PID to be a significant risk factor [5].

A robust measure of pregnancy that has been substantiated by a birth
record as an outcome measure would add to current understanding of the reproduc-
tive health burden from these STIs. We have used retrospective cohort study design
to evaluate the association of pregnancy (via birth records) and perinatal outcomes
(pre term or low birth weight and still birth) with chlamydia and/or gonorrhea
testing history and test results in women in the State of Queensland, Australia.
Based on previous studies of STI testing history and PID, we expect to see a re-
duced pregnancy rate for women exposed to testing and diagnosis of Chlamydia and

Gonorrhea.

2.2 Methods

2.2.1 Study design and data retrieval

We used a cohort study to investigate associations with chlamydia and
gonorrhea testing history and pregnancy outcomes (using retrospective data linkage
methodologies). The datasets used are based in the State of Queensland, Australia
(~20% of Australian population). Our primary outcome was pregnancy defined as
a record of birth in the Queensland Perinatal Registry. We used the birth record to
define pregnancy because this provided a substantiated measure that a pregnancy
had occurred. Secondary outcomes included perinatal outcomes of low birth weight
(<2500 g) and pre term birth (before 37 weeks). Secondary outcomes were derived
from the Queensland Perinatal Registry, and so analysis for these outcomes was

restricted to women with a birth record (pregnancy).

42



Chapter 2

We compiled the cohort by merging two datasets that we obtained from
AUSLAB, the Queensland Health Clinical and Scientific Information System. AUS-
LAB Records cover any testing conducted through a public provider, and so it does
not necessarily include testing conducted through private systems. Our cohort in-
cluded two groups of women: (1) an exposed group that comprised women who had
had a chlamydia or gonorrhea test between 2000 and 2005; and (2) an unexposed
group that comprised women who had a full blood count laboratory investigation
but no chlamydia and/or gonorrhea test between 2000 and 2005. Records of tests for
chlamydia and/or gonorrhea, conducted in all public pathology laboratories in QLD
between January 1st, 2000 and December 31st 2005 for women aged between 15 and
31 were collated (Median age 24; IQR 21-26, at December 31st 2005). The unex-
posed group comprised women aged 15-31 years old (Median age 24; IQR 21-27,
at December 31st 2005) who underwent a full blood count test (independent of in-
dications for the test) in the same 5 year period and with no record of testing for
chlamydia and/or gonorrhea during the study period (Figure 2.1). Entry into the
exposed group was defined as having any testing history to chlamydia and/or gonor-
rhea, as women who access testing services have characteristics that are more likely
to result in a positive diagnosis. Previous studies using PID as an outcome measure
have also found that women with a testing history, but no positive diagnosis expe-
rience increased risk of PID [27]. Further analysis also was used to compare women
in the exposed group by their diagnosis results, by classification into distinct groups
based on testing status (negative or positive) and number of tests. Full blood count
was selected as our unexposed because these were women who were also in contact
with primary care and also did not have a test record in our data for chlamydia
and/or gonorrhea. The FBC has a range of indications, but both FBC and STI
screening can be used during antenatal or preparation for pregnancy investigations,
therefore, analysis also included pregnancy during the testing window [31]. Deter-
ministic methods were used to remove any women from the full blood count group

that also appeared in the chlamydia and/or gonorrhea testing dataset.

We linked the testing dataset with the Perinatal Data Collection (Queens-
land Health Statistics Unit) that records all births in Queensland. The perinatal
dataset included all birth entries from 01/01/2000 until 30/06/2013, which totalled
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2000 and 2005 2000 and 2005
41,697 tests for CT/NG 116,850 Full Blood Counts
(7,825 positive, 33,782 negative)
Queensland Health Central Queensland Health Central
Pathology Central Database Pathology Central Database
L
2000 and 2005 2000 and 2013
Testing Dataset Perinatal dataset
167,189 person-records 250,928 pragnancy records

184,000 unigue women

6,467 at least one positive test

33,782 negative test only Queensland Perinatal Registry
116,850 controls

Linkage
Testing and perinatal datasets linked
2,702 multiple linkages refined
Exclusions
24,289 exclusions

r

Cohort
132,962 women

3,831 positive
(3,237 single, 594 multiple)
20,871 negative
108,260 unexposed

Figure 2.1: Summary of cohort formation. The cohort was formed using data
linkage methodologies between a testing dataset and perinatal dataset as outlined

in the figure.
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Spatial Density of STl testing in QLD
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Figure 2.2: Spatial map of testing data. The figure shows the proportion of

women in each postcode that were ever tested for an STI (in our dataset)
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Figure 2.3: Spatial map of testing data. The figure shows the proportion of
women in each postcode that were ever tested for an STI in the more densely pop-

ulated South East region.
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250,928 pregnancy records to 184,000 unique women. The perinatal data included
the mother’s date of birth, the baby’s date of birth, birth weight, gestational weeks

of the pregnancy and stillbirth.

2.2.2 Linkage methodologies

First name, middle name (if available), surname, sex and date of birth
were used for linking the AUSLAB datasets with the Queensland Perinatal Reg-
istry. Linkage was deterministic in the case when information matched exactly, and
probabilistic methods were used in the remaining cases. The linkage framework does
not have a published error rate, but has a similar design to the Western Australia
and New South Wales systems which have reported error rates of 0.11% and 0.3%,
respectively (New South Wales Government 2012; Queensland Government 2017).
Women whose data were unable to be linked with the Queensland Perinatal Registry
were assumed to have no births during the study time frame. Multiple linkages (n

= 2702) were randomly assigned a single linkage in the dataset (Fig. 2.4).

Women with missing postcode information (n = 19 764), or a postcode
from outside of Queensland were removed (n = 4525). Linkages where made in
these instances, but data with missing postcodes were removed as location and so-
cioeconomic variables were key confounders in our study, and data with non QLD
postcodes women who resided outside the state were less likely to have pregnancies
recorded in QLD perinatal data (only 13.7% of women in this group had a recorded
pregnancy). In order to test the impact of this assumption on our presented esti-
mates, we ran the main effects model presented in the preliminary results section
and found that the adjusted odds ratio for the exposed group was 0.86 (95% CI 0.84
- 0.90) and 0.91 (95% CT 0.89 - 0.93) for the prior pregnancy effect. This results
are overstate the magnitude of the effect discussed in the results section. A total of
30 women without a date of birth were excluded. All women with a recorded birth
that occurred before the test record during the 2000-2005 test were excluded. All
person-records were assigned a de-identified code and the data were provided to the
study investigators after linkage and de-identification, to protect the identities and

privacy of the women whose personal information comprised the study.
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Demonstration that there is not uncertainty due to linkage correction

In our data set, there are cases where the linkage between testing and
perinatal datasets were not exact (probabilistic leading to more than one linkage).
As a consequence, there are cases of a woman’s testing records being linked to
multiple perinatal records and vice versa. Our correction method takes only one of

these linkages at random and deletes the rest.

We would like to demonstrate that this uncertainty induced by this method
does not greatly impact the parameter estimates in our statistical models. To do
this, we apply one iteration of the correction method (randomly deleting extraneous
links) to obtain a complete dataset. Then we estimate our model of pregnancy, with
the predictors of testing status (negative tested only, positive tested or never tested)
and age as a continuous variable. From this model, we obtain the parameters of the
log-odds for the negative tested group against the never tested, and for the positive
tested group against the never tested group. These are converted into odds ratios.
As a result, for each linkage error correction, we obtain a set of odds ratios that are

of final interest in our study.

This procedure is then repeated 1000 times. That is, we randomly select a
one-to-one set of linkages between datasets, estimate our model and obtain a set of
odds ratios. We are then left with a set of 1000 odds ratios. The figure above plots

the odds ratios for the negative and positive tested groups.

The figure was generated from this correction for linkage error. We can
observe from the figure that the empirical uncertainty that results from the linkage
correction method is small in comparison to the magnitude of the odds ratios. In our
specific case, 95% of the estimates for the positive tested odds ratio were between
0.4671 and 0.4846, and 95% of the estimates for the negative tested odds ratio were
between 0.3999 and 0.4063. By comparison, the 95% Confidence Interval for the
positive tested group was (0.44, 0.50) and for the negative tested group the 95% CI
was (0.39, 0.41), which represents the uncertainty from the model itself.

The law of total variance can be used to derive confidence bounds for these
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parameters across all 1000 simulations. The law states that
Var(Y)=E[Var(Y|X)] + Var(E[Y]X])

, where X and Y are random variables on the same probability space. For the neg-

ative tested odds ratio, the total variance is % +0.0067, and so the 95% con-

fidence interval for this parameter including linkage uncertainty is (0.3825, 0.4275).

0.50—-0.44
3.92

Simi- larly, for the positive tested odds ratio, the total variance is , and so

the confidence interval for this parameter including linkage uncertainty is (0.4107,

0.5393).

We can state that error induced by the linkage correction is smaller than
the uncertainty already represented in our models, and therefore this will have no
impact on our interpretation of the final results. We use the completed dataset from
one of the applications of the correction method for the analyses reported in this

chapter.

2.2.3 Statistical methods

We use a series of logistic models estimated with maximum likelihood and
Bayesian methods, that include spline components and random effects, building to
a hierarchical generalised additive modelling to determine the association between
chlamydia and/or gonorrhea testing history (and test results) and each outcome.
Generalised additive models. are a way to extend logistic regression models to
include terms that are nonlinear in flexible ways. Hierarchical models can be ex-
tended to situations where data is collected in clusters, rather than independently
distributed. Information about the testing dates for women in the unexposed group,
and women with only a negative test result was not available, which restricted any
valid time-to-event analysis. Analysis assessed the odds of pregnancy in a discrete

outcome period from 1/1/2007 until the end of the follow up period on 30/06,/2013.

Entry into the cohort was based on testing records in AUSLAB (either
chlamydia and/or gonorrhea test [exposed] or blood test [unexposed]) in 2000-2005.

The cohort was followed up to assess for birth and secondary outcomes (birth weeks;

birth weight) until 30/06/2013. The study analysed only the first recorded birth for
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Figure 2.4: Distribution of parameter estimates for 1000 iterations of the
linkage error correction. The figure shows the odds ratio ranges for all 1000 iter-
ations of the random deletion process for the person records with multiple linkages,

data is clustered by negative and positive chlamydia and/or gonorrhea results.
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each woman. We converted birth weight (low birth weight as a birth weighing less
than 2500 g) and birth weeks (a pre-term birth is one born before 37 weeks of ges-
tation) to binary outcomes for the purposes of this study, using values from World
Health Organisation standards 2006 [1]. These outcomes represent significantly
increased risks of perinatal mortality, morbidity and longer term developmental is-
sues [hinz|. Postcodes were used to classify the socio-economic area of the women,
defined as low, middle or high using the ABS Index of Relative Socio-economic Dis-
advantage and to classify regionality as living in a major city, regional or remote
geographical area [2]. If a woman had multiple testing events the first postcode
recorded was used. Location was then defined as the combination of socioeconomic
status and regionality, to account for the interaction effect between an area’s socioe-

conomic status and overall access to health services.

