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ABSTRACT 
 
Background: In 2019, the World Health Organisation called for the elimination of cervical cancer as 

a public health concern. In South Africa, despite having a national screening policy in place since 

2000, diagnosed cervical cancer incidence has shown no signs of decline. Since 2014, girls aged 9 

have been vaccinated against HPV infection using the bivalent vaccine, with high coverage. However, 

due to the long delay between HPV infection and progression to cancer, the impact that vaccination 

will have on cervical cancer incidence will be unobservable in the near future. This thesis sets out to 

quantify this impact using a mathematical model, and will estimate the impact of scaling up current 

cancer prevention strategies, as well as proposed alternative strategies.  

Methods: This research extends a previously developed individual-based model for HIV to include 

infection with 13 high-risk HPV types and progression to cervical cancer. HPV infection and cervical 

disease parameters were calibrated to a wide range of South African data sources using a likelihood 

based approach. In the process of developing an appropriate model for cervical cancer incidence in 

South Africa, important aspects related to HIV/HPV co-infection dynamics, the natural history of 

HPV and the current and historic levels of cervical cancer prevention in the Western Cape were 

investigated. The calibrated and validated model was used to estimate the impact of current and 

proposed alternative prevention strategies on cervical cancer incidence in the next century.   

Findings: Using a model structure that does not include a biological transmission co-factor, we show 

that simulated associations between HIV and HPV transmission are similar to corresponding empirical 

estimates and therefore these associations may result from residual confounding by sexual behavioural 

factors and network-level effects. Using simulated vaccine trials, we show that viral latency and 

reactivation of latent infections is necessary in the natural history of HPV to match results from 

empirical trials. The model’s screening algorithm reflects findings from the Western Cape’s public 

health sector – low levels of screening coverage and linkage to treatment facilities, and poor adherence 

to screening schedules. The model matches stable trends in diagnosed cervical cancer incidence in 

South Africa, but it estimates increases in cervical cancer incidence over the last number of years (due 

to increased life expectancy of women on ART), which will result in sharp increases in diagnoses. 

While decreasing HIV prevalence and HPV vaccination will substantially reduce cervical cancer 

incidence in the long term, improvements in South Africa’s current screening strategy, as well as 

switching to new screening technologies, will have significant impact in the short term.  

Conclusions: This thesis presents an epidemiological model of cervical cancer in South Africa – the 

first to dynamically simulate infection with both HIV and HPV at national level. It allows for 

estimation of the impact of both HIV and cervical cancer prevention on cancer incidence, and provides 

the opportunity to identify the vaccination and screening strategies with the greatest public health 

significance.  
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  – Introduction 
 

1.1 Background 
 

1.1.1 Global context 
Cervical cancer (CC) is the fourth most common cancer among females, with 570 000 new cases 

reported globally in 2018 (1). Around half of these cases result in death and nearly 90% of deaths 

occur in lower- and middle-income countries (LMICs). Across Sub-Saharan Africa, CC is the second 

most common type of cancer, but the leading cause of cancer death (2). CC is caused by persistent 

infection with oncogenic (or ‘high risk’) types of the sexually transmitted human papillomavirus 

(HPV) (3), with types 16 and 18 accounting for around 70% of cases (4).  

Cervical cancer is a preventable disease – either through primary prevention against HPV by 

vaccination, condom use or male circumcision, or by secondary prevention through early detection 

and treatment of pre-cancerous lesions. Current official World Health Organisation (WHO) guidelines 

recommend that every woman should undergo screening at least once between the ages of 30 and 50 

and that screenings should be around 5 years apart (5). In high income countries, widespread screening 

with Papanicolaou (Pap) smear has led to significant declines in CC incidence, despite varying levels 

of sensitivity (30-90%) (6,7). This method has high specificity (86-100%), which limits unnecessary 

treatment. HPV-DNA testing is a screening method with higher sensitivity (over 90% to detect higher 

grade lesions in women with atypical cells on cytology), but much lower specificity (~60%) and is 

used as a screening/triage method in many high income countries (8,9). 

Primary prevention through two HPV vaccines that protect against types 16 and 18 – the two types 

that cause around 70% of cervical cancer worldwide (4) - has been available since 2006. The bivalent 

vaccine (Cervarix, GlaxoSmithKline) protects against only types 16 and 18, while the quadrivalent 

vaccine (Gardasil, Merck & Co.) also protects against types 6 and 11, which are associated with 

genital warts. Some evidence of cross-protection has been shown against the oncogenic types 31, 33, 

45 and 52 (10). A decade after the approval of these two vaccines, Gardasil9 was approved (another 

vaccine manufactured by Merck & Co.) that protects against the same types as the quadrivalent 

vaccine, as well as types 31, 33, 45, 52 and 58. These five HPV types, along with type 16 and 18, 

cause around 90% of cervical cancer worldwide (4).  

The current WHO recommendation states that countries should include HPV vaccination in national 

vaccination programmes if CC is seen as a public health priority and feasibility and affordability have 

been established. Vaccination strategies should focus on girls aged 9-13 and at least 2 doses of either 

the bivalent or quadrivalent vaccines should be administered, at least 6 months apart. Since 
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vaccination will not have an impact on cervical cancer incidence in the short term, these guidelines 

stress that screening programmes should stay in place for the foreseeable future (5).  

In January 2019, the WHO called for the elimination of cervical cancer as a public health threat, 

defined as below 4 incident cases per 100,000 women (1). It was shown, through a collaborative 

modelling approach, that elimination can be achieved in LMICs by the end of the century if, by 2030, 

the following targets can be achieved and maintained (1,11):  

1. 90% vaccination coverage among pre-adolescent girls – using the nonavalent vaccine,  

2. 70% coverage of cervical cancer screening at ages 35 and 45 using a highly sensitive 

diagnostic test, and  

3. 90% linkage to appropriate treatment for those who screen positive. 

  

Throughout this thesis the strategy will be referred to as the 90-70-90 targets. 

 

Figure 1 – Estimated age-standardised cervical cancer incidence rates in 2018 (2). 

 

LMICs are disproportionately affected by cervical cancer, and it is clear from Figure 1 that Sub-

Saharan Africa carries the highest burden. The link between HPV, cervical cancer and the human 

immunodeficiency virus (HIV) has been well established. Since 1993, invasive CC has been classified 

as an acquired immune deficiency syndrome (AIDS) defining cancer, along with Non-Hodgkin’s 

Lymphoma and Kaposi’s Sarcoma (12). HIV-positive women have higher HPV prevalence, have 

higher risk of persistent HPV infection and are more likely to progress to cervical disease than HIV-

negative women (13–18). Studies from several countries have shown that HIV-positive women are 

more commonly infected with non-vaccine type high risk HPV infections, such as types 52 and 58 
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(19). Although the biological mechanisms involved have not been well described, meta-analyses have 

also suggested that prevalent HPV infection doubles the risk of HIV acquisition (20,21). These co-

infection dynamics might play an important role in estimating the impact of HPV and cervical cancer 

intervention strategies in countries with high HIV prevalence.  

Antiretroviral therapy (ART) has a clear impact on the reconstitution of an HIV-positive person’s 

immune system and the effect of ART on the natural history of HPV is also beneficial. A meta-analysis 

of several studies that estimated the relative rates of incidence, regression and progression of pre-

cancerous lesions between HIV-positive women on ART and ART naïve found that benefits of ART are 

significant (22). However, due to higher HPV prevalence in HIV-positive women in general, women on 

ART are still at high risk of cervical cancer. A recent multi-national analysis of women on ART showed 

that CC incidence is much higher in these women than in the general population of their countries (23). 

 

1.1.2 South African context  
Cervical cancer is the second most common cancer and the leading cause of cancer mortality among 

women in South Africa. The International Agency for Research on Cancer (IARC) estimates that 

almost 13,000 new cases of cervical cancer occurred in 2018 and that 5600 women died as a result (2). 

The main source of cancer incidence data in the country is the pathology-based National Cancer 

Registry (NCR). Although this registry only represents cancer cases that were diagnosed by biopsy or 

cytology and does not count cases that only received a clinical diagnosis (no pathological 

confirmation), it is useful for identifying time trends and age patterns. In 2016, cervical cancer 

reported to the NCR was the most common cancer among young women aged 15-44 and age-

standardised incidence for black women was almost double the rate of white women (24). This reflects 

differences in socio economic status and access to screening services. 

In addition to the pathology-based NCR, two small population-based cancer registries exist in the 

country. In a rural, low-income area of the Eastern Cape with a catchment of around one million 

people, diagnosed age-standardised cervical cancer incidence has increased from 22 per 100,000 

women in 1998-2002 to 29.2 per 100,000 women in 2008-2012. In this registry, 14% of CC cases only 

received a clinical diagnosis and did not get a laboratory confirmed diagnosis. The Ekurhuleni 

population-based cancer registry was established in 2018, and the first estimate of CC incidence from 

this registry is 24.3 per 100,000 women. This highly urbanised health district serves more than 3 

million people of varying socio-economic status. In this area, only 7% of CC cases had no laboratory 

confirmation of cancer.  