Data preparation and analysis was completed using the R software version

3.6.3. The code used for this analysis can be found at github.com/torricallan/QLDPregnancyStudy.

Model selection

Our methods for specifying the models used in this analysis largely follow
the recommendations of Harrell [15], which favours a first principles approach to
model selection over stepwise methods that introduce bias into final estimates and

avoid a deep analysis of the problem.

Models were adjusted for age, as the odds of pregnancy are highly age-
specific and younger women in the cohort may have much different susceptibility
to the development of pathology, and we are more likely to observe more of their
reproductive lifespan in the study follow up time. We adjusted for pregnancy in the
testing period, as this measured women with no obvious fertility problems having
greater overall chances of becoming pregnant again. The last main adjustment
variable was for socioeconomic status and location, which acted as a measure of
access to health services [16]. and removed the confounding of exposure status
with socioeconomic status on pregnancy. Age was interacted with pregnancy in the
testing period and exposure status, in order to evaluate the impact of association

as a function of follow-up time relative to age. Pregnancy in the testing period was
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interacted with exposure status, as pregnant women were often tested for STIs as
part of routine pregnancy checks. Age was modelled with a restricted cubic spline
with three knots, as we believed that the effect of age on pregnancy was unlikely
to be linear, and felt that limited data in the tails of our age distribution might
influence the choice of polynomial degree. Three knots was chosen as it was the
most parsimonious choice for the spline selection, whilst still being flexibly nonlinear.
Perinatal models used the presence of the outcome (pre term birth or low birth
weight) in the testing period as a predictor for the outcome in the outcome window,
as we hypothesised that perinatal complications would be shared across pregnancies
within women. Perinatal models were also adjusted for maternal age when she gave
birth, as this adjusted for both effects in time (via age at 31/12/2005), and effects
of age changing the tendency to experience perinatal and obstetric complications.
This second age variable was modelled as linear, as any nonlinear term would be

non-identifiable with the primary age variable.

The models run in this analysis, for the main pregnancy and perinatal re-
sults are as follows. In 2.3.2 we model pregnancy as an outcome using testing history
as the key exposure, with only main effects included. We then model pregnancy,
with the key interaction between testing history and prior pregnancy. In subsec-
tion 2.3.3, we modelled pregnancy as an outcome using testing history as the key
exposure variable, with the full set of interactions specified. We then modelled preg-
nancy using testing status (negative, positive once, positive multiple). Finally, we
modelled pregnancy broken down by pathogen (CT or NG). All pregnancy models

in this section were of the form

y; ~ Binomial(n = 1,p;)

1 — p) = /Bintercept + ﬁtesting (testzng)l + Bpriorpregnancy (pmm’ pregnancy)i

K
+ Z Yk (age)i + /Blocation(location)i + Btesting:prior pregnancy (teSthg : pTiOT pregnancy)i
k=1
K K
+ ka(age : testing); + Z%(age : prior pregnancy);
k=1 k=1
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For the hierarchical models in 2.3.4, we use a Bayesian model for preg-
nancy with testing as the key exposure variable. The age effect was modelled with
thin-plate smoothing splines, as opposed to restricted cubic splines in the earlier
section. In order to compare the sensitivity of the results to the choice of spline, the
population-level effects model, estimated using MCMC methods is included. The
prior on the standard deviation of the splines was a standard normal. The prior on
the parameters in the model were also given N(0,1) priors, as a standard normal
prior roughly states that 95% of the prior mass is between -2 and 2 on the log-odds
scales, which in turn implies that most of the prior mass is between 0.1 and 0.9 on
the probability scale. This reflects our belief that no combination of variables would
cause someone to have very high and very low probabilities of pregnancy, since wider
priors on the log-odds scale tends to place more prior mass on the boundaries of the

probability scale. The full varying effects model is as follows
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y; ~ Binomial(n = 1,p;)

log<1 ]ilp> - ﬁO + Bposteode + 61,postcode (teStlng)z + BQ,postcode (prior pT@gmmCy)z'
+ Bs(location); + Ba posteode (teSting : prior pregnancy);
K K K
+ Z vk (age); + Z vk (age : testing); + Z vk (age : prior pregnancy);
k=1 k=1 k=1
63 ~ N(O7 1)
Ve ™~ N(07 7_2)
T~ N(0,1)
ﬁpostcode

6 1,postcode

~ MV Normal([0],S)

ﬁ2,postcode
_BB,postcode_
51,0,0,0]  [01,0.0,0]
g_ |0020.0| 10,0200
0,0,05,0| [0,0,03,0
0,0,0,01|  {0,0,0,0]

(01,09,03,04) ~ N(0,1)

R ~ LK J(1.0)

The Discrete time models (in subsection 2.3.5) follow the above format,
with the exclusion of the spline terms for age and the inclusion of a coefficient for
each discrete year of entry into the data. In subsection 2.3.6, we model pre term

birth with testing and testing status as key exposure variables.

2.2.4 Ethical approval

This study was reviewed and approved by the Metro North Hospital and
Health Service Human Research Ethics Committee (approval number HREC/14/QPCH/85).
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2.3 Results

This results section is structured as follows. We first describe a series of
models that predicts pregnancy in the outcome window (2006-2013) given exposure
status (testing history) using main effects only, linear interactions and then nonlinear
interaction terms. Each model is described in full to allow the reader to compare
effects between different models, to better understand the impact of the adjustments
made to the model. Following is a set of models that break down exposure status
into testing categories and infection categories, which allows comparison of the effect
of specific testing outcomes (such as testing positive) to the overall exposure effect.
Then presented is a series of hierarchical models estimated with Bayesian methods.
Again, a series of models are presented, with fixed effects only, varying (or random)
intercepts and varying (or random) slopes to compare the impact on estimates of
model structure. The next section presents a set of discrete time models for a specific
age group. The models include main effects for exposure and time, interaction
effects of exposure and time, and an interaction between exposure and time where
the exposure effect varies across postcodes. Finally, models are presented that use
perinatal outcomes (pre-term birth and low birth weight) rather than pregnancy as

the outcome variable, where exposure is broken down by testing status.

All models are adjusted for pregnancy in the testing window (2000-2005),
age at 2005 and location. The postcode of residence at the first testing location is
included in some models. The definition of exposure was then broken down into test-
ing categories (multiple positive tests, single positive test, all negative tests or unex-
posed), and infection categories (chlamydia positive, gonorrhea positive, chlamydia

and gonorrhea positive, all negative tests and unexposed).

2.3.1 Cohort Description

The cohort comprised 132 962 women after linkage, refinement and exclu-
sions (Table 2.1). The women in the cohort were aged between 22 and 39 years at
the study completion, June 30th 2013, (Median 31; IQR 28-34). Overall, 24 702

(18.6%) women were tested for chlamydia and/or gonorrhea (exposed), including,
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Unexposed (% of group) Exposed (%) Total

Total
108,260 24,702 132,962
Age (at 2005)
Mean = 24.3 (IQR 21.7 - 27.1) Mean = 23.4 (IQR 20.8 — 25.9) Mean = 24.1 (IQR 21.5 — 26.8)

Location
Major City and High SES 39,728 (36.7) 5,905 (23.9) 45,633 (34.3)
Major City and Medium SES 17,416 (16.1) 2,547 (10.3) 19,963 (15.0)
Major City and Low SES 7,457 (6.9) 978 (4.0) 8,435 (6.3)
Regional and High SES 6,017 (5.6) 1,961 (7.9) 7,978 (6.0)
Regional and Medium SES 22,339 (20.6) 6,883 (27.9) 29,222 (22.0)
Regional and Low SES 12,222 (11.3) 3,446 (14.0) 15,668 (11.8)
Remote and High SES 122 (0.1) 13 (0.05) 135 (0.1)
Remote and Medium SES 1,602 (1.5) 789 (3.2) 2,391 (1.8)
Remote and Low SES 1,357 (1.3) 2,180 (8.8) 3,537 (2.7)

Pregnancy in the testing period
Not Pregnant 75,217 (69.5) 20,250 (82.0) 95,467 (71.8)
Pregnant 33,043 (30.5) 4,452 (18.0) 37,495 (28.2)

Table 2.1: Summary of the cohort.

20 871 (15.7%) women who had only negative tests(s), 3237 (2.4%) who had a single
positive test recorded and 594 (0.4%) who had multiple positive tests recorded. The
unexposed group included 108 260 women. A total of 69 533 (52.3%) women in the
cohort had a pregnancy during the study time frame (Fig. 2.8). A total of 37 495
(28.1%) women in the cohort had a pregnancy during the testing window (2000
2005) and 43 325 (32.5%) had a pregnancy during the outcome period (2006—2013).

Women with a history of testing were on average younger than their unex-
posed counterparts (Fig. 2.5, ??), more likely to be from a more regional and lower
SES postcode (Fig. 2.7), and were less likely to be pregnant in the testing window
(Fig. 2.8), hence the usage of these variables in all models used for investigation

(Table 2.1 shows a numerical summary of the cohort description).

Overall, 43,325 (32.58%) women recorded pregnancies in the outcome win-
dow, of which 35,179 (32.50% of unexposed group) were unexposed and 8146 (33.0%

of exposed group).
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Age at 2005
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Figure 2.5: The distribution of ages grouped by exposure (history of test-
ing) group in the study cohort.
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Figure 2.6: Comparison of the 1st decile, median and 9th decile values for

the age distribution for exposure groups.
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Location and SES
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Figure 2.7: Proportion

exposure.
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Testing period pregnancy

Not Pregnant in Testing Period Pregnant in Testing Period
20,250 (81.98%)

75,217 (69.48%)

B Unexposed
B Exposed

33,043 (30.52%)

4,452 (18.02%)

Figure 2.8: Proportion of the cohort with a pregnancy in the testing period

by exposure.
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Indigenous Identity

Non-Indigenous (in perinatal data)
55,084 (79.22%)

7,905 (11.37%

Indigenous (in perinatal data)

B Unexposed
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3,648 (5.25%)

B ——
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Figure 2.9: Proportion of the cohort with a pregnancy in the outcome

window that identified as Indigenous at pregnancy.
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Indigenous Status in remote locations
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Figure 2.10: Proportion of the cohort with a pregnancy in the outcome

window that identified as Indigenous at pregnancy in remote locations.
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2.3.2 Preliminary Results and Model Comparisons

To fully account for the complexity of our dataset, we modelled the age
effect with a restricted cubic spline, and included all two-way interaction effects
between age, testing status and pregnancy in the testing window. In order to observe
the influence of our modelling choices on our final results, we have also included the
estimates and standard errors for a model with only main effects specified (Table
2.2), and a model with an interaction between testing history and prior pregnancy

(Table 2.3).

Table 2.4 shows that the main effect for a having a history of testing,
without a pregnancy in the testing period (as a measure of exposure to STIs),
is 0.92 (95% CI 0.89 - 0.95) and that the estimate reduces once the interaction
between women with a testing history and with a pregnancy in the testing window
is accounted for (aOR 0.82; 95% CI 0.79 - 0.84). The main age effect estimated,
without any interactions, is shown in Figure 2.11, and the location effects are

summarised in Figure 2.12.

2.3.3 Pregnancy Outcomes

Our main analysis was to evaluate the probability of having a pregnancy
in the outcome window, given a women’s history of testing for Chlamydia and/or
Gonorrhea in the testing period prior. All adjusted odds ratios presented are com-
pared to the odds for women in the unexposed (never tested) group. Women in
the exposed group with no prior pregnancy in the testing period (2000-2005) had
varying odds of having a pregnancy depending on their age at the end of the out-
come period (Figure 2.5), however in general women in the exposed group, in the
middle of the age range for our cohort, had lower chances of pregnancy compared to
women in the unexposed group, whereas the younger and older women in the cohort
had similar pregnancy outcomes between exposed and unexposed groups. Younger
women (aged 20 in 2005 with no pregnancy during testing window) had slightly
reduced odds of pregnancy in the outcome window compared to same women in

the unexposed group (aOR 0.91; 95% CI 0.87-0.95). For women aged 25 in 2005
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Figure 2.11: Main age effect. The age effect is estimated using a restricted cubic
spline with 3 knots. The figure shows the age effect from the initial model with only

main effects specified.
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Figure 2.12: Main location effects. Location is defined as the interaction between
the ABS defined regionality and socioeconomic status of the postcode of the initial

testing event for the women in our dataset.
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Variable Estimate Standard Error
Intercept -0.7219 0.0158
History of testing -0.0846 0.0157
Pregnant in the testing period -0.1467 0.0140
Age (first basis function) 0.0308 0.0038
Age (second basis function) -0.0758 0.0042
Location=MajorCityLow 0.4695 0.0250
Location=MajorCityMiddle 0.3179 0.0184
Location=RegionalHigh 0.1254 0.0267
Location=Regional Low 0.4937 0.0197
Location=RegionalMiddle 0.3946 0.0163
Location=RemoteHigh 0.2563 0.1846
Location=RemoteLow 0.5190 0.0372
Location=RemoteMiddle 0.2573 0.0451

Table 2.2: Summary of the model estimates, for the first model with only

main effects specified. Estimates are on the log-odds scale.
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Variable Estimate Standard Error
Intercept -0.7018 0.0158
History of testing -0.2046 0.0175
Pregnant in the testing period -0.2369 0.0151
History of testing and pregnant in the testing period 0.6090 0.0373
Age (first basis function) 0.0301 0.0038
Age (second basis function) -0.0740 0.0043
Location=MajorCityLow 0.4749 0.0250
Location=MajorCityMiddle 0.3241 0.0184
Location=RegionalHigh 0.1277 0.0268
Location=RegionallL.ow 0.4939 0.0198
Location=RegionalMiddle 0.3922 0.0163
Location=RemoteHigh 0.2639 0.1847
Location=RemoteLow 0.5033 0.0372
Location=RemoteMiddle 0.2655 0.0451

Table 2.3: Summary of the model estimates, for the second model with

one interaction effect specified. Estimates are on the log-odds scale.
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Main Effects Model

History of testing (exposed) 0.92 (0.89 - 0.95)
Unexposed 1 (vef)
Pregnant in the testing period 0.86 (0.84 - 0.89)
Not pregnant in the testing period 1 (ref)

Interaction Effect Model

History of testing (exposed) and pregnant in the testing period 1.18 (1.08 - 1.29)
History of testing (exposed) and not pregnant in the testing period 0.82 (0.79 - 0.84)
Pregnant in the testing period and unexposed 0.79 (0.77 - 0.81)
Not pregnant in the testing period and unexposed 1 (ref)

Table 2.4: Odds ratio for the testing and pregnancy effects, derived from

the preliminary models and adjusted for age and location.

the reduction in the chances of having a pregnancy was larger (aOR 0.71; 95% CI
0.68-0.75; Table 2.8). Women aged 30 years at 2005 (with no prior pregnancy in
the testing window) had slightly reduced odds of pregnancy in the outcome window
compared to women of the same age in the unexposed group (aOR 0.87; 95% CI
0.79-0.95).

When investigating the association between the classification of tests within
the exposure group and pregnancy, we found that women with all negative tests had
reduced odds of pregnancy compared to women in the unexposed group, but women
with a single positive test had similar outcomes to the unexposed group, amongst
women aged 20 in 2005 with no pregnancy in the testing period (all negative tests
aOR 0.86; 95% CI 0.81-0.90, single positive test aOR 1.07; 95% CI 0.97-1.17).
The relationship between prior pregnancy and pregnancy in the outcome window
was similar for the older women in our cohort (30-year-old women and all negative
tests aOR 0.87; 95% CI 0.78- 0.96, 30-year-old women and single positive test
aOR 1.00; 95% CI 0.76-1.31). For women in the middle of the age range of our

cohort, having a single positive test with no prior pregnancy resulted in the lowest
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probability of pregnancy in the outcome window (Figure 2.14), and women in this
age range with all negative tests had significantly reduced odds compared to women
in the unexposed group (25-year-old women and all negative tests aOR 0.72; 95% CI
0.68-0.75, 25-year-old women and single positive test aOR 0.66; 95% CT 0.59-0.75).
Women with multiple positive tests had probabilities of pregnancy in the outcome
window that were increased or comparable with women in the unexposed group (20-
year-old women aOR 1.51; 95% CI 1.20- 1.90, 25-year-old women aOR 1.04; 95%
CI 0.81-1.35, 30-year-old women aOR 0.90; 95% CI 0.40-2.03). As the confidence
intervals were wide for this subgroup, the age effect for women with multiple positive
tests was not plotted but is summarise in Table 2.8. The association between the
type of the infection for women with a positive test (chlamydia only, gonorrhea
only, chlamydia and gonorrhea) showed that women aged 25 with no pregnancy in
the testing period, had reduced odds of pregnancy in the outcome window if they
tested positive for chlamydia (aOR 0.70; 95% CI 0.62-0.79). The odds ratio for
women testing positive for gonorrhea in this group was higher and the confidence
interval was wide (aOR 0.78; 95% CI 0.50-1.21). Women with positive results for
both pathogens were comparable to all women in the exposed group, and the odds

of pregnancy was influenced by age (Figure 2.15, Table 2.8).

Amongst women with a pregnancy in the testing period, women in the
exposed group across all age ranges had increased odds of having a pregnancy in
the outcome window, compared to women in the unexposed group. This difference
was most pronounced for younger women (20-year-old women aOR, 1.72; 95% CI
1.59-1.86, 25-year-old women aOR 1.35; 95% CI 1.26-1.45, 30-year-old women aOR
1.64; 95% CI 1.48-1.83). Women with a pregnancy in the testing period also had
increased chances of a pregnancy in the outcome window if they had a single positive
test compared to all negative tests (Figure 2.14, Table 2.8), and greater chances
again if they had multiple positive tests. Women with a pregnancy during the testing
window that had a gonococcal infection had increased chances of pregnancy in the
outcome window compared to women with a chlamydial infection, although both
groups of women with the two pathogens had reduced odds of pregnancy compared

to women who were never tested.
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Variable Estimate Standard Error
Intercept -0.6613 0.0182
History of Testing -0.4348 0.0347
Pregnant in the testing period -0.2715 0.0309
Age (first basis function) 0.0495 0.0046
Age (second basis function) -0.0866 0.0055
Location=MajorCityLow 0.4729 0.0250
Location=MajorCityMiddle 0.3216 0.0184
Location=RegionalHigh 0.1288 0.0268
Location=RegionalLow 0.4914 0.0198
Location=RegionalMiddle 0.3915 0.0163
Location=RemoteHigh 0.2570 0.1848
Location=RemoteLow 0.4959 0.0373
Location=RemoteMiddle 0.2604 0.0451
History of testing and pregnant in the testing period 0.6408 0.0384
History of testing and Age (first basis function) -0.0827 0.0093
History of testing and Age (second basis function) 0.0798 0.0114
Pregnant in the testing period and Age (first basis function) -0.0431 0.0115
Pregnant in the testing period and Age (second basis function) 0.0208 0.0111

Table 2.5: Summary of the model estimates, for the full model with all

interaction effects specified. Estimates are on the log-odds scale.
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Variable Estimate Standard Error
Intercept -0.6596 0.0182
All Negative Tests -0.4174 0.0373
Multiple Positive Tests 0.0513 0.2018
Single Positive Test -0.6084 0.0877
Pregnant in the testing period -0.2724 0.0309
Age (first basis function) 0.0495 0.0046
Age (second basis function) -0.0868 0.0055
Location=MajorCityLow 0.4731 0.0250
Location=MajorCityMiddle 0.3223 0.0184
Location=RegionalHigh 0.1308 0.0268
Location=RegionalLow 0.4865 0.0198
Location=RegionalMiddle 0.3920 0.0163
Location=RemoteHigh 0.2589 0.1848
Location=RemoteLow 0.4423 0.0373
Location=RemoteMiddle 0.2524 0.0451
All negative tests and pregnant in the testing period 0.5798 0.0412
Multiple positive tests and pregnant in the testing period 1.0175 0.2136
Single positive test and pregnant in the testing period 0.9867 0.1040
All negative tests and Age (first basis function) -0.0644 0.0102
All negative tests and Age (second basis function) 0.0674 0.0123
Multiple positive tests and 10,0864 0.0535
Age (first basis function)

Multiple positive tests and 0.0360 0.0787
Age (second basis function)

Single positive test and Age (first basis function) -0.1647 0.0212
Single positive test and Age (second basis function) 0.1619 0.0288
Pregnant in the testing period and Age (first basis function) -0.0422 0.0116
Pregnant in the testing period and Age (second basis function) 0.0207 0.0111

Table 2.6: Summary of the model estimates, for the full model with all
interaction effects specified, where testing history is broken down by in-

fection status. Estimates are on the log-odds scale.
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Variable

Estimate Standard Error

Intercept

Positive for both pathogens (CT/NG)