In South Africa, as in many parts of Sub-Saharan Africa, cervical cancer incidence is fuelled by a 

generalised HIV epidemic, with prevalence of 26.3% in women of reproductive age (15-49) and 

overall ART coverage of 62.3% in 2017 (25). Local studies have confirmed the strong association 
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between HIV and HPV. Prevalence of high-risk HPV infections and of high grade lesions are 2-3 

times higher among HIV-positive women than among HIV-negative women (14,26–28) and studies in 

Gauteng, KwaZulu-Natal and Limpopo have shown that HIV-positive women presented with CC 10 to 

15 years earlier than HIV-negative women (29–31). Recently, cervical cancer cases recorded in the 

National Health Laboratory Service (NHLS) database (i.e. pathology confirmed cancers) were linked 

to HIV data in the same database (HIV diagnostic tests, CD4 counts and viral loads) using names, 

surnames, dates of birth and ID numbers (where available) (32). The study showed that the odds ratio 

for cervical cancer versus other cancers among HIV-positive compared to HIV-negative women 

increased from 0.6 in 2004 to 3.2 in 2014, indicating that increased life expectancy due to ART 

increases HIV-positive women’s risk of developing and being diagnosed with cervical cancer. 

The South African National Department of Health (NDoH) established a CC screening programme in 

2000 and the policy recommended three free Papanicolaou (Pap) smears in a woman’s lifetime, 

starting at 30 years of age and at 10 yearly intervals (33). In 2017, the policy was updated and contains 

detailed guidelines on screening according to HIV status, and algorithms for follow-up and treatment 

(34). The recommendation on age and interval in the 2000 policy now applies to HIV-negative 

women, while HIV-positive women should be screened at HIV diagnosis, and at three-yearly intervals 

thereafter. National coverage of Pap smear screening, defined as the total number of routine smears 

divided by a 10th of the eligible population, was estimated to be 65.1% in 2018. This fraction varies 

widely across provinces and districts (35) and the estimate is biased in several ways. Firstly, due to the 

lack of unique health identifier in South Africa, HIV-negative women who do not adhere to the ten 

yearly schedule may be counted more than once. HIV status is not consistently captured at the time of 

the screen, and therefore coverage cannot be disaggregated according to HIV status. This may also 

lead to over-counting in the coverage numerator, since HIV-positive women should be screened more 

than once in 10 years. Lastly, a tenth of the entire female population older than 30 is used as the 

denominator, even though a fraction of females are screened in the private sector.  This biased 

estimate is the only element in the cervical cancer prevention cascade that is routinely reported. Data 

on the element that will have an impact on cervical cancer incidence – the linkage of women with 

indicative smears to treatment facilities – is not routinely reported, but research studies have shown 

very low levels of follow-up (36–39). 

In high income countries, where screening programmes were initiated a decade or more before South 

Africa, CC incidence trends show significant reductions (7), while the NCR has demonstrated no 

decline between 2001 and 2016 (24,40). In addition, CC related mortality has shown no significant 

change during the same period (41). Some reasons for the lack of decline in CC incidence may be 1) 

increased lab testing of cancer cases over time; or 2) increased life expectancy of HIV-positive women 

because of ART; or 3) failure of the screening programme to screen, refer and treat women who have 

high grade pre-cancer timeously.  
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Following a number of feasibility and acceptability studies (42), and after significant price reductions 

from GlaxoSmithKline, the NDoH rolled out an HPV vaccination programme in April 2014. The 

bivalent vaccine, Cervarix, is administered according to a two-dose schedule to Grade 4 girls, aged 9 

and older, in primary schools across the country. Uptake of the first round of vaccination was very 

high at 86.6% coverage in 2014 (42) and consistently high coverage of the first dose has been 

maintained. However, latest estimates show that only around 60% of girls aged 9 received both doses 

of the vaccine in recent years (43). The vaccination programme should have a substantial impact on 

cervical cancer incidence in the long term, as will be investigated in this thesis.  

 

1.1.3 Epidemiological modelling 
Due to the long time between acquiring an HPV infection and developing cervical cancer, the only 

short-term feasible way to estimate the long-term impact of prevention strategies on CC incidence is 

through mathematical modelling. Globally, many mathematical models have been developed to 

illustrate this and most have stressed the importance of implementing and maintaining screening 

programmes as HPV vaccination programmes are rolled out. In Sub-Saharan African countries, with 

the highest burden of cervical cancer, it has been shown that elimination is unlikely to be achieved this 

century with 90% coverage of 9-valent vaccination alone, but that it can be achieved with vaccination 

and at least one screen (11). The main limitation of this study – which combined outputs from three 

different transmission dynamic models – was that none of the models considered HIV as an associated 

factor in the natural history of HPV. High HIV prevalence may alter the short-term trajectory of 

predicted CC incidence trends, and such settings may require different strategies for elimination.   

In Chapter 2, the literature on epidemiological modelling of cervical cancer will be reviewed, with a 

focus on the modelling of intervention strategies, modelling in high HIV burden settings and a 

comprehensive review of HPV and cervical cancer modelling for the South African context in 

particular.  

 

1.2 Problem statement and rationale 

 
Cervical cancer incidence has substantially reduced in most regions of the world in the last 40 years 

(7). South Africa has had sustained high levels of laboratory reported CC incidence, even after 

screening was introduced at a national level 20 years ago. This study aims to develop a South African 

model that can provide estimates of HPV prevalence and cervical cancer incidence in this high HIV 

prevalence setting. The model will be used to estimate the impact that the screening programme has 

had over the last 20 years, what impact it will have in future, and what the impact of the vaccination 

programme will be on cervical cancer incidence. National level data on the performance of the 
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screening programme is sparse, but such information is crucial to the predictive potential of the model. 

In the public health sector in the Western Cape, a unique patient identifier is captured in the record of 

each interaction of a patient with a health facility. This makes it possible to produce individual-level 

data to describe the cervical cancer care cascade, which will be used to evaluate the success of the 

programme and inform the screening algorithm in the model.   

 

Enough evidence regarding the impact of co-infection exists to suggest that in a country with severe 

HIV disease burden such as South Africa, it is naïve to ignore the dynamic relationship between HPV 

and HIV in developing a model to estimate the long-term impact of interventions on cervical cancer 

risk. To date, only one published study has attempted to dynamically simulate the transmission of both 

HIV and HPV in South Africa, focusing on KwaZulu-Natal and only considering the potential impact 

of rolling out the nonavalent vaccine (44). No transmission dynamic model has explored the 

mechanisms that are potentially important in the natural history of HPV in high HIV burden settings.  

 

1.3 Aim and objectives 
 

The aim of this thesis is to assess the long-term impact of existing prevention methods on the 

epidemiology of cervical cancer in the high HIV burden context of South Africa. We will expand on 

MicroCOSM version 1 (Microsimulation for the Control of South African Morbidity and Mortality), 

an individual-based model that was developed to simulate HIV, other sexually transmitted infections 

and processes that drive these epidemics in South Africa. 

 

The main objectives of the study are to: 

1) Review the literature on the epidemiological modelling of HPV infection and cervical cancer, 

globally and in South Africa, and to identify gaps in the literature that need to be addressed. 

 

2) Add stages for HPV infection to MicroCOSM and calibrate the model to HPV prevalence data 

obtained from a review of South African data sources. Use this model to answer the following 

research questions: 
 

a) Are observed associations between HIV and HPV transmission due to behavioural 

confounding factors or biological effects?  

b) Which structure of the natural history of HPV infection (excluding cervical disease stages) 

fits best with observed HPV prevalence data, considering different mechanisms of 

naturally acquired immunity against reinfection, and reactivation of latent infections? 
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3) Use individual-level data on the cervical cancer prevention cascade in the Western Cape 

province to: 

 

a) Estimate levels of Pap smear coverage, screening intervals and linkage to treatment 

facilities in the public sector of the Western Cape. Estimates will be derived according to 

HIV status.  

b) Develop the screening algorithm that will be applied in the model. The data is used to 

estimate (in a separate simulation model) yearly rates of entering screening by age and 

HIV status; distributions of time to next screen or treatment; and rates of access to 

treatment. 

  

4) Further develop the individual-based model to add stages of cervical disease. Use this 

model to evaluate the impact that the HIV epidemic has had on cervical cancer 

incidence, the impact that screening has had since 2000 and that different strategies 

and methods of screening and vaccination will have in future. 

 

MicroCOSM (version 1) simulates an open and growing heterosexual population of all ages 

representative of the South African population, from 1985. Sexual behaviour is simulated at 

the individual level, and from 1990 people can become infected with HIV. For the purposes 

of addressing the aims of this thesis, the model will be developed to also simulate HPV 

infection and its progression to cervical cancer. The individual-based modelling framework is 

the most appropriate framework to address the objectives, since these involve simulating 

cohort studies, randomised clinical trials and a detailed screening algorithm where individuals 

are rescreened based on screening results. The model is developed in C++, and all analyses 

and visualisation of the data are performed in R. 

 

1.4 Data Sources and ethics 
 

No primary data were collected for the purpose of this thesis. The model is calibrated to HPV and 

cervical disease prevalence data obtained for reviews of published research studies. Parameters are 

also informed by published data. 

The National Health Laboratory Service (NHLS) screening database that contain cytology data of 

women screened for cervical cancer in public facilities in the Western Cape (WC) is curated by the 

Provincial Health Data Centre (PHDC). Using the WC’s patient master index (PMI) - a unique patient 
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identifier - the cytology database has been linked to HIV testing, management and treatment data to 

infer HIV and ART status per individual. The cytology data has also been linked to data that identifies 

colposcopy attendance. This data will be used to inform the assumptions of the model’s screening 

algorithm. 

Clinical data on all women receiving treatment for cervical cancer at Groote Schuur Hospital, and 

information about long-term outcomes, are recorded in a database (HREC REF NO: R016/2013). This 

data were crucial to estimate parameters determining rates of diagnosis and mortality for women with 

cancer in the model.  