All negative tests

Never tested

Positive for gonorrhea only

Pregnant in the testing window

Age (first basis function)

Age (second basis function)

Location=MajorCityLow

Location=MajorCityMiddle

Location=RegionalHigh

Location=RegionalLow

Location=RegionalMiddle

Location=RemoteHigh

Location=RemoteLow

Location=RemoteMiddle

Both pathogens (CT/NG) and pregnant in the testing period
All negative tests and pregnant in the testing period

Never tested and pregnant in the testing period

Positive for gonorrhea only and pregnant in the testing period
Both pathogens (CT/NG) and Age (first basis function)

All negative tests and Age (first basis function)

Never tested and Age (first basis function)

Positive for gonorrhea only and Age (first basis function)
Both pathogens (CT/NG) and Age (second basis function)
All negative tests and Age (second basis function)

Never tested and Age (second basis function)

Positive for gonorrhea only and Age (second basis function)
Pregnant in the testing period and Age (first basis function)

Pregnant in the testing period and Age (second basis function)

-1.1959 0.0943
0.2128 0.2173
0.1270 0.1001
0.5506 0.0951
0.2953 0.3512
0.5689 0.1087
-0.0993 0.0229
0.0627 0.0337
0.4731 0.0250
0.3228 0.0184
0.1310 0.0268
0.4887 0.0198
0.3918 0.0163
0.2601 0.1848
0.4420 0.0382
0.2529 0.0452
0.6611 0.2508
-0.2702 0.1116
-0.8499 0.1060
0.9069 0.4749
-0.0028 0.0499
0.0868 0.0247
0.1516 0.0233
0.0749 0.0895
-0.0332 0.0829
-0.0870 0.0359
-0.1598 0.0341
-0.1232 0.1168
-0.0443 0.0118
0.0248 0.0123

Table 2.7: Summary of the model estimates, for the full model with all

interaction effects specified, where testing history is broken down by in-

fection type. Estimates are on the log-odds scale.
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aOR* (95% CI) aOR (95% CI) aOR (95% CI)
Not Pregnant in the testing period
Multiple Positive Tests (n = 468) 151 (1.20, 1.90) CT (n = 2,500)  1.08 (0.98, 1.20)
Aged 20 at end of testing period Exposed® (n = 20, 250)  0.91 (0.87, 0.95) Single Positive Test (n = 2,756)  1.07 (0.97, 1.17) NG (n = 171) 1.06 (0.71, 1.59)
All Negative Tests (n = 17,026)  0.86 (0.82, 0.90) CT/NG (n = 553) 1.35 (1.11, 1.65)
Multiple Positive Tests 1.04 (0.81, 1.35) CT 0.70 (0.62, 0.79)
Aged 25 0.71 (0.68, 0.75)  Single Positive Test 0.66 (0.59, 0.75) NG 0.78 (0.50, 1.21)
All Negative Tests 0.72 (0.68, 0.75) CT/NG 0.81 (0.63, 1.04)
Multiple Positive Tests 0.90 (0.40, 2.03) CT 1.01 (0.76, 1.36)
Aged 30 0.87 (0.79, 0.95) Single Positive Test 1.00 (0.76, 1.31) NG 0.69 (0.30, 1.60)
All Negative Tests 0.87 (0.78, 0.96) CT/NG 0.91 (0.43, 1.93)
Unexposed (n = 75, 217) 1 (ref) Unexposed 1 (ref) Unexposed 1 (ref)
Pregnant in the testing period
Multiple Positive Tests (n = 126) 4.17 (2.72, 6.40) CT (n = 463) 2.53 (2.06, 3.11)
Aged 20 at end of testing period Exposed (n = 4,452) 1.72 (1.59, 1.86) Single Positive Test (n = 481) 2.85(2.33, 3.40) NG (n=27) 6.17 (2.47, 15.40)
All Negative Tests (n = 3,845)  1.53 (1.40, 1.67) CT/NG (n = 117) 6.13 (3.92, 9.59)
Multiple Positive Tests 2.89 (1.97, 4.24) CT 1.64 (1.35, 1.99)
Aged 25 1.35 (1.26, 1.45) Single Positive Test 1.77 (147, 2.15) NG 453 (1.84, 11.14)
All Negative Tests 1.28 (1.19, 1.38)  CT/NG 3.66 (2.43, 5.51)
Multiple Positive Tests 2.50 (1.07,5.83) CT 2.37 (1.70, 3.31)
Aged 30 1.64 (1.48, 1.83) Single Positive Test 2.67 (1.95, 3.65) NG 3.99 (1.38, 11.60)
All Negative Tests 1.55 (1.39, 1.74) CT/NG 4.14 (1.88, 9.13)
Unexposed (n = 33,043) 1 (ref) Unexposed 1 (ref) Unexposed 1 (ref)

Table 2.8: Odds ratios of pregnancy in the outcome period.
@ All models are adjusted for location and pregnancy in the testing period interacted
with a cubic spline of age evaluated at 20, 25 and 30 (as at 2005).

b Any history of testing for chlamydia/gonorrhea.

To further evaluate the reproductive burden associated with chlamydia
and gonorrhea, we replicated our pregnancy analysis using perinatal outcomes of
low birth-weight and pre-term birth. The women who had a history of chlamydia
and/or gonorrhea testing were more likely to have adverse perinatal outcomes such
as low birth-weight and pre-term birth (Table 2.11; low birth-weight aOR 1.35; 95%
CI 1.23-1.48, pre-term birth aOR 1.28; 95% CI 1.18-1.39). Women with multiple
positive tests had significantly higher odds of the low birth-weight outcome compared
to women with single positive tests and all negative tests (multiple positive tests
aOR 2.61; 95% CI 1.85-3.69, single positive test 1.50; 95% CI 1.23-1.84, all negative
tests aOR 1.29; 95% CI 1.17- 1.43). The odds of pre-term birth were comparable

between all testing groups.
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Figure 2.13: Association of chlamydia and gonorrhea testing and preg-
nancy. Compares exposed and unexposed group. All lines represent the predicted
probability of having a pregnancy in the outcome period, and the shaded area repre-
sents the (endpoint transformed) 95% confidence interval. Model adjusted to major

city and high SES locations.
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Figure 2.14: Association of chlamydia and gonorrhea testing and preg-
nancy. (Compares single positive test, all negative tests and unexposed group.
All lines represent the predicted probability of having a pregnancy in the outcome
period, and the shaded area represents the (endpoint transformed) 95% confidence

interval. Model adjusted to major city and high SES locations.
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Figure 2.15: Association of chlamydia and gonorrhea testing and preg-
nancy. (Compares Chlamydia positive, Gonorrhea positive and unexposed group.
All lines represent the predicted probability of having a pregnancy in the outcome
period, and the shaded area represents the (endpoint transformed) 95% confidence

interval. Model adjusted to major city and high SES locations.
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2.3.4 Hierarchical pregnancy models

It is clear that a history of testing is associated with reduced odds of
pregnancy in the outcome window. Testing history is associated with higher risk
of infection (for the subgroup with negative tests; for those with positive tests an
infection history is also present), and testing history is associated with being from
lower SES areas, which may also independently impact pregnancy outcomes (Figure
2.12). Testing history may also be correlated with other biological factors that
are not explicitly represented in our data. To evaluate the extent to which the
reproductive burden of testing history is an indication of demographic or underlying
biological factors, we fit a series of hierarchical (or multilevel) models with postcode
specific terms to adjust for demographic factors associated with a particular area.
We fit three models, a fixed effects model with no postcode-level intercept (this
replicates the main model discussed in the previous section), a varying intercept
model with a postcode-level intercept, and a varying effects model with a postcode-
level intercept and with the effect of testing history and prior pregnancy allowed
to vary across postcodes. Models are fit within a Bayesian framework, as using
Markov Chain Monte Carlo estimation ensures convergence of the models. Instead of
restricted cubic splines, thin plate splines are used in the models. For the coefficient
parameters of the models, the standard deviation of the smooth terms and the
standard deviation of the varying intercepts and effects are given N(0,1) priors.
Figure 2.16 replicates the results shown in Figure 2.13. There are some differences
between plots due to the greater degrees of freedom allowed to the spline terms in
the later model. The overall difference between testing and unexposed groups have
been described in previous sections, and the results of this model is similar. For
example, the adjusted odds ratio for women with a testing history and no prior
pregnancy is 0.89 (0.87 - 0.91), 0.71 (0.70 - 0.73) and 0.85 (0.80 - 0.89) for women
aged 20, 25 and 30 years respectively. Once area-level variability is adjusted for
using postcode-specific intercepts in a varying intercept hierarchical model, the odds
ratio for the exposed compared to the unexposed group, for women with no prior
pregnancy, shifts slightly towards unity across all ages (Table ??, Figure 2.17). For
example, for women aged 20 at 2005, the odds ratio was 0.94 (0.93 - 0.96) in the
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varying intercept model, where it was 0.89 (0.87 - 0.91) for the fixed effects model,
and similarly for women across all ages. The odds ratio for women with a prior
pregnancy shifts away from unity, becoming larger. For women aged 25, the varying
intercept odds ratio was 1.45 (1.42 - 1.48), whereas it was 1.35 (1.30 - 1.39) in the
fixed effects model. The inclusion of this effect, compared to the one-level fixed
effects model, suggests that a small part of the testing history effect observed in
the previous section is attributable to postcode related demographic factors, but a
majority of the effect is explained by alternative, biological factors. The distribution
of postcode-level intercepts is shown in Figure 2.20. The standard deviation of the
postcode-level parameters is 0.37, this would imply that the odds of pregnancy is
1.45 for a woman of average age, that has never been tested and with no prior
pregnancy in a postcode that has an intercept of one standard deviation above the
average postcode, and 0.69 of a woman in a postcode that is one standard deviation
below the average. After allowing the effect of testing history (exposure) and prior
pregnancy to vary across postcode, we observe the difference between exposed and
unexposed groups, for women with no prior pregnancy, becomes smaller for middle
age ranges and close to unity for age ranges on the extremes (Figure 2.18, Table
2.9). The average odds ratio, for women with a prior pregnancy, is smaller than
the effects observed from the varying intercept model. The comparisons shown are
for a predictions drawn from the distributions of effects across all postcodes. There
are three interesting correlations of the varying effects that can be found in Table
2.10. The correlation between the Intercept and the testing history effect between
postcodes is -0.16 (95% Crl -0.31, 0.01) which suggests that postcode with overall
increased pregnancy rates will have larger negative effects associated with exposure.
Similarly, the correlation between the Intercept and Prior Pregnancy is -0.85 (95%
Crl -0.90, -0.79). The correlation between the exposure effect and the interaction
between exposure and prior pregnancy is -0.75 (-0.86, -0.61). Figure 2.21 shows
the distribution of total random effects (history of testing, prior pregnancy and
intercept) across all postcodes. A majority of the effects cover zero on the log-odds
scale, suggesting that the postcode effects for these areas are negligible. Some of
the postcodes has effects that are significantly less than zero (on the log-odds scale),

implying that these are postcodes with factors that significantly lower overall chances
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Fixed Effects Model aOR (95% CrI) Varying Intercept Model aOR (95% CrI) Varying Effects Model aOR (95% CrI)

Age 20 years (2005) No prior pregnancy 0.89 (0.87 - 0.91) 0.94 (0.93 - 0.96) 1.06 (1.04 - 1.09)
(1.65 - 1.74) 1.83 (1.80 - 1.87) 1.77 (1.69 - 1.85)

(0.70 - 0.73) 0.75 (0.74 - 0.76) 0.80 (0.78 - 0.82)

Pregnant in the testing period 1.35 (1.30 - 1.39) 1.45 (1.42 - 1.48) 1.33 (1.26 - 1.40)

(0.80 - 0.89) 0.87 (0.84 - 0.90) 0.87 (0.83 - 0.92)

( ) 1.60 (1.61 - 1.77) 1.46 (1.36 - 1.58)

Pregnant in the testing period 1.69
Age 25 years (2005) No prior pregnancy 0.71

Age 30 years (2005) No prior pregnancy 0.85

Pregnant in the testing period 1.61 (1.51- 1.71

centering

Table 2.9: Odds ratios of pregnancy in the outcome period. All models are
adjusted for location and pregnancy in the testing period interacted with a spline

of age evaluated at 20, 25 and 30 (as at 2005).

of pregnancy. Figure 2.19 shows the age effect for exposed and unexposed groups by
postcode. Using the estimates in Table 2.10, we can compute the standard deviation
of the varying effects for all four groups of history of testing and prior pregnancy. For
woman with no history of testing and no prior pregnancy, the standard deviation of
the postcode-level effects is 0.49, implying that a woman of average age in a postcode
1 standard deviation below the mean would have an odds ratio of pregnancy of 0.63,
and a woman in a postcode 1 standard deviation above the average would have odds
of pregnancy 1.60. For a woman with a history of testing and no prior pregnancy,
the standard deviation is 0.67 (95% CrI 0.58 - 0.78), and so odds of pregnancy in
postcodes 1 standard deviation below and above the average would be 0.51 and
1.95. For women with no history of testing and with prior pregnancy, the standard
deviation is 0.62 (95% CrI 0.55 - 0.69) and so odds of pregnancy 1 standard deviation
below and above the mean would be 0.54 and 1.85. For women with a history of
testing and with prior pregnancy, the standard deviation is 0.93 (95% Crl 0.82 -
1.06), and so women in postcodes 1 standard deviation below and above the mean
would have odds of pregnancy 0.39 and 2.53. The variability related to postcode-
specific demographic factors is smallest for women with no history of testing and no
prior pregnancy, and higher for women with a history of testing and women with a
prior pregnancy. The variability is largest for women with both a history of testing
and prior pregnancy, suggesting that the effect of exposure is highly positive within
some postcodes, and highly negative in others. The postcode-level variation also

outweighs most of the population level effects found in the model.
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Not Pregnant in the testing period Pregnant in the testing period
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Figure 2.16: Association of chlamydia and gonorrhea testing and preg-
nancy. Compares exposed and unexposed group. All lines represent the predicted
probability of having a pregnancy in the outcome period, and the shaded area rep-

resents the 95% posterior interval. Adjusted to major city and high SES locations.
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Figure 2.17: Association of chlamydia and gonorrhea testing and preg-
nancy. Compares exposed and unexposed group. Model is adjusted for postcode
level effects using a varying intercept term. All lines represent the predicted proba-
bility of having a pregnancy in the outcome period, and the shaded area represents

the 95% posterior interval. Adjusted to major city and high SES locations.
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Figure 2.18: Association of chlamydia and gonorrhea testing and preg-
nancy. Compares exposed and unexposed group. Model is adjusted for postcode
level effects using a varying intercept term, and the effects of testing and prior
pregnancy is allowed to vary across postcodes. All lines represent the predicted
probability of having a pregnancy in the outcome period, and the shaded area rep-

resents the 95% posterior interval. Adjusted to major city and high SES locations.
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Figure 2.19: Association of chlamydia and gonorrhea testing and preg-
nancy. Compares exposed and unexposed group. Model is adjusted for postcode
level effects using a varying intercept term, and the effects of testing and prior
pregnancy is allowed to vary across postcodes.. Each line represents the predicted
probability of having a pregnancy in the outcome period for a particular postcode.

Adjusted to major city and high SES locations.
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Estimate

Postcode

Figure 2.20: Distribution of the postcode-level intercepts. Points represent

the mean of the posterior distribution for each random effect, and lines represent

the 95% posterior interval.
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Figure 2.21: Distribution of the postcode-level effects across key varying
covariates. Points represent the mean of the posterior distribution for each random

effect, and lines represent the 95% posterior interval.
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sd(Intercept) 0.49 (0.44, 0.53)
sd(History of testing) 0.48 (0.42, 0.54)
sd(Prior Pregnancy) 0.51 (0.43, 0.57)
sd(History of Testing and Prior Pregnancy) 0.60 (0.48, 0.72)
cor(Intercept, History of Testing) -0.16 (-0.32, 0.01)
cor(Intercept, Prior Pregnancy) -0.85 (-0.90, -0.79)
cor(History of Testing, Prior Pregnancy) 0.03 (-0.15, 0.20)
cor(Intercept, History of Testing and Prior Pregnancy) -0.06 (-0.27, 0.16)
cor(History of Testing, History of Testing and Prior Pregnancy) -0.75 (-0.86, -0.61)
cor(Prior Pregnancy, History of Testing and Prior Pregnancy) 0.17 (-0.07, 0.40)

Table 2.10: Parameters of the postcode-level varying effects. Estimates
shown are the mean of the posterior distribution, and the 95% posterior interval for

each parameter is displayed in brackets.

2.3.5 Discrete-time pregnancy models

It appears that the age effects are somehow accounting for the effects of
time from first test until first pregnancy, which is why it varies so much between
testing groups. To investigate this, we run a discrete time analysis on the time until
first pregnancy. Because we lack a suitable starting point for the whole cohort, we
model women in the 15-19 age range. Being in this age range at the end of the
testing period still represents a reasonable starting point for time to first pregnancy.
We exclude anyone that had a pregnancy prior to this date. We model the chances
of a pregnancy within each year of follow up. As pregnancy records are reliable from
2007 (QLD used electronically collected perinatal records from the beginning of this
year), we use this year as our first time period for modelling. We stop the follow up
in 2012, as this was our last full year of follow up in the study. Women that have had
a pregnancy are excluded from later time periods. Our first fit uses testing history
as our exposure definition, with no interaction with time. We adjust the model for
Location, and use no intercept term (so that the first period is the reference case
for estimates). The models in this section are fitted using the Bayesian framework,
as this easily allows for the inclusion of uncertainty intervals on the survival curves,

and is easy to include person-specific intercepts (that is, easily extensible to a frailty
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model). The parameters of the model are given N(0,1) priors. The estimate for the
exposure group is negative (Figure 2.20). The hazard-odds ratio is 0.93 (95% Crl
0.90 - 0.97), which is assumed to be constant throughout the observation period. The
survival curve is almost linear (Figure 2.21). We next model time until pregnancy,
with an interaction between exposure and time. The hazard-odds ratio for the
exposed group is 0.84 (95% Crl 0.76 - 0.92) - however this now applies to the first
time period (2007). The hazard odds-ratio is less than unity for all years except
for 2012, where the exposed group has greater probability of pregnancy. However,
in most of those years the confidence intervals for the hazards significantly overlap
(Figure 2.22). This effect is clearer in the survival curve (Figure 2.23), where it shows
the exposed group ‘catching up’ to the unexposed group. This is consistent with
the idea that exposure to testing reduces the ease at which women become pregnant
and therefore increases the time to pregnancy. As discussed in 2.3.4, the exposure
effect of testing varies significantly across postcodes. We fit the previous model,
and include a postcode level intercept, and allow the effect testing history to vary
across postcodes. The hazard-odds ratio for the exposed group, within the average
postcode at 2007 is identical to the previous model - 0.84 (95% Crl 0.76 - 0.92). As
in the previous model, the mean hazard-odds ratio is less than unity for all years
except for 2012, where the exposed group has greater probability of pregnancy. The
standard deviation of the postcode-level intercepts is 0.05 (95% CrI 0.01 - 0.08), so
the hazard-odds ratio for a woman with no history of testing in a postcode 1 standard
deviation below the mean would be 0.95, and in a postcode 1 standard deviation
above the mean the hazard-odds ratio would be 1.05. The standard deviation of the
postcode effects for women with a history of testing is 0.09 (95% CrlI 0.00 - 0.24),
which implies that the hazard-odds ratio for a woman in a postcode 1 standard
deviation below the mean is 0.92, and in a postcode 1 standard deviation above
the mean is 1.08. As observed previously with the hierarchical models fit to all
pregnancies, the postcode level variability is greater for women with a history of

testing, than for those with no history.

We can then finally model time until pregnancy, with the exposed group
broken into testing diagnosis. Having a single positive test results in lower hazard-

odds than having all negative tests (for single positive tests the hazard-odds ratio
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is 0.73, 95% CrI 0.58 - 0.92 and for all negative tests, the hazard-odds ratio is 0.86,
95% Crl 0.78 - 0.95). There is a modest interaction between having all negative
tests and time, which shows an increase in the chances of pregnancy as time goes
on (Figure 2.29). The bounds for the multiple positive test effect is particularly
large, and so no difference in pregnancy outcomes could be inferred for this group.
Overall, a breakdown of time to pregnancy results by testing diagnosis showed a
similar effect to the results presented earlier. Chapter 3 will discuss in greater detail

the difference between the negative and positive testing groups.

Whilst our data used in this chapter has significant limitations that pre-
vents us from doing a full discrete-time based analysis in a longitudinal framework,
these results demonstrate the potential importance of considering the time-based
effects. There is great future opportunity in gathering full longitudinal used to in-
vestigate more precise hypotheses about the relationship between testing, pathogens
and reproductive burden. For example, as seen above the impact of testing may be

more apparent in younger women or closer to the testing date.