Both of these databases were accessed as anonymised datasets with only the fields necessary to obtain 

aggregated summary statistics. 

This modelling study has ethical approval from the UCT Health Sciences Faculty Research Ethics 

Committee (HREC REF: 260/2016). 

 

1.5 Overview and structure of thesis 
 

This thesis proceeds with a literature review, four chapters that addresses the objectives, a discussion 

chapter that summarises the findings of the work and supporting appendices in which additional 

information on methodology, data sources, assumptions and sensitivity analyses are shown. Appendix 

A can be regarded as an in-depth methodology chapter.  

Chapter 2 provides a review of the literature on cervical cancer modelling. It is not intended to be an 

exhaustive review but rather to present an overview of the methods and research questions typically 

addressed in these studies. The chapter provides an overview of cervical cancer models in general 

populations and in HIV-positive women, discusses modelling work that pertains specifically to South 

Africa and identifies some limitations of existing models.  

Chapters 3-7 present the studies included in the thesis. These studies broadly map to the objectives, 

exploring and discussing the key research questions and findings. Chapters 3 and 4 relates to the 

second objective and involve the development of MicroCOSM to include stages for HPV infection. 

Chapter 3 aims to investigate HIV and HPV transmission dynamics. Empirical cohort studies have 

shown that women and men who are HIV-positive are more likely to subsequently have newly 

detectable HPV infection. Similarly, studies have shown an association between detectable HPV and 

subsequent HIV acquisition. Both infections are sexually transmitted and therefore share similar risk 

factors, but after controlling for these factors, meta-analyses have found a two-fold increased risk in 

both directions, and it has been suggested that this may be due to biological factors that increase risk 

of transmission. This chapter shows, by simulating cohort studies using the calibrated individual-based 
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model, that the empirical estimates of association can be matched without having to invoke biological 

co-factors. The chapter concludes that the observed transmission associations may result only from 

residual confounding by behavioural factors and network-level effects that are difficult to measure in 

studies. 

In Chapter 4 different structures of the natural history model of HPV infection are explored. Latent 

HPV infection has not been definitively proven in humans, but studies suggest that reactivation of 

latent infections may explain newly detected HPV infections in sexually abstinent women. This 

chapter shows that, although model structures with and without a latent stage fit equally well to data, a 

model that does not include reactivation of latent infection cannot match the difference in vaccine 

efficacy between more/less HPV-naïve groups from randomised clinical trials (RCTs) that estimated 

vaccine efficacy. The different model structures are used to predict the long-term impact of HPV 

vaccination on infection burden, and the chapter concludes that models without latency may 

overestimate the impact.  

In Chapter 5, the cervical cancer case cascade in the Western Cape (WC) is described. The provincial 

department of health in the WC has assigned a patient master index (PMI) for each person accessing 

public health services in 2007. The Provincial Health Data Centre (PHDC) was established to curate 

and link different data sources in order to provide improved patient-level care. This chapter uses data 

curated by the PHDC to describe coverage of Pap smear overall, and by HIV status – an indicator that 

has not been estimated using routine screening data before. It is also illustrated in this chapter that the 

recommended screening intervals are not adhered to and that linkage to colposcopy clinics is very low.  

Chapter 6 addresses the fourth and final objective – assessing the impact of past and future prevention 

strategies on incidence of cervical cancer. This chapter illustrates the massive impact that the HIV 

epidemic has had on cervical cancer incidence and that HIV prevention efforts will lead to substantial 

declines in cervical cancer. We show that the national screening programme has already prevented 

thousands of cervical cancer cases, and if current levels of HPV vaccination, screening and linkage to 

pre-cancer treatment are maintained, cervical cancer incidence will reduce by 75% in the next century. 

To achieve greater impact in the short term it will be crucial to either substantially increase screening 

coverage and linkage to pre-cancer treatment, or to switch to more sensitive screen-and-treat 

technologies.  

Chapter 7 summarizes and discusses the findings of the thesis as a combined body of work. It makes 

recommendations for cervical cancer prevention efforts and lays out future research that will result 

from this thesis. This chapter is followed by a list of supplementary materials, including a technical 

appendix describing the methods of calibration and the screening algorithm, and appendices specific to 

each of Chapters 3 to 6. 
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  – Literature Review 
 

2.1 Background 
 
Mathematical models of infectious diseases have provided many insights into hypotheses regarding 

long-term epidemic trends and the impact that potential interventions might have on transmission 

dynamics. These models prove to be most useful when validated against good epidemiological data 

and when the parameters of the model are informed by good evidence in the literature. Over the years, 

several models of the natural history of HPV and cervical cancer (CC) have been published, with 

models questioning the biological beliefs about disease progression and regression as early as the mid-

seventies (45). The early models were focused on estimating the potential impact of cervical screening 

with cytology and optimizing the timing and frequency of screening, and a first review of such models 

were published in 1985 (46). During recent years, with major advances in technology, both computing 

and biomedical, adding complexity to natural history models of HPV has become feasible and the 

development of new screening techniques and vaccines has sparked interest in building more 

comprehensive mathematical models.  

Transmission dynamics between HIV and HPV have not been explored in a modelling study and a 

comparison of different natural history structures of HPV in a context of high HIV burden has not 

been performed. Only one recent dynamical model that simulates both HIV and HPV has been used to 

estimate the impact that HIV has had on cervical cancer incidence and the impact that ART may have 

on cervical cancer incidence in the future (47).  

This review provides a picture of the types of models that have been used to answer questions 

regarding the natural history of HPV, the impact of interventions and the cost-effectiveness of 

proposed interventions. The review will also highlight the main gaps in the literature.  

 

2.2 Different types of models used 
 

This section provides a brief overview of the types of model frameworks that have been used for 

cervical cancer modelling. The aim is to define terminology that will be frequently referred to in 

subsequent sections.   

Similar to models of other infectious diseases, modelling frameworks can be divided into the 

following broad categories (48,49):  
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1) Static vs dynamic models. In static models, the incidence of infection has predetermined 

values and no interaction between individuals is considered. In dynamic models, the time 

dependent prevalence of the infection and the sexual contact patterns of individuals play a role 

in transmission of the infection. Static models are often used in cost-effectiveness analyses 

and are used to estimate the cost-effectiveness of interventions such as screening: a cohort of 

women are followed through time, and they have fixed rates of acquiring HPV infection and 

progressing to cervical cancer. These rates may depend on factors such as age or sexual 

behaviour. Effectiveness of interventions can be calculated, and the effect of screening in one 

woman will not affect the infection or disease status of another woman. When we want to 

estimate the cost-effectiveness – and epidemiological impact – of interventions such as 

vaccines, a dynamical model is more appropriate. In a dynamical model, the indirect 

protection that unvaccinated individuals obtain by interacting with vaccinated or immune 

individuals – also known as herd immunity – is considered.  

 

2) Deterministic vs stochastic models. In deterministic models, we calculate expected numbers of 

events (not allowing for random variation) like infection or recovery, while in stochastic 

models, events can occur by chance, governed by some distributional function. Deterministic 

models are typically easier to calibrate, since the output is entirely determined by the 

parameters that drive the static or dynamic processes, without random fluctuations. 

 
3) Compartmental vs individual-based models (IBMs). In a compartmental model, individuals 

move between compartments or health states according to rates determined by parameter 

values at an aggregate level, and within each compartment all individuals are assumed 

to be homogeneous. An individual-based (microsimulation) model keeps track of 

individuals in the population and events are randomly simulated at the individual 

level, allowing for heterogeneity between individuals, instead of groups of individuals. 

Using an IBM that has been calibrated to data, it is possible to simulate 

epidemiological studies such as randomised clinical trials (RCTs), a method that will 

be applied in this thesis. Compartmental models may be less computer intensive, but 

sometimes it is more intuitive to use IBMs to simulate different screening algorithms, 

where the result of a particular test may determine the type of and time to the 

subsequent test or treatment. Both compartmental and individual-based models can be 

dynamic or static. Although IBMs allow for more granular analyses on simulated data, 

they are typically much harder to calibrate. In a stochastic IBM, it is hard to separate 

uncertainty due to variation in parameters or from random variation. IBMs usually 

have many more parameters than compartmental models and typically require more 

steps and more data to calibrate all parameters. 
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The choice of modelling framework a study will implement depends on the research question, the 

available computing capacity and the availability of data and information on parameters. Early studies 

that aimed to estimate the impact of screening on a woman’s risk of cervical cancer were static: it 

could be argued that treatment and the resulting clearance of infection will not substantially influence 

new infections in other women. On the other hand, studies that aim to estimate the impact of vaccines 

on cervical cancer risk should be dynamical, since removing a large fraction of women from the 

susceptible pool at an early age will substantially influence the risk of HPV infection in the 

unvaccinated group.  

A “Markov cohort model” is a phrase frequently used by health economists in studies that aim to 

estimate cost-effectiveness of interventions. These models are typically static, compartmental models 

where single or multiple birth cohorts are followed through time. The name Markov suggests that 

these models follow the principle of Markov chains, where the health state in the next time step is only 

dependent on the individual’s current health state.      

The following sections will describe some existing models that aimed to estimate the epidemiological 

and economic impact of HPV and cervical cancer prevention strategies. 

  

2.3 Modelling the natural history of HPV  
 

The earliest mathematical models attempted to answer the same broad questions that we are interested 

in today. What are the economic implications of novel interventions against cervical cancer? What 

epidemiological impact will these interventions have? In attempting to answer these questions, 

modellers realised that uncertainty about the natural history of HPV infection and its progression to 

CC influences the validity of their models and several models have attempted to address this 

uncertainty. 