2.3.6 Perinatal Outcomes

To further evaluate the reproductive burden associated with chlamydia
and gonorrhea, we replicated our pregnancy analysis using perinatal outcomes of
low birth-weight and pre-term birth. We present both outcomes simultanenously, as
there was a large correlation between the two outcomes (birth weight and gestational
weeks had a correlation of 0.67, 72.9% of low birth weight births were also pre-term,
and 59.4% of pre-term births were also low birth weight). A deeper analysis of
low birth weights and pre-term births is covered in Chapter 4. Each model was
adjusted for location, age of the mother at December 31st, 2005 (modelled with a
restricted cubic spline with 3 knots), age of the mother at the birth of the child
(linear term only), the presence of the outcome in the testing period and testing
history or status. Figure 2.30 shows the effect of each of the location effects in both
of the models. In general, pregnancies to women from lower socioeconomic and/or
more remote areas were more likely to experience either of the adverse outcomes.

Figure 2.31 and Figure 2.32 shows the impact of age on the chances of both
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Figure 2.22: Log-odds of discrete-time effects of exposure to testing on

pregnancy across years from 2007-2012, for women aged 15-19 at 2005.
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Figure 2.23: The survival curve of exposure to testing on pregnancy across

years from 2007-2012, for women aged 15-19 at 2005.
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Figure 2.24: Log-odds of discrete-time effects of exposure to testing on
pregnancy across years from 2007-2012, for women aged 15-19 at 2005.

This model has an interaction between time and testing status specified.
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Figure 2.25: The survival curve of exposure to testing on pregnancy across
years from 2007-2012, for women aged 15-19 at 2005. This model has an

interaction between time and testing status specified.
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Figure 2.26: Log-odds of discrete-time effects of exposure to testing on
pregnancy across years from 2007-2012, for women aged 15-19 at 2005.
This model has an interaction between time and testing status specified, and the

exposure effect is allowed to vary across postcodes.
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Figure 2.27: The survival curve of exposure to testing on pregnancy across
years from 2007-2012, for women aged 15-19 at 2005. This model has an
interaction between time and testing status specified, and the exposure effect is

allowed to vary across postcodes.
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Figure 2.28: Log-odds of discrete-time effects of exposure to testing, by

diagnosis on pregnancy across years from 2007-2012, for women aged 15-

19 at 2005.
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Figure 2.29: The survival curve of exposure to testing, by diagnosis on

pregnancy across years from 2007-2012, for women aged 15-19 at 2005.
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aOR® (95% CI) aOR (95% CI)

Pre-Term Birth
Multiple Positive Tests (n = 290) 1.21 (0.81, 1.81)
Exposed® (n = 8,144) 1.28 (1.18, 1.39) Single Positive Test (n = 1,202)  1.37 (1.14, 1.66)
All Negative Tests (n = 6,652) 1.27 (1.16, 1.39)
Low Birth Weight

Multiple Positive Tests 2.61 (1.85, 3.69)
Exposed 1.35 (1.23, 1.48) Single Positive Test 1.50 (1.23, 1.84)
All Negative Tests 1.29 (1.17, 1.43)

Table 2.11: Perinatal outcomes associated with a history of STI testing
and test results.
* Models adjusted for presence of the outcome (pre-term birth or low birth-weight)
in the testing period, a cubic spline of age (at 2005) with 3 knots, mother’s age at
birth and location.

b Any history of testing for chlamydia/gonorrhea.

outcomes. Women born later in time (younger at 2005) were less likely to have
pre term pregnancies or low birth weight births, and women who were younger
when giving birth (independently of the year of their birth) were also less likely to
experience adverse perinatal outcomes. Women with a pre term birth in the testing
window were much more likely to have another pre term birth in the outcome window
(aOR 3.87, 95% CI 3.39 - 4.41), and similarly women with a previous low birth weight
baby were much more likely to have another in the outcome window (aOR 4.17, 95%
CI 3.60, 4.83). The women who had a history of chlamydia and/or gonorrhea testing
were more likely to have adverse perinatal outcomes such as low birth-weight and
pre-term birth (Table 2.11; low birth-weight aOR 1.35; 95% CI 1.23-1.48, pre-
term birth aOR 1.28; 95% CI 1.18-1.39). Women with multiple positive tests had
significantly higher odds of the low birth-weight outcome compared to women with
single positive tests and all negative tests (multiple positive tests aOR 2.61; 95% CI
1.85-3.69, single positive test 1.50; 95% CI 1.23-1.84, all negative tests aOR 1.29;
95% CI 1.17- 1.43). The odds of pre-term birth were comparable between all testing

groups.

96



Chapter 2

RemoteMiddle - —_— RemoteMiddle —_—
RemotelLow A — RemotelLow 1 —_——
RemoteHigh 1 . RemoteHigh 4 .
RegionalMiddle - —— RegionalMiddle —
c c
kel K]
'{g’ RegionalLow A e § RegionalLow - e
o o
3 J
RegionalHigh - —— RegionalHigh A —_—
MajorCityMiddle - —— MajorCityMiddle ——
MajorCityLow 1 — MajorCityLow 1 —
MaijorCityHigh 1 —— MajorCityHigh 1 ——
35 -3.0 25 2.0 35 -3.0 25 -2.0
log odds (Pre Term Birth) log odds (Low Birth Weight)

Figure 2.30: Covariates of the perinatal models and association with each
perinatal outcome. Compares location effects for pre term birth and low birth
weight. The effects shown are from the models that use testing history as the key

exposure variable.
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Figure 2.31: Covariates of the perinatal models and association with each
perinatal outcome. Shows the effect of maternal age (at Dec 31, 2005) on pre
term birth and low birth weight. The effects shown are from the models that use

testing history as the key exposure variable.
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Figure 2.32: Covariates of the perinatal models and association with each
perinatal outcome. Shows the effect of maternal age (at birth of their child) on
pre term birth and low birth weight. The effects shown are from the models that

use testing history as the key exposure variable.
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2.4 Discussion

In a study of 132 962 women in Queensland, Australia, we have measured
the reproductive outcomes for women with a history of testing for chlamydia and
gonorrhea. We have investigated how future pregnancies depend on the presence or
absence of a testing history, the number of tests, the diagnosis of these tests and
the infection. We have also shown that the association between testing history and
odds of future pregnancy is dependent on the age at which women are exposed to
a test, and if they had any pregnancy during the same time frame as their testing
history. This is the first large study using data-linkage to test an association of any

recorded subsequent pregnancy with a history of testing for these two STIs.

A strength of our study is the large sample size, an order of magnitude
larger than the only other study to look at subsequent pregnancy as an outcome
measure [5], and is a similar order of magnitude to studies that have established the
association of chlamydial testing history with PID [21, 11, 27, 6] and tubal factor
infertility [26]. A further strength of our study is the inclusion of both chlamydia
and gonorrhea, and an unexposed group, unlike the only prior study to test for the
association with infertility by measuring subsequent pregnancies. Women in the
exposed group had reduced odds of pregnancy compared to the unexposed group,
when they had no prior pregnancy in the testing period, and they were aged within
the middle of the distribution of ages at the end of the testing period. For older and
younger ages, and for women with a prior pregnancy in the testing period, there

was no difference between exposed and unexposed groups.

There are limitations of our study that should be considered. The time-
frame of the cohort did not cover full reproductive years for the women, although
it did extend beyond the median age of first birth in QLD in 2013 (28.5) [3] as the
cohort has a median of age 31 (IQR 28-34) at study completion. There were 50
185 notifications of chlamydial and gonococcal infections in Queensland from 2000
to 2005 (including all ages and genders) [16], so our data represents ~ 12% of all
infections in this time period for this state (numbers for each age group and gender

were not available for exact comparison). We were unable to account for people who
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had moved out of the study area prior to pregnancies although 2005 census data
reported limited migration out of the state so we expect this to have only a small
impact [2]. We have adjusted for location and socioeconomic status, however, these
factors still may be over-represented in the exposed (tested) group relative to the
unexposed group. Relying solely on pathology data and the few associated demo-
graphic details means we have no information regarding behavioural and lifestyle
predictors of those undergoing STI testing, which risks further confounding of re-
sults and difficult interpretation. Further, we were unable to assess the physicians’
decision-making process when identifying women for testing, and therefore not able
to account for the significance of provider-initiated testing as opposed to patient-
initiated testing. It is also possible that women recorded in the perinatal database
(which covers both public and private hospitals) may have had chlamydia and gon-
orrhea tests not recorded in the AUSLAB dataset (government funded testing only).
The unexposed group selection was for women who had full blood count test done
but no chlamydia and gonorrhea test recorded in AUSLAB. Without knowledge as
to why these women were tested, this raises the possibility of further selection bias.
The study data did not include dates of tests, or all incidences of negative tests,
preventing a temporal analysis that may have provided a richer understanding of

the findings.

A previous analysis of population characteristics has established that women
who access testing services for chlamydia have lower condom usage and higher num-
bers of sexual partners, and that these characteristics were more likely to result
in chlamydia positivity for women with a testing history compared to a general
population [28]. Our findings suggest that STI testing may be indicative of risk
behaviours that may predispose individuals to infection and consequently greater
adverse outcomes. Care must be taken in interpreting our results to determine the
exact reproductive burden of these two STIs, as our definition of exposure implies
that women in the exposed group are more sexually active and potentially more
likely to have a pregnancy than women in the unexposed group. Women with a
pregnancy in the testing period had overall increased chances of having a pregnancy
in the outcome window, and this effect was most pronounced for the exposed group.

This observation further implies that the women in the exposed group are more
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sexually active, and therefore have increased chances of further infections, but also
greater chance of further pregnancy. The youngest women in our data had com-
parable odds of pregnancy between exposed and unexposed groups, however older
women in the exposed group had reduced odds. Similarly, younger women with a
single positive test had higher chances of pregnancy compared to women with all
negative tests. However, there was no distinction between the two for older women.
This would suggest that the reproductive burden of chlamydia and gonorrhea in-
creases with age, or with potential further infections that occur over time. Women
with multiple positive tests, women with both chlamydia and gonorrhea infections,
and women with a testing history that had a pregnancy in the testing window were
more likely to have a pregnancy in the outcome window. However, it is important
to consider these results in the light of the known differences in health outcomes
and STI incidences for Indigenous Australians. The data on Indigenous identity
was not available for the unexposed group who did not have a pregnancy, although
we can see that with this limited data that there were more Indigenous women in
the exposed group. We note that this is likely to be a confounding factor that has
particularly contributed to the increased odds of pregnancy results for multiple in-
fections, especially as indigenous women are more likely to test positive to chlamydia
and gonorrhea and more likely to have younger pregnancies [14, 4]. The postcode
level variation presented from the hierarchical models likely represents shared de-
mographic or environmental factors shared between residents in a similar location,

that are not explained by SES effects (as these have been adjusted for already).

Women in the exposed group had increased odds of pre-term births and
low birth-weight outcomes. Further, women with a single positive test had odds
ratio of both outcomes that were greater than the comparable estimates for women
with all negative tests. Although the 95% Confidence Intervals do overlap (Table
2.11), this supports the increased reproductive burden of a positive test diagno-
sis, in comparison to only negative tests. Location and socioeconomic status was
adjusted for in these models, which suggests that the impact of a positive test on
perinatal outcomes is due to pathogen and/or host specific factors, rather than being
solely caused by demographic factors. The findings support previous findings using

outcomes of PID and tubal factor infertility [8, 9, 10, 25, 27].
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2.5 Conclusion

We report a relationship between a history of chlamydia or gonorrhea test-
ing history in women with reduced odds of having a subsequent pregnancy for some
groups of the population, but not for others, indicating that these two infections
could represent a reproductive health burden for some women. It is not clear, from
the results presented in this chapter and previous literature measuring burden using
PID, whether the association between testing history and reproductive sequelae is
attributable to undetected infections that cause tubal damage, or if demographic,
behavioural and biological attributes of women with a testing history influences
pregnancy outcomes independently of the presence of STIs. Following chapters will
utilise further statistical techniques to better elucidate the confounding characteris-
tics of women with a testing history. We will then use a within-host mathematical
model of the host-pathogen response to further investigate one process by which
STTs could cause reproductive damage, and the potential moderating factors of that

process.

2.6 Acknowledgements

We acknowledge the generous collection and provision of data from Pathol-
ogy Queensland facilitated by the Clinical Information Systems Support Unit, Health
Support Queensland and Queensland Health Statistics Unit that were crucial for this
study. Deepak Regmi, Database Administrator, Clinical Information Systems and

Support Unit, Queensland Health.

References

[1] Standard. 2006. URL: https://www .who . int/childgrowth/standards/

technical_report/en/.

[2] 3101.0 - Australian Demographic Statistics, Dec 2005. Web Page. 2006. URL:
https://www.abs.gov.au/AUSSTATS /abs@ .nsf /Lookup/3101.0Main+
Features1Dec%5C%202005.

103


https://www.who.int/childgrowth/standards/technical_report/en/
https://www.who.int/childgrowth/standards/technical_report/en/
https://www.abs.gov.au/AUSSTATS/abs@.nsf/Lookup/3101.0Main+Features1Dec%5C%202005
https://www.abs.gov.au/AUSSTATS/abs@.nsf/Lookup/3101.0Main+Features1Dec%5C%202005

REFERENCES

[10]

3301.0 - Births, Australia, 2013. Government Document. 2013. URL: https://
www.abs.gov.au/AUSSTATS/abs@.nsf/Lookup/3301.0Maint+Features12013.

A multivariate approach to the disparity in perinatal outcomes between indige-
nous and non-indigenous women. Government Document. 2014. URL: https:
//www .health.qld.gov.au/__data/assets/pdf _file/0022/370318/

indigenous-peridisparity.pdf.

I. J. Bakken et al. “Births and ectopic pregnancies in a large cohort of women
tested for Chlamydia trachomatis”. In: Sex Transm Dis 34.10 (2007), pp. 739—
43. 18sN: 0148-5717 (Print) 0148-5717. pOI: 10.1097/01.01q. 0000261326 .
65503. 6.

Inger J Bakken and Sara Ghaderi. “Incidence of pelvic inflammatory disease in
a large cohort of women tested for Chlamydia trachomatis: a historical follow-
up study”. In: BMC Infectious Diseases 9.1 (2009), p. 130. 1SSN: 1471-2334.
DOI: 10.1186/1471-2334-9-130. URL: https://dx.doi.org/10.1186/
1471-2334-9-130.

Rachael E. L. Barlow et al. “The prevalence of Chlamydia trachomatis in
fresh tissue specimens from patients with ectopic pregnancy or tubal factor
infertility as determined by PCR and in-situ hybridisation”. In: Journal of
Medical Microbiology 50.10 (2001), pp. 902-908. 1sSN: 0022-2615. DOI: 10 .
1099/0022-1317-50-10-902.

B. Davies, K. Turner, and H. Ward. “Risk of pelvic inflammatory disease
after Chlamydia infection in a prospective cohort of sex workers”. In: Sex
Transm Dis 40.3 (2013), pp. 230-4. 1SsN: 0148-5717. po1: 10 . 1097 /0LQ .
0b013e31827b9d75.

B. Davies et al. “Heterogeneity in risk of pelvic inflammatory diseases after
chlamydia infection: a population-based study in Manitoba, Canada”. In: J
Infect Dis 210 Suppl 2.Suppl 2 (2014), S549-55. 18sN: 0022-1899 (Print) 0022-
1899. DOI: 10.1093/infdis/jiu4s3.

B. Davies et al. “Pelvic inflammatory disease risk following negative results

from chlamydia nucleic acid amplification tests (NAATSs) versus non-NAATSs

104


https://www.abs.gov.au/AUSSTATS/abs@.nsf/Lookup/3301.0Main+Features12013
https://www.abs.gov.au/AUSSTATS/abs@.nsf/Lookup/3301.0Main+Features12013
https://www.health.qld.gov.au/__data/assets/pdf_file/0022/370318/indigenous-peridisparity.pdf
https://www.health.qld.gov.au/__data/assets/pdf_file/0022/370318/indigenous-peridisparity.pdf
https://www.health.qld.gov.au/__data/assets/pdf_file/0022/370318/indigenous-peridisparity.pdf
https://doi.org/10.1097/01.olq.0000261326.65503.f6
https://doi.org/10.1097/01.olq.0000261326.65503.f6
https://doi.org/10.1186/1471-2334-9-130
https://dx.doi.org/10.1186/1471-2334-9-130
https://dx.doi.org/10.1186/1471-2334-9-130
https://doi.org/10.1099/0022-1317-50-10-902
https://doi.org/10.1099/0022-1317-50-10-902
https://doi.org/10.1097/OLQ.0b013e31827b9d75
https://doi.org/10.1097/OLQ.0b013e31827b9d75
https://doi.org/10.1093/infdis/jiu483

Chapter 2

[12]

[13]

[14]

[15]

[16]

in Denmark: A retrospective cohort”. In: PLoS Med 15.1 (2018), €1002483.
ISSN: 1549-1277 (Print) 1549-1277. DOI: 10.1371/journal .pmed.1002483.

Bethan Davies et al. “Risk of reproductive complications following chlamydia
testing: a population-based retrospective cohort study in Denmark”. In: The
Lancet Infectious Diseases 16.9 (2016), pp. 1057-1064. 1SSN: 1473-3099. DOTI:
10.1016/81473-3099(16) 30092-5. URL: https://doi.org/10.1016/
S1473-3099(16)30092-5.

J. L. Goller et al. “Trends in diagnosis of pelvic inflammatory disease in an
Australian sexual health clinic, 2002-16: before and after clinical audit feed-
back”. In: Sex Health 16.3 (2019), pp. 247-253. 1SSN: 1448-5028. DOI: 10.
1071/sh18119.

Jane L Goller et al. “Rates of pelvic inflammatory disease and ectopic preg-
nancy in Australia, 2009-2014: ecological analysis of hospital data”. In: Sezx-
ually Transmitted Infections 94.7 (2018), pp. 534-541. 1SSN: 1368-4973. DOT:
10.1136/sextrans-2017-053423.

S. Graham et al. “Epidemiology of chlamydia and gonorrhoea among In-
digenous and non-Indigenous Australians, 2000-2009”. In: Med J Aust 197.11
(2012), pp. 642-6. 1sSN: 0025-729x. DOT: 10.5694/mjal2.10163.

Frank E. Harrell. Regression Modeling Strategies. Berlin, Heidelberg: Springer-
Verlag, 2006. 1SBN: 0387952322.

Australian Institute of Health and Welfare. Rural and remote health. Report.
ATHW, 2019. URL: https://www.aihw.gov.au/reports/rural-remote-

australians/rural-remote-health.

Christine L. Heumann et al. “Adverse Birth Outcomes and Maternal Neis-
seria gonorrhoeae Infection”. In: Sexually Transmitted Diseases 44.5 (2017),
pp- 266-271. 1SSN: 0148-5717. poI1: 10.1097/01q.0000000000000592. URL:
https://dx.doi.org/10.1097/01q.0000000000000592.

S. D. Hillis et al. “Recurrent chlamydial infections increase the risks of hos-
pitalization for ectopic pregnancy and pelvic inflammatory disease”. In: Am
J Obstet Gynecol 176.1 Pt 1 (1997), pp. 103-7. 1sSN: 0002-9378 (Print) 0002-
9378. por: 10.1016/s0002-9378(97)80020-8.

105


https://doi.org/10.1371/journal.pmed.1002483
https://doi.org/10.1016/S1473-3099(16)30092-5
https://doi.org/10.1016/S1473-3099(16)30092-5
https://doi.org/10.1016/S1473-3099(16)30092-5
https://doi.org/10.1071/sh18119
https://doi.org/10.1071/sh18119
https://doi.org/10.1136/sextrans-2017-053423
https://doi.org/10.5694/mja12.10163
https://www.aihw.gov.au/reports/rural-remote-australians/rural-remote-health
https://www.aihw.gov.au/reports/rural-remote-australians/rural-remote-health
https://doi.org/10.1097/olq.0000000000000592
https://dx.doi.org/10.1097/olq.0000000000000592
https://doi.org/10.1016/s0002-9378(97)80020-8

REFERENCES

[19]

[20]

[22]

23]

[24]

[26]

Jonathan D. Lenz and Joseph P. Dillard. “Pathogenesis of Neisseria gonor-
rhoeae and the Host Defense in Ascending Infections of Human Fallopian
Tube”. In: Frontiers in Immunology 9 (2018). 1SSN: 1664-3224. DOI: 10.3389/
fimmu.2018.02710. URL: https://dx.doi.org/10.3389/fimmu.2018.
02710.

Bette Liu et al. “Chlamydia and gonorrhoea infections and the risk of adverse
obstetric outcomes: a retrospective cohort study”. In: Sexually Transmitted
Infections 89.8 (2013), pp. 672—678. 1SSN: 1368-4973. DOI: 10.1136/sextrans-
2013-051118. URL: https://dx.doi.org/10.1136/sextrans-2013-051118.

N. Low et al. “Incidence of severe reproductive tract complications associated
with diagnosed genital chlamydial infection: the Uppsala Women’s Cohort
Study”. In: Sex Transm Infect 82.3 (2006), pp. 212-218.

S. Menon et al. “Human and Pathogen Factors Associated with Chlamydia
trachomatis-Related Infertility in Women”. In: Clinical Microbiology Reviews

28.4 (2015), pp. 969-985. URL: https://cmr.asm.org/content/28/4/969.