 

Figure 2 – An example of the natural history diagram used in modelling studies. 
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Most models agree on the stages of progression from HPV infection to cervical cancer: three stages of 

pre-cancer that correspond to histological diagnosis of cervical intraepithelial neoplasia (CIN) of 

grades 1 to 3 (Figure 2); or, two stages that correspond to cytological diagnosis of lower- or higher-

grade squamous intraepithelial lesions (L/HSIL). Models that are interested in CC mortality usually 

includes four stages of cancer progression according to the FIGO classification system (50), since 

these stages have different mortality rates. Early models used estimates of progression and regression 

rates obtained from cohort studies, and manually varied these parameters to obtain better fits to data  

(51–53). In recent years, estimates from studies are used as initial values or prior ranges in more 

sophisticated, computing intensive fitting methods. Jit et al. (54) estimated parameters by using a 

search algorithm to minimise sums of squared residuals between model output and HPV prevalence 

data. Bogaards et al. (55) used Bayesian methods to fit models to observed data. Posterior distributions 

were calculated by weighting sampled parameter combinations according to a likelihood, which 

represented the degree of consistency between the model outputs and surveillance data. Kim et al. 

(56,57) followed a two-step approach to calibrate their model. Firstly, plausible ranges for each 

separate parameter were the values that produced model output within the 95% CIs of one dataset. 

Secondly, parameter sets were searched that produced model output consistent with multiple data 

sources and likelihood-based methods were used to choose samples of parameter sets that best fit the 

data. Van de Velde et al. (58) follows an approach similar to the first step in Kim et al. These more 

sophisticated, statistical fitting methods have started to reveal the extent of uncertainty in natural 

history parameters – an insight crucial in interpreting predictions of impact of intervention strategies 

on cervical cancer incidence.   

Different modelling frameworks have been used to investigate natural history parameters. Studies that 

were particularly interested in estimating the progression and regression of HPV used static, 

deterministic models and all women in the cohorts had fixed probabilities of becoming HPV infected 

(51–54). Others were stochastic, individual-based models, either static (56,57) or dynamic (58).  

One aspect of the natural history of HPV that is not consistent among different mathematical models is 

the mechanism of acquired or natural immunity against re-infection with HPV. A meta-analysis of 

studies concluded that women who were HPV seropositive and DNA negative at baseline were at 

significantly lower risk of new HPV detection during follow-up than seronegative women (pooled risk 

ratio of 0.65; 95% CI 0.5 – 0.8) (59). As reviewed in Franceschi and Baussano (12), models have to 

make strong assumptions due to paucity of good long-term follow-up data, and mechanisms after 

clearance of DNA-detectable HPV infection assumed in models include no natural immunity; partial 

immunity with lifelong duration; or a proportion of people obtain full immunity that wanes over time 

according to some distribution. Recent studies have shown that some form of immunity is required to 

improve fit of models to data (61), and that the extent of this immunity influences vaccine 

effectiveness (58). In a recent review of transmission dynamic models that estimated vaccine impact, 

only one in 16 included models assumed no form of natural immunity (62). 
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A mechanism that is largely ignored in models of the natural history of HPV is latent HPV infection 

and the reactivation of such infections. Latent infection implies that the HPV viral load is lower than 

the thresholds detected by current HPV-DNA tests. Latency and reactivation of oral papilloma virus 

infections has been proven in rabbits in a laboratory setting (63). Although such a study cannot be 

performed in humans, studies of HIV-positive women have shown newly detected HPV infections 

among women who report sexual abstinence, and that these rates depend on levels of immune 

suppression (64,65). In a meta-analysis of two of the largest vaccine efficacy RCTs (66), it was shown 

that for all of the important endpoints, estimated vaccine protection was lower in the modified total 

vaccinated cohort (those testing HPV-DNA positive for the vaccine type at baseline are excluded) than 

the HPV-naïve cohort (those testing seropositive or HPV-DNA positive for any HPV types are 

excluded). This difference may be attributed to infections present before the trials were started that 

were reactivated during follow-up. Despite these pieces of evidence, most HPV modellers have not 

included a stage for latent infection in their models. Recently, two mechanistic modelling studies 

showed that for both men (67) and women (68), models that included reactivation of previous 

infections significantly improved fits to longitudinal cohort data.   

 

2.4 Modelling of prevention strategies 
 

It is possible to prevent cervical cancer through primary prevention of HPV transmission or through 

secondary prevention by screening for and treating pre-cancerous abnormalities. As biomedical 

primary prevention, three different vaccines are available. Several methods of secondary prevention 

interventions are available and the most commonly used methods will be briefly discussed here. Then 

a brief overview of modelling studies that have investigated the epidemiological impact and cost-

effectiveness of these strategies will follow.  

 

2.4.1 Primary prevention methods 
Primary prevention of two oncogenic types of HPV has been possible since 2006, when the American 

Food and Drug Administration (FDA) approved the first HPV vaccines. Currently there are three 

different vaccines available worldwide: the bivalent vaccine (Cervarix, GlaxoSmithKline) protects 

against HPV types 16 and 18, which causes around 70% of cervical cancer worldwide (4). The 

quadrivalent vaccine (Gardasil4, Merck & Co.) protects against the same high-risk types, as well as 

types 6 and 11, which are associated with genital warts. The nonavalent Gardasil9 has been available 

since 2014 and protects against the same four types as Gardasil4, as well as against the 5 additional 

oncogenic types 31, 33, 45, 52 and 58. These seven HPV types cause around 90% of cervical cancer 

worldwide (4). 
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In randomised clinical trials, effectiveness against persistent infections with these types was shown to 

be in excess of 95% in per-protocol populations for all these vaccines, among women aged 15 to 25 

(69–71). The bivalent vaccine also showed significant cross-protection against types 31, 33 and 45 

(72) and high levels of effectiveness against persistent infection (~80%) were demonstrated in women 

aged 26 to 45, when considering HPV-naïve groups (73,74). Women vaccinated in these trials are still 

followed up in some settings, and stable immunogenicity has been shown for at least 12 years (75). 

Very few studies have been performed to estimate efficacy of HPV vaccines in HIV-positive people. 

While vaccinated HIV-positive people do show lower levels of immune response than HIV-negative 

people, it is still orders of magnitude higher than the immune response of natural infection (76). A few 

small studies among HIV-positive people have been performed to measure effectiveness of the 

vaccine against HPV infection, but results are inconclusive (77). An important gap in the literature is 

the lack of randomised clinical trials that estimate the immunogenicity and effectiveness of HPV 

vaccines among HIV-positive women, and women who acquire HIV after HPV vaccination.   

Although early efficacy trials of both the bivalent and quadrivalent vaccines used the full three-dose 

schedule (at zero, one month and six months), the efficacy of one dose and two dose schedules has 

also been studied. Following a systematic review (78), the WHO now recommends a two dose 

schedule for girls younger than 15, at least six months apart (79). The main recommendation is to 

target girls aged 9-13, in order to reach girls before sexual debut. Women older than 15 and immune-

comprised women (such as HIV-positive women) should receive the three-dose schedule at zero, one 

and six months. In addition, the WHO recommends that HPV vaccination should be included in 

national immunisation programmes if 1) prevention of CC is a public health priority; 2) the 

introduction is programmatically feasible and economically sustainable, and where 3) cost-

effectiveness aspects have been duly considered. Vaccination campaigns should include education 

about sexual behaviour and stress the importance of continued screening for CC.  

The protective effect of consistent condom use on HIV transmission is well established (80). Although 

data from previous studies were inconsistent in showing a protective effect of condom use on HPV 

infection (81), the first longitudinal study specifically designed to study this relationship found that 

consistent condom use reduced the risk of HPV infection by ~70% among female university students 

in the United States of America (82). Another effective HIV transmission prevention method is 

medical male circumcision (MMC) (83,84). In both of these RCTs, HPV prevalence was measured at 

the end of the trial and the risk ratio of HPV prevalence was around two thirds in both (85,86). 

However, a meta-analysis of cohort studies showed no impact of MMC on HPV acquisition (87). This 

indicates that although MMC may not protect men from HPV transmission, it may shorten duration of 

infection due to the presence of fewer skin cells. 
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2.4.2 Secondary prevention methods 
Globally, the Papanicolaou (Pap) smear is still the most common method of screening for cervical 

cancer (88). A sample of cells is obtained from a woman’s cervix at a health facility and conventional 

cytology is performed at a laboratory. Results are classified according to the Bethesda system (89) 

with the broad categories of normal cervix, presence of CC precursor lesions ranging from mild to 

severe, and cancer. Cytological results do not determine the presence of an HPV infection, only the 

presence of abnormal cells. The major limitations of this method in lower resource settings are the 

lack of decentralised laboratories and qualified technicians, and that delayed communication of results 

may lead to loss to follow-up. Pap smears have varying levels of sensitivity (30-90%) (6), but high 

specificity (86-100%), which limits unnecessary treatment. Liquid based cytology was developed as a 

refinement of conventional cytology – the sample is transferred to a tube with preservative solution 

instead of being smeared on a glass slide. This method is not superior to conventional cytology in 

terms of sensitivity or specificity (90).  

Molecular tests are available that are able to detect DNA from high-risk HPV types in cells from 

cervical samples. Although these tests are more expensive than Pap smears, fewer of these tests per 

lifetime are needed due to higher sensitivity (80-95%) than cytology (8). However, they are less 

specific (80-95%) and since HPV testing only determines the presence of an HPV infection and do not 

determine the presence of abnormal cells, risk of unnecessary treatment is high. This is especially true 

in a high HIV prevalence setting such as South Africa – in a recent study performed in Cape Town, 

specificity of HPV-DNA testing as a screening method for high grade pre-cancer of as low as 60% 

was shown among HIV-positive women (28).  

In most developed countries, a screen, diagnose and treat approach is followed – after a positive screen 

result, the diagnosis will be confirmed and the appropriate treatment approach chosen (79). This 

confirmation is done through colposcopy (magnified visual inspection of cervix) and taking a biopsy 

for histological confirmation.  

Ablative therapy is a treatment that superficially eliminates lesions by cryotherapy (freezing abnormal 

areas), laser therapy or electrical coagulation. The treated area will in time regenerate to normal 

epithelial cells. This method is not recommended for extensive lesions (>75% of ectocervix) and in 

this case, a large loop excision of the transformation zone (LLETZ) is typically used. With this 

method, the removed tissue can be sent to the laboratory for histology. A Cochrane review of all 

available treatment methods have found that LLETZ has a success rate of 90-98%, with greater 

variability in the success rate of cryotherapy (77-93%) (91). Treatment, however, does not necessarily 

remove the HPV infection – studies have shown persistence of carcinogenic HPV types of ~15% 

following LLETZ (92–94). 
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2.4.3 Modelling the impact of prevention 
The impact and cost-effectiveness of screening strategies were the focus of modelling studies in the 

1990s and early 2000s, as reviewed in Goldie et al. (95). These were mostly static, compartmental 

models but some were static individual-based models that could keep track of and more easily account 

for a woman’s previous screening results. Studies agreed that any screening is more cost-effective than 

no screening, but that the optimal screening strategies (tests used, frequency of visits, and age of 

screening) varies according to countries’ resources.  

With the introduction of HPV vaccines, the focus of both cost-effectiveness analyses and 

epidemiological modelling studies has shifted towards the use of dynamic transmission models to fully 

incorporate the effect of herd immunity. One of the earliest dynamic, deterministic compartmental 

transmission models by Hughes et al. in 2002 (96) investigated the potential impact of a theoretical 

HPV vaccine on cervical cancer incidence. The model divided women into sexual activity classes and 

assigned different levels of vaccine effectiveness and duration of effectiveness. In subsequent years, as 

more information about the type-specific novel vaccines became available, static and dynamical 

models explored the potential economic and epidemiological impact of these vaccines using different 

assumptions about sexual activity, duration of vaccine induced immunity, age at vaccination and 

including boys in vaccination programmes. In a review of modelling studies in high income countries, 

Kim et al. (97) concluded that vaccines, along with continued screening programmes, will reduce 

disease burden in the long term and will be cost-effective when compared to only screening 

programmes, as long as vaccine protection is lifelong and high coverage is maintained. In lower- and 

middle-income countries (LMICs), a review of studies showed that cost-effectiveness is very 

dependent on the price of the vaccine, and that it is more cost-effective in high-burden countries 

without widespread screening (98).   

In an effort to consolidate findings regarding the impact of HPV vaccinations, a collaborative meta-

analysis of model findings was published by Brisson et al. (62). In this study, 16 different dynamical 

transmission models developed for high-income countries were used to estimate the same outputs 

under the same rules: what is the relative reduction in HPV6/11/16/18 prevalence after 70 years, if 

girls, or girls and boys are vaccinated and if coverage is 40% or 80%. The main findings were 

consistent across models that had different natural history structures, different modelling frameworks, 

were calibrated to different data sets in different settings, and used different calibration methods.  The 

study found that even at moderate coverage of vaccination among pre-adolescent girls, herd immunity 

leads to similar reductions in HPV prevalence among men and women, and that increasing vaccination 

among girls has greater impact for decreased prevalence in men and women, than vaccinating boys.   

In January 2019, the WHO called for the elimination of cervical cancer as a public health threat, 

defined as below 4 incident cases per 100,000 women (1). A cervical cancer elimination modelling 

consortium (CCEMC) was founded, with the aim to assess strategies that will lead to elimination by 
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the end of the century. The focus was on LMICs, since the vast majority of cervical cancer occurs in 

these regions. Three independent dynamical models were included in the final analyses of the 

consortium, and the main finding was that with 90% of girls vaccinated every year, elimination can be 

achieved in most LMICs by the end of the century, except Sub-Saharan Africa (SSA) which suffers 

from the greatest current burden (11). Widespread screening will need to be implemented to reach 

elimination in SSA. This analysis informed the WHO strategy of achieving, by 2030, the 90-70-90 

targets (1). The modelling consortium found that by achieving and maintaining these targets, 74 

million cervical cancer cases and 62 million related deaths will be averted in 78 LMICs by the end of 

the century (99). As mentioned in Section 1.1.3, the main limitation of this study was that none of the 

models considered the influence of HIV in the natural history of HPV. The next section will 

investigate the modelling studies that have been performed for HIV-positive populations, and general 

populations with high HIV prevalence.  

 

2.5 Modelling HIV and HPV 
 

Infection with HIV increases the risk of developing cervical cancer, which has been defined as an 

AIDS defining cancer since 1993 (12). Although cross-sectional studies provide evidence that 

prevalence of HPV and pre-cancerous lesions is higher among HIV-positive women (14,15,100), it is 

impossible to infer causality at one time point. Indeed, the sexually transmitted nature of both 

infections implies that the observed association between HPV and HIV could be due to confounding 

by behavioural factors. The interaction between HIV and HPV transmission has been studied 

longitudinally, and meta-analyses of studies found around two-fold risk of newly detecting HPV 

infection among women with HIV and two-fold risk of HIV acquisition among women with HPV 

(20,21,101). The studies included in these meta-analyses adjusted for behavioural confounders when 

assessing associations between HIV and HPV transmission risk.  

Apart from the apparent increased transmission risk, there is also evidence of increased persistence of 

HPV infection and progression to cervical disease among HIV-positive women (18). HIV-positive 

women have reduced regression rates and these reduced rates are associated with low CD4 counts and 

high HIV viral loads (102,103). The beneficial effect of ART use on regression and progression were 

shown to be significant in a meta-analysis of studies that compared HIV-negative to HIV-positive 

women (22).  

WHO recommends that all women who live in high HIV prevalence countries who attend HPV 

screening services should receive HIV testing and counselling and that all women who test HIV-

positive should receive HPV screening, regardless of age (79). This HPV screening should be repeated 

every 3 years, instead of every 10 years which is the minimum recommendation for HIV-negative 
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women. Recommended screening and treatment methods are the same for HIV-positive and negative 

women.  

Despite these well-established associations, and the fact that the region in the world with the highest 

cervical cancer incidence (Figure 1) is also the region with the highest HIV prevalence, very few 

modelling studies have considered HIV status as a modifier in estimating the cost or epidemiological 

impact of prevention strategies in Sub-Saharan Africa. 

The first model to estimate cost-effectiveness of screening for CC in HIV-positive women was a static, 

Markov model for women in the United States by Goldie et al. in 1999 (53). This model had 5 health 

states: Normal cervix, LSIL, HSIL, cancer, and death, all stratified by CD4 count categories (>500, 

200-500 and <200 cells/mm3). Infection with HPV was not included in the natural history. The authors 

compared the strategies of no screening, different intervals of Pap smear screening, and different 

intervals of colposcopy as a screening method. Parameters on incidence, progression and regression of 

cervical disease by HIV stage were obtained from literature and individually changed in sensitivity 

analyses. The study found that different screening strategies for women with CD4 counts above 200 

cells/mm3 are cost-effective, but only under certain assumptions is screening cost-effective for women 

at late stage HIV disease, who gain very little life-years if screened for cancer. If these women are 

started on treatment, cost-effectiveness was dependent on assumptions about duration of survival on 

ART.  

In a follow-up study, the authors added a stage for HPV infection in the natural history of HPV in 

order to estimate cost-effectiveness of DNA testing as a screening method (104). The model was still 

static, with predetermined probabilities of becoming infected. This study found that, for women in all 

stages of HIV disease, the most effective strategy would be 6-monthly Pap smears for women who test 

HPV-DNA positive at HIV diagnosis and annual Pap smears for those who do not.   

The framework of the Goldie et al. studies have been used in other settings. Atashili et al. (105) 

showed that in Cameroon, ART initiation doubled the lifetime risk of cervical cancer mortality if no 

screening was done and that one cervical cancer death would be avoided for every 262 women 

screened at ART initiation. For Brazil, Vanni et al. (106) used the same framework, but applied 

calibration methods to estimate a best-fitting parameter set by choosing from over 100,000 parameter 

sets the combination that gave the smallest sum of residuals between target statistics and model 

outputs. This study estimated that annual HPV-DNA testing with Pap smear triage would be the most 

cost-effective strategy for HIV-positive women in Brazil. Goldie et al.’s framework was also used in a 

study to determine cost-effectiveness of screening and preventative cryotherapy for HIV-positive 

women in Kenya (107). This study found that performing preventative cryotherapy on an HIV-positive 

woman presenting for screening had lowest cost and led to the greatest addition to life expectancy, but 

that same day screen and treat strategies with combinations of VIA, Pap and HPV could lead to similar 

gains.  
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Another study that followed the natural history model of Goldie et al., but used a different modelling 

framework, was a study by Smit et al. (108). This study estimated current and future non-

communicable disease burden in Kenya, by HIV status. Cervical cancer was one of the cancers 

included in this analysis. In this static, individual-based model, people become HIV infected, initiate 

ART and progress to AIDS at yearly rates as estimated by other models. Women have a fixed lifetime 

risk of becoming HPV infected, and this risk is increased when becoming HIV infected. Progression 

and regression parameters were taken from literature – some were used as estimated in studies, and 

others were calibrated. The study estimated that 51% of Kenyans suffer from at least one non-

communicable disease, and that cervical cancer will be the most common of all cancers between 2018 

and 2035 at 20% of 550,000 cases. Perez-Guzman et al. (109) used the same model framework to 

estimate the epidemiological impact of four different screening strategies compared to the status quo 

of screening in Kenya, focusing only on HIV-positive females. 

A dynamical, compartmental model of both HIV and HPV transmission was recently published for 

Tanzania (47). The aim of this study was to measure the impact that the HIV epidemic has had on CC 

incidence, and what impact HIV infection and HIV prevention strategies (MMC, ART and pre-

exposure prophylaxis (PrEP)) will have on CC incidence in the future. The model has compartments 

for people with higher and lower risk sexual behaviour, and the female population has a sub-category 

of female sex workers. The majority of parameters in the model were taken as fixed values from 

literature, with only certain sexual behaviour parameters and the relative per-sex-act probability of 

HIV acquisition for females compared to males estimated in a calibration algorithm. The study 

estimates that if 80% of men are circumcised, 73% of PLHIV are virally suppressed on ART and 90% 

of female sex-workers use daily PrEP between 2020 and 2070, cervical cancer incidence will be 

reduced from 65 per 100,000 women under current levels of HIV interventions, to 36 per 100,000 

women in 2070. The authors do not quantify uncertainty in their estimates but acknowledge that 

results are highly sensitive to changes in several of the parameters. They conclude that HIV 

interventions alone are not sufficient to reduce CC.  

Other cervical cancer modelling studies that considered HIV in the natural history of HPV were for the 

South African context and will be discussed in the next section.  

 

2.6 HPV and cervical cancer modelling for the South African context 
 

Very few models have been developed to answer HPV and cervical cancer related research questions 

for South Africa. The search string (HPV[Title/Abstract] OR "Human Papillomavirus"[Title/ 

Abstract]) AND "South Africa"[Title/Abstract] AND ("mathematical model" OR simulation OR "cost-

effectiveness" OR "cost effectiveness") in Pubmed yielded 12 results. After reading all the abstracts, 2 
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were discarded because they were not relevant to this review, and 3 will not be discussed in depth 

here. Two of the three estimated cost-effectiveness of screening or treatment methods within two 

clinical trials among HIV-positive women attending an outpatient clinic in Johannesburg (110,111) by 

simulating treatment algorithms given the measured cervical disease prevalence. Since the studies did 

not model the natural history of HPV, we did not consider these relevant. The third study was focussed 

on HIV prevention and estimated the cost-effectiveness of dual vaccination with the HPV vaccine and 

a hypothetical HIV vaccine, considering only the costs of HIV disease, and not the costs of diagnosing 

and treating cervical pre-cancer or cancer (112). The other 8 studies will be discussed in this section. 

In the first two of the eight relevant modelling studies, Goldie et al. used the same model: first in a 

South Africa-only analysis of the cost-effectiveness of different screening strategies and then adding 

four other low-resource countries to the analysis to be more generalizable (113,114). This model was a 

static Markov cohort model and distinguished between HIV-positive and negative women in terms of 

progression and regression of cervical disease. The model used parameters obtained from literature, 

prevalence estimates from a screen-and-treat study performed in South Africa (115) and calibrated the 

model to published estimates of lifetime risk of CC in South Africa (116). These studies concluded 

that, considering costs to patients and providers, a once-off screening combining direct visual 

inspection with acetic acid and HPV-DNA testing may be a clinical and cost-effective alternative to a 

three-visit cytology-based screening strategy. Since these studies were performed at a time before 

ART was widely available, the impact of ART on these rates was not considered. These studies also 

assumed that HPV-DNA testing in South Africa costs the same as cytology.  

Vijayaraghavan et al. aimed to determine the cost-effectiveness of screening strategies including 

combinations of cytology and HPV-DNA testing (117). The model was a static individual-based 

model that followed a cohort of women from the age of 13. Similar to Goldie et al., this model 

distinguished between HIV-positive and negative women in terms of progression and regression of 

cervical disease, but the effect of ART was also included. HIV incidence and ART coverage were 

assumed to be constant during the women’s lifetimes. Although this study estimated effectiveness of 

two of the same tests as in Goldie et al., they used a more realistic relative price of HPV-DNA testing 

to cytology, of about three times. Nevertheless, the study concluded that conventional cytology 

followed by HPV-DNA testing for triage would be less expensive and more effective than using 

cytology alone. 

In another study that used modelling to estimate the cost-effectiveness of cervical cancer screening, 

Campos et al. focused on the HIV-positive sub-population (118). This model is a static, individual-

based model that follows women from the age of 9 years. Each month, women have probabilities of 

moving between HPV health states. All women become HIV-positive at exactly 20 years of age and 

initiate ART at exactly 25 years of age. Monthly, age-specific HPV infection, progression and 

regression probabilities among HIV-negative women, which the authors estimated in previous 
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modelling studies for other countries, were used as point estimates in this study. Values from ranges of 

multipliers for these monthly probabilities for HIV-positive women were chosen by fitting to local 

datasets and choosing the 50 parameter sets with the highest likelihoods. This study assumed 70% 

coverage of screening and no loss to follow-up between screening and treatment. Biennial HPV-DNA 

testing followed by treatment was estimated to reduce lifetime risk of cervical cancer by 56% and was 

shown to be cost-effective at the threshold of South African GDP per capita. At lower thresholds of 

willingness to pay, the HPV-DNA testing followed by treatment could still be cost-effective at 

reduced costs of the test.   

Sinanovic et al. aimed to determine the cost-effectiveness of adding an HPV vaccine to the current 

screening policy in South Africa (119). In a static Markov model, a cohort of women was followed 

from the age of 0 to 85, with vaccination at age 12. Parameters were derived from the literature and 

women had fixed probabilities of becoming HPV infected. The parameters were not calibrated to local 

data and interactions with HIV were not considered. The study found that adding an HPV vaccine to 

the national vaccination programme could be cost effective, but price reductions of up to 60% would 

be necessary to make it affordable.  

Kim et al., 2013 estimated cost-effectiveness of HPV vaccination strategies for 48 countries in Sub-

Saharan Africa (120). Since very little epidemiological data exist for most of these countries, a simple 

static Markov model with parameters obtained from literature was used. For two countries, South 

Africa and Uganda, enough data were available to calibrate a more comprehensive individual-based 

microsimulation model using likelihood-based methods. This model was also static and interactions 

with HIV were not considered. The study also concluded that, at a substantial reduction in the vaccine 

price, a strategy of vaccination and screening could be cost effective and affordable in South Africa.   

In a third static Markov model that estimated the cost-effectiveness of adding the HPV vaccine to the 

cervical cancer prevention strategy in South Africa, Li et al. also showed that vaccination will lead to 

substantial reductions in cancer incidence and is cost-effective (121).  This study followed one cohort 

of girls from age 12 for life, and girls could become HIV and HPV infected at fixed rates though their 

lifetime. Parameters for progression and regression for HIV-negative and positive women were 

obtained from literature, with manual calibration of the rate of progression of CIN3 to cancer to match 

cervical cancer incidence as estimated by the pathology based national cancer registry.  

Although all three studies showed cost-effectiveness of HPV vaccination, the assumptions in the 

models were very different. All three models were static and therefore did not consider the beneficial 

impact of herd immunity. Kim et al. and Li et al. considered the impact of HIV, while Sinanovic et al. 

did not. Kim et al. assumed a three-dose vaccine schedule at 70% coverage and 100% lifelong 

efficacy. Sinanovic et al. assumed a three-dose schedule plus a booster shot, 80% coverage and 

lifelong protection of 90%. Li et al. assumed the two-dose schedule that was approved by WHO at the 

time, but assumed efficacy levels as low as 50% against CIN1 and 65% against CIN2+. Li et al. used a 
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discount rate of 5%, while Sinanovic et al. and Kim et al. used a rate of 3%. Sinanovic et al. did not 

calibrate or validate the model against any local data, while Kim et al. and Li et al. calibrated the 

model to some local data sources. 

The final modelling study is the first dynamical model to be developed for a South African setting. 

Tan et al. developed a deterministic compartmental model that simulates both HIV and HPV 

transmission dynamics to estimate the potential reduction in cervical cancer incidence after 

introduction of the 9-valent HPV vaccine (44). The HIV and sexual activity aspects of the model were 

developed and validated in a previous study, for Kwazulu-Natal specifically. In this study, 

compartments for HPV infection and cervical disease were added. Heterosexual HPV transmission 

depends on sexual risk group, age, and HIV disease stage, implying higher susceptibility when HIV-

positive. Rates of progression and regression also depend on age and HIV stage. The authors assume 

that only females develop natural immunity (at low levels) and that this immunity wanes over time. 

Initial values for the parameters were obtained from literature and an algorithm searched for the 

parameter combination that maximised the likelihood of observing a set of data points. These data 

points were age-specific prevalence of CIN2/3 in a population-based study in Cape Town (by HIV 

status), age-specific overall HPV prevalence from the same study and age-specific HPV prevalence 

from another study in Cape Town. The authors estimate that in the base case of 90% coverage of 

vaccination and 80% lifelong efficacy, vaccination with the 9-valent vaccine will lead to a reduction of 

74% in cervical cancer incidence in 70 years. The study assumed that no cervical cancer screening has 

happened to date, and that none will happen in future.  

Another study estimated the impact of vaccination and HPV-DNA based cervical cancer screening on 

cervical cancer trends in 181 countries, including South Africa (122).  In this study, Simms et al. use 

1) estimates of herd effects from the Australian Policy1-Cervix transmission dynamic model, 2) age-

specific South African cervical cancer incidence in 2012 estimated by the WHO’s International 

Agency for Research in Cancer (IARC) (known as the GLOBOCAN estimates), and 3) trends in 

reported cervical cancer incidence in Uganda and Zimbabwe’s population-based registries (1993 to 

2012) to estimate cervical cancer incidence for South Africa up to 2099. The authors estimate that age-

standardised incidence will be 19.3/100,000 women in 2099 under the 2014 levels of screening (no 

vaccination assumed), but that this value could reduce to 4.9/100,000 women if women were screened 

twice per lifetime with an HPV-DNA based test (70% coverage) and if 100% of women are 

vaccinated. In this study, no country-specific data were used to inform the transmission dynamic 

model, and herd effects are specific to the Australian context, where sexual behaviour is different than 

in South Africa. The impact of HIV was not considered in the calculation of the GLOBOCAN 

estimates, or the trends in cervical cancer incidence over time. 
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2.7 Limitations of existing models and modelling studies 
 

Each model described in previous sections has its own inherent limitations, as acknowledged by the 

authors, but all models have some overarching limitations. In many settings, local data to inform 

models are sparse (e.g., HPV prevalence) or biased (e.g., only cytology diagnosed cervical disease 

data or only pathology confirmed cervical cancer incidence data). Rates of disease progression and 

regression are often measured in a biased way (e.g., double interval censoring is inherent to the data 

collection process); studies are not large enough to inform age-specific rates; or parameters cannot be 

measured directly because it is unethical to measure certain rates (such as progression of CIN3 or early 

stages of cancer). Cohort studies are typically large and expensive, and not many are performed in 

LMICs. Many models overcome these limitations by fitting uncertain parameters to data using a 

calibration algorithm, or use rates obtained from empirical studies as fixed values and perform 

sensitivity analyses to confirm robustness of conclusions. 

There are two states in the natural history of HPV for which very little data to inform models exist: 

acquired or natural immunity against reinfection, and viral latency. Although most models assume 

some form of immunity against reinfection after clearance of an HPV infection (62), the lack of 

definitive data leads to a wide variety of assumptions about the level and duration of protection that 

natural immunity provides. Viral latency and the possibility of reactivation of latent infections have 

largely been ignored by the modelling community. Two recent mechanistic models showed that 

including a latent state in the natural history model could improve fits to HPV prevalence data 

observed in cohorts (67,68). It is yet to be explored what the impact of reactivation of latent infections 

will have on population-level cervical cancer incidence – in general, but especially in settings with 

high HIV prevalence. Although evidence of reactivation of latency exists (64,65), data that models 

require such as the fraction of cases that become latently infected after clearance, or the duration of 

latency, is not available.  

As discussed in Section 2.5, very few models for HIV-positive populations have been developed, and 

only two have been published that dynamically simulate both HIV and HPV infection, and progression 

to cervical cancer (44,47). However, several models have estimated the impact and cost-effectiveness 

of cervical cancer prevention in Sub-Saharan Africa (120), East Africa (123) and LMICs, many of 

which are in Sub-Saharan Africa (11). Without considering the effect of HIV, results from these 

models should be interpreted with caution and the question of impact and cost-effectiveness of 

interventions in high HIV prevalence settings remain unanswered.    

A general limitation of the South African modelling studies discussed in Section 2.6 is that they have 

not been calibrated using national data. No nationally representative HPV or cervical disease 

prevalence survey has been performed, and the National Cancer Registry reports only on pathology 

confirmed cervical cancer in South Africa. Modellers have to rely on prevalence estimates from 
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research studies and many of these studies are not performed among populations representative of the 

general population. The majority of South African studies used Pap smear to determine cervical 

disease, which has uncertain levels of diagnostic accuracy.  

Both the models by Goldie et al. (113,114) and Vijayaraghavan et al. (117) have the advantage of 

using different rates according to HIV status, but parameters were not calibrated to local data and 

results were not stratified by HIV status. The study by Campos et al. (118) calibrated parameters to 

local data, but this study was focused only on the HIV-positive population and made very crude 

assumptions about time of HIV acquisition and ART initiation. Therefore, no study to date has 

estimated the impact of screening on cervical cancer or the cost effectiveness of different strategies in 

South Africa by using a model that is calibrated to local data, that formally estimates uncertainty and 

that stratifies transition rates and results by HIV status. 

The vaccination studies by Sinanovic et al. (119), Kim et al. (120) and Li et al. (121) shared the major 

limitation that the static design of their models did not allow for indirect protection through herd 

immunity. Although this limitation leads to underestimates of vaccine impact, the models all found 

that HPV vaccination will be cost-effective. The population-level impact of the bivalent vaccine 

rollout in public schools since 2014 on cervical cancer incidence in the long term therefore still needs 

to be estimated in a transmission dynamic model. Tan et al. (44) took the first step in this direction by 

developing a dynamic model to estimate the impact that the 9-valent vaccine will have on cervical 

cancer incidence in 70 years’ time. This analysis applies only to KwaZulu-Natal, although all the data 

on HPV and cervical disease that was used to calibrate the model are from the Western Cape, a 

province with much lower HIV prevalence than KwaZulu-Natal. Since this model applies to only one 

province, estimates only the impact of the 9-valent vaccine, and does not consider current levels of 

screening, the impact of current intervention strategies on cervical cancer incidence in South Africa 

remains to be estimated.     

Mathematical modelling studies of HPV and cervical cancer mostly focus on the potential impact of 

new prevention strategies, and while this is necessary – and commendable that WHO is using 

dynamical modelling in the development of new guidelines (1) – there are several types of research 

questions that are not commonly investigated using HPV and cervical cancer models. For example, 

our search of the literature has not resulted in any modelling studies that compared the impact of 

historical screening with the counterfactual of no screening. The statistical method called age-period-

cohort models have been used to estimate the number of cervical cancer cases that were prevented due 

to screening since the 1960/70s in some high-income countries (124,125). This type of model allows 

for age effects (aging of the population), period effects (e.g., scale up of Pap smear screening over 

time) and cohort effects (e.g., changes in the sexual behaviour of cohorts over time). The method 

suffers from identifiability problems (126), and it would be complicated to separate the opposing 

period effects of HIV and screening on the incidence of cervical cancer. Mathematical modelling 
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studies can be used to evaluate the impact of historical screening. In future, it will also be necessary 

for models to evaluate progress towards reaching the 90-70-90 targets and elimination of cervical 

cancer, given the prevention methods adopted by the country studied.    

Another use of dynamical models is to design empirical studies, but there have been relatively few 

such applications in the field of HPV and cervical cancer epidemiology. Using appropriate models, 

RCTs or cohort studies can be simulated to estimate potential effect sizes, optimal study design and 

sample sizes. Examples include such study design simulations for Ebola (127), HIV (128) and malaria 

(129). Research questions that involve sexual behaviour and the sexual network of participants – 

aspects that are notoriously hard to measure in empirical studies – can also be explored by simulating 

studies using individual-based sexual network models. An example question is the estimated increased 

risk of HIV acquisition among those infected with herpes simplex virus type 2 – two infections that 

share the same mode of sexual transmission. A recent simulation study showed that this association 

can be explained by behavioural factors (130). Similar questions that involve sexual behaviour and 

HPV transmission, such as the synergistic relationship between HIV and HPV transmission, or the 

fraction of new HPV detections that are due to new infections versus reactivation of latent infections 

can be explored using simulation models of HPV transmission.  
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3.1 Abstract  
 

Background: Cohort studies have shown significant increased risk of HIV acquisition following 

human papillomavirus (HPV) detection and increased risk of new HPV detection in HIV-positive 

individuals, after adjusting for behavioural risk factors. This study uses an individual-based model to 

assess whether confounding sexual behaviour factors and network level effects can explain these 

associations between HIV and HPV infection status, without biological interactions. 

Methods: The model simulates infection with 13 oncogenic HPV types and HIV. It allows for 

different relationship types, with heterogeneity in probabilities of concurrency and rates of partner 

change.  No effect of prevalent HPV infection on HIV acquisition is assumed and vice versa. The 

model is calibrated to South African HIV and type-specific HPV prevalence data using a Bayesian 

approach. The model is used to simulate cohorts with quarterly HIV and HPV testing from 2000 to 

2002. These simulated data are analysed using proportional hazard models.  

Findings: The mean of the unadjusted hazard ratios of HIV acquisition following detection of an 

oncogenic HPV type calculated for each simulated cohort is 2.6 (95% CI 2.2–3.1). The mean of the 

unadjusted hazard ratios for the effect of HIV on newly detected HPV is 2.5 (95% CI 2.2–2.8). 

Simulated associations between HIV and HPV infection status are similar to corresponding empirical 

estimates. In sensitivity analyses in which HIV and HPV were assumed to increase each other’s 

transmission risk, simulated associations were stronger but not inconsistent with empirical estimates. 

Conclusions: Although we cannot rule out the possibility that associations between HIV and HPV 

transmission may be due in part to biological interactions, these results suggest that observed 

associations could be explained entirely by residual confounding by behavioural factors and network-

level effects that observational studies cannot account for.
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a A meta-analysis by Looker et al. was published after our analysis was completed (101). 
 

3.2 Introduction 
 

Worldwide, more than 35 million people live with HIV and despite prevention efforts and increases in 

treatment coverage, around 2.1 million people were newly infected in 2015 (131). Human 

papillomavirus (HPV) is the most common STI globally, and several cohort studies have investigated 

the role that it plays in the transmission of HIV in recent years. Estimates of the association between 

HPV infection and HIV acquisition varied, from no effect (132) to a five-fold increased risk (133). 

Two meta-analyses have both estimated a two-fold increased risk of HIV acquisition in HPV infected 

individuals (20,21). Since an association between the two STIs would be expected, due to their 

common mode of transmission, the studies included in these meta-analyses controlled for individual 

level sexual behavioural risk factors, defined differently in each study. Several biological mechanisms 

for increased HIV risk in HPV infected individuals have been postulated, as reviewed in Houlihan et 

al. (21) and Lissouba et al. (20). For example, HPV infected epithelial cells have increased density of 

HIV target cells, such as CD4+ T cells (134).  

There is also evidence of increased risk of new HPV detection in the presence of HIV infection, with 

relative risk estimates obtained from observational cohort studies ranging between 2 and 5 

(16,17,135–139)a. Biological mechanisms of increased susceptibility to HPV or increased 

infectiousness of HPV in the presence of HIV are not well established, but reactivation of latent 

infections in immune suppressed individuals may play a role in this association (64,65). 

The apparent epidemiological synergy between HIV and HPV could serve as additional motivation for 

integrated STI prevention programmes. However, in the absence of randomized controlled trial data, 

observational evidence of effects of HPV on HIV acquisition and HIV on HPV acquisition has to be 

treated with caution. Although the studies control for self-reported individual behaviour, risk 

behaviour at the sexual network level is difficult to control for accurately and the observed 

associations might be due to residual confounding.  

Although observational studies have similarly shown significant associations between other STIs and 

HIV (140), clinical trials of STI control for HIV prevention have failed to show significant impact 

(141), and it has been noted that the associations reported in observational studies could be explained 

to some extent by confounding behavioural and network factors (142). An epidemiological model that 

explicitly simulate sexual networks in a population has been used to show how the precision of 

estimated associations between diseases in simulated cohorts can be improved (143) and recently such 

a model was used to show that observed associations between herpes simplex virus 2 (HSV-2) and 

HIV can be explained by behavioural factors (130). In this study, we simulate cohort studies using an 

individual-based model to assess whether confounding behavioural factors and network effects are 

sufficient to explain the observed associations between HIV and HPV infection status, in the absence 

of biological transmission effects.
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3.3 Methods 
 

3.3.1 The model 
MicroCOSM, an individual-based network model, represents the South African population by age and 

sex and simulates population growth since 1985 (144). The model simulates infection with human 

immunodeficiency virus (HIV) and was extended to include the transmission dynamics of 13 

oncogenic (high-risk or HR) HPV types for this study. 

The sexual behaviour assumptions of MicroCOSM are described in detail elsewhere (144) and in 

Appendix A. Briefly, the adult population is divided into low risk and high risk groups. Individuals in 

the low-risk group never have concurrent sexual partners, while individuals in the high-risk group can 

have up to two partners at any given time. Partnerships can be short-term, long-term (marital) or 

client/sex worker interactions. All long-term relationships start off as short-term relationships. Only 

heterosexual relationships are modelled, and all sex workers are female. Coital frequency and rates of 

relationship formation and dissolution depend on factors such as age, sex, risk group, relationship type 

and stage of HIV infection. Condom usage increases over time and depends on age, sex, and 

relationship type (Appendix A.2). Sexual behaviour assumptions and parameter estimates are based on 

South African data (144,145). 

The current focus of the extension of MicroCOSM is on the aspects that drive HR-HPV prevalence: 

transmission and clearance of infection, natural immunity against re-infection, viral latency (defined as 

infections not detectable by nucleic acid tests) and reactivation of latent infections to detectable virus 

levels. Figure 3 represents the structure of the model of HPV natural history. The 13 oncogenic or 

high-risk (HR) HPV types (16, 18, 31, 33, 35, 39, 45, 51, 52, 56, 58, 59 and 68) are modelled 

individually and independently from each other. No effect of HPV on HIV transmission is assumed, 

and vice versa. HIV infection is however assumed to increase the duration of an HPV infection and 

increase the rate of reactivation from latency. HIV natural history assumptions are described elsewhere 

(144) and in Appendix A.  

 
Figure 3 - Model of the natural history of HPV
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The model is fitted to South African type-specific HPV prevalence data using a Bayesian approach, 

allowing for uncertainty in key HPV parameters. We performed an extensive literature review and 

identified 20 prevalence estimates for each of the 13 HR-HPV types from studies (Table A 10).  Prior 

distributions are specified for all of these parameters (Table A 12). For each HPV type, 500,000 

combinations of parameters are sampled from the prior distributions, and for each parameter 

combination a likelihood value is calculated to represent how well the model estimates of type-specific 

HPV prevalence match the empirical data. Using these likelihood values as weights, 500 parameter 

combinations are resampled to represent a sample from the posterior distribution (146). More details 

on the calibration method and the prevalence studies included in the calibration procedure are shown 

in Appendix A.5.1. Although the appendix describes calibration to cervical disease stages in Sections 

A.5.2 and A.5.3, only the methods described in Section A.5.1 apply to this chapter.   

In this analysis, we use the 500 parameter combinations from the posterior distributions for each HPV 

type to simulate 500 cohort studies. These cohorts consist of sexually active men and women, aged 15 

to 49, who undergo quarterly HIV and HPV testing. The cohorts are enrolled in 2000 (a time of high 

HIV incidence in SA) and followed for 3 years, corresponding to observational studies. Ethical 

approval for this study was obtained from the Human Research Ethics Committee at the University of 

Cape Town (260/2016).  

 

3.3.2 Statistical Analysis 
The Cox proportional hazard model was used to calculate hazard ratios to assess association. For all 

estimates, the mean of the 500 point estimates is shown and uncertainty is expressed by the 2.5th and 

97.5th percentiles of the estimates.  

Observational studies of the association between HIV and HPV were compared to the model if they 

met criteria listed in Appendix B.1. Data from the simulated cohorts are analysed using the same 

statistical methods used in the observational studies. Results of four of the studies are compared to 

high risk females in the simulated data to match sexual behaviour (132,133,147,148). Crude estimates 

are compared, since studies adjusted for different demographic and STI information and sexual 

behaviour indicators were defined differently. Although the primary focus is on the crude analyses, 

adjusted estimates were also calculated (controlling for sex, age, the number of new sexual partners in 

the preceding 6 months, marital status and index of concurrency (149)). All statistical analyses are 

performed in R (150).  

In the following sections, the first visit of new detection of HIV or HPV will be denoted as vd, while 

the previous visit is denoted as vd - 1 and baseline visit as v0. 
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3.3.3 Effect of baseline HPV on HIV acquisition 
In the analysis of the effect of HPV status on HIV acquisition, individuals who were HIV-positive at 

study enrolment (v0) were excluded from the simulated cohorts. To estimate the effect of HPV status at 

v0 on HIV acquisition later in the study, two analysis methods were used: 1) a Cox proportional 

hazards model with baseline HPV status (151) or number of HPV types detected (147) as a fixed 

covariate to produce hazards ratios and 2) logistic regression to produce odds ratios (133,152).  

 

3.3.4 Effect of HPV status at visit prior to HIV acquisition  
The effect of HPV status at visit vd - 1 on HIV acquisition between vd - 1 and vd are estimated in two 

ways in observational studies. The first is HPV positivity (any HPV type) at vd - 1, regardless of the 

HPV status at vd. The second is HPV clearance, i.e., any HPV type that was detected at vd - 1 cleared 

before the visit of first HIV detection (vd), while other HPV types may have persisted. The reference 

group in the majority of observational studies is those who were HPV uninfected at visit vd - 1. Two 

analysis methods were used to estimate these effects: 1) a Cox proportional hazards model with HPV 

status (153) or HPV clearance (151,153) as a time-varying covariate to produce hazards ratios and 2) 

conditional logistic regression to produce odds ratios (132,152). For the conditional logistic 

regression, cases (HIV seroconverters) were matched to three controls (those who remained HIV-

negative) using time in the study as matching criteria. 

 

3.3.5 Effect of HIV status at study enrolment on new HPV detection 
In the analysis of the effect of HIV status at time of study enrolment (v0) on new HPV detection later 

in the study, individuals who became newly HPV infected or experienced a reactivation of a latent 

infection in the model contributed to new detections. Two analysis methods were used: 1) a Cox 

proportional hazards model with baseline HIV status as a fixed covariate to produce hazard ratios 

(65,136,148) and 2) Poisson regression to produce incidence rate ratios (17,135,137). Although the 

exact stages in the HPV natural history, and exact times of transition between states, are known in the 

simulated data, two assumptions were made to correspond to observational studies. First, time of HPV 

detection and viral clearance were assumed to occur at the midpoint between two visits and second, 

individuals in the immune, latent and susceptible stages all contribute to exposure time.  

 

3.3.6 Effect of HIV incidence on new HPV detection 
Two methods were used to estimate the effect of HIV incidence on new HPV detection. In the first 

analysis, all individuals who were HIV-negative at enrolment were followed and a Cox model was 

used to estimate hazards ratios, using HIV status as a time-varying covariate (16). In the second 

analysis, HIV seroconverters were matched