Pippa Oakeshott et al. “Randomised controlled trial of screening for Chlamy-
dia trachomatis to prevent pelvic inflammatory disease: the POPI (prevention
of pelvic infection) trial”. In: BMJ 340 (2010). URL: https://www.bmj.com/
content/340/bmj.c1642.

Joanne Reekie et al. “Chlamydia trachomatis and the risk of spontaneous
preterm birth, babies who are born small for gestational age, and stillbirth:
a population-based cohort study”. In: The Lancet Infectious Diseases 18.4
(2018), pp. 452-460. 1SSN: 1473-3099. DOI: 10.1016/51473-3099 (18)30045-
8.

Joanne Reekie et al. “Hospitalisations for Pelvic Inflammatory Disease Tem-
porally Related to a Diagnosis of Chlamydia or Gonorrhoea: A Retrospec-
tive Cohort Study”. In: PLoS ONE 9.4 (2014), ¢94361. 1SSN: 1932-6203. DOI:
10.1371/journal .pone.0094361.

Joanne Reekie et al. “Risk of Ectopic Pregnancy and Tubal Infertility Fol-

lowing Gonorrhea and Chlamydia Infections”. In: Clinical Infectious Diseases

106


https://doi.org/10.3389/fimmu.2018.02710
https://doi.org/10.3389/fimmu.2018.02710
https://dx.doi.org/10.3389/fimmu.2018.02710
https://dx.doi.org/10.3389/fimmu.2018.02710
https://doi.org/10.1136/sextrans-2013-051118
https://doi.org/10.1136/sextrans-2013-051118
https://dx.doi.org/10.1136/sextrans-2013-051118
https://cmr.asm.org/content/28/4/969
https://www.bmj.com/content/340/bmj.c1642
https://www.bmj.com/content/340/bmj.c1642
https://doi.org/10.1016/s1473-3099(18)30045-8
https://doi.org/10.1016/s1473-3099(18)30045-8
https://doi.org/10.1371/journal.pone.0094361

Chapter 2

69.9 (2019), pp. 1621-1623. 1SSN: 1058-4838. DOI: 10.1093/cid/ciz145. URL:
https://dx.doi.org/10.1093/cid/ciz145.

[27]  Joanne Reekie et al. “Risk of Pelvic Inflammatory Disease in Relation to
Chlamydia and Gonorrhea Testing, Repeat Testing, and Positivity: A Population-
Based Cohort Study”. In: Clinical Infectious Diseases 66.3 (2018), pp. 437
443. 18SN: 1058-4838. DOI: 10.1093/cid/cix769.

28] J. Riha et al. “Who is being tested by the English National Chlamydia Screen-
ing Programme? A comparison with national probability survey data”. In: Sex-
ually Transmitted Infections 87.4 (2011), pp. 306-311. 1SSN: 1368-4973. DOLI:
10.1136/sti.2010.047027. URL: https://dx.doi.org/10.1136/sti.
2010.047027.

[29] T Simms et al. “Risk factors associated with pelvic inflammatory disease”.
In: Sexually Transmitted Infections 82.6 (2006), pp. 452—457. 1SSN: 1368-4973.
DOI: 10.1136/sti.2005.019539. URL: https://dx.doi.org/10.1136/sti.
2005.019539.

[30] K. Swasdio et al. “The association of Chlamydia trachomatis/gonococcal in-
fection and tubal factor infertility”. In: J Obstet Gynaecol Res 22.4 (1996),
pp. 331-40. 18SN: 1341-8076 (Print) 1341-8076. DO1: 10.1111/5.1447-0756.
1996 .tb00985 . x.

[31] Xavier Troussard et al. “Full blood count normal reference values for adults
in France”. In: Journal of Clinical Pathology 67.4 (2014), pp. 341-344. 1SSN:
0021-9746. DOI: 10.1136/jclinpath-2013-201687.

[32] Lars Westrom et al. “Pelvic Inflammatory Disease and Fertility”. In: Sezually
Transmitted Diseases 19.4 (1992), pp. 185-192.

107


https://doi.org/10.1093/cid/ciz145
https://dx.doi.org/10.1093/cid/ciz145
https://doi.org/10.1093/cid/cix769
https://doi.org/10.1136/sti.2010.047027
https://dx.doi.org/10.1136/sti.2010.047027
https://dx.doi.org/10.1136/sti.2010.047027
https://doi.org/10.1136/sti.2005.019539
https://dx.doi.org/10.1136/sti.2005.019539
https://dx.doi.org/10.1136/sti.2005.019539
https://doi.org/10.1111/j.1447-0756.1996.tb00985.x
https://doi.org/10.1111/j.1447-0756.1996.tb00985.x
https://doi.org/10.1136/jclinpath-2013-201687

REFERENCES

108



Using multiple imputation to correct for
binary measurement error in critical
confounders, with application to a data
linkage study on sexually transmitted

infections and pregnancy

3.1 Introduction

Key exposure variable or covariates can often be measured with error in
observational data studies. In the case of the gaussian linear model, introducing
measurement error into a predictor will attenuate estimates towards the null. When
the outcome is binary, and a logistic regression model is used to analyse a particular
data set, measurement error may introduce bias into estimates when not appropri-
ately accounted for [23]. In the case of additive error, the estimate of a parameter
associated with a mis-measured variable will usually attenuate towards the null. In
the case where the mis-measured covariate is discrete and the error is of the mis-
classification type, the bias may be away from the null if the misclassification is

differential (outcome dependent), or if there are confounding covariates [7].

There have been many methods developed to account for misclassification
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measurement error in logistic regression models. The misclassification SIMEX han-
dles measurement error by specification of the matrix of true and observed variables,
and then simulating data with higher misclassification and extrapolating back to the
case of no misclassification [13]. Misclassification measurement error in logistic re-
gression has also been studied in other studies [15, 26], however measurement error
corrections are frequently underused in epidemiological and medical studies [12, 3,
19]. This is potentially attributable to a lack of easily available software available

to investigators.

In some problems, a gold standard validation dataset exists for a subset
of the misclassified predictor. This validation data can be used to construct a
relationship between the 'true’ values in the validation data and the complete but
mis-measured variable of interest [5, 6]. Multiple imputation methods can be used
to impute plausible values for the missing data, and the models of interest can be

estimated and combined on the imputed data.

3.1.1 DMotivating problem

Population level assessments have associated pelvic inflammatory disease
(PID) with exposure to Chlamydia trachomatis (chlamydia) and Neisseria gonor-
rhoeae (gonorrhea), and PID in turn with tubal factor infertility and ectopic preg-
nancy [24, 14, 9, 18]. Sexually transmitted infections may have obstetric and peri-

natal complications [17].

Previous studies have evaluated the reproductive burden of the pathogens
using subsequent pregnancy as a measure of fertility [2, 4]. A study of a Norwegian
population (n = 20762) found no difference in the odds of a pregnancy associated
with a positive chlamydial testing result. However, the study provided no compar-
ison to an unexposed group who were not tested for Chlamydia. A later of study
of women in QLD, Australia (n = 132962) found significant differences in preg-
nancy between women who had tested for chlamydia and/or gonorrhea compared to
women with no testing history, irrespective of the outcome of the testing history (all

negative tests, one positive test, multiple positive tests). Differences in pregnancy
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outcomes were found to vary by testing status and age, however no global differences
in subsequent pregnancies were found between women with only negative tests, and
women with at least one positive test. Women with multiple positive were overall
more likely to have a pregnancy, which contradicts the findings around multiple

infections and increased risk of PID.

Indigenous people in Australia have higher notification rates for both chlamy-
dia and gonorrhea [11] and have higher rates of hospitalisation for PID [21], although
the relative risks of ectopic pregnancy and tubal factor infertility do not necessar-
ily differ [20]. Indigenous women have a higher fertility rate at younger ages than
non-Indigenous women [1]. An analysis of subsequent pregnancy given exposure to
chlamydial and gonococcal testing including Indigenous status has not previously
been possible without accounting for the differences in Indigenous identification be-
tween testing and perinatal records. Additionally, in data linkage studies distinct
sources are used to collect data for public health and epidemiological analysis, it
is likely common to have different priorities and therefore different qualities in the
rigour of entry and collection of some variable data. We have used a multiple impu-
tation approach to account for situations where the Indigenous identity of women
was collected differently and use this to better evaluate the impact of chlamydial

and gonococcal testing on subsequent pregnancy.

3.2 Methods

3.2.1 Data collection and misclassification errors

We use the data derived in Chapter 2 for the analysis in this Chapter,
which was obtained from AUSLAB on group of women with exposure to testing
for chlamydia or gonorrhea (or both) between 01/01/2000 and 31/12/2005. Testing
data was linked to perinatal data from birth entries in QLD between 01/01/2000
and 30/06/2013. Data linkage used deterministic and probabilistic methods, and
women where no linkage could be made between testing and perinatal datasets were

assumed to have no births during the study time frame.
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The data used for this chapter was for women with a history of testing only.
The final data had 24,702 observations of women who tested positive or negative for
chlamydia and/or gonorrhea in the testing window. Indigenous status was recorded
for all women in the testing dataset, and women who gave birth were again recorded

for Indigenous status in the perinatal dataset.

3.2.2 Model Building

Models in this chapter are estimated using a maximum likelihood approach
for ease of computation; as the structure of the models contain no interaction ef-
fects or hierarchical components a Bayesian model would give similar estimates for
a longer computation time. Models containing only main effects were used to al-
low odds ratios between models to be easily compared between imputed and non-

imputed data.

The analysis in this chapter was completed using R version 3.6.3. Models

and imputation procedures were specified and run using the rms package (v6.0).

3.3 Results

3.3.1 Building the imputation model

Non-Indigenous (in perinatal data) Indigenous (in perinatal data)

Non-Indigenous (at testing) 7,806 (72.3%) 1,726 (15.9%)
Indigenous (at testing) 99 (0.1%) 1,170 (10.8%)

Table 3.1: Comparison of Indigenous status. Cross-tabulation of Indigenous

Identity across testing and perinatal datasets.

Indigenous status data was present for all women in both the testing and
perinatal datasets. Our data consisted of women who never identified as Indigenous
(7,806 or 72.3% of the cohort), and women who identified at either testing, perinatal
or both (Table 3.1). The identification pattern for women was also associated with

testing outcomes. Women who never identified as Indigenous were more likely to
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Figure 3.1: Setting up the imputation model. (A) Shows the fitted relation-
ship between the proportion of Indigenous women at testing within each postcode,
Indigenous status at testing and the prediction of identifying as Indigenous in the
perinatal. (B) The histogram of the proportion of Indigenous women in each post-
code. (C) The fitted relationship between prior pregnancy, testing status and age,

for non-Indigenous women who reside in postcodes with < 5% of Indigenous women.
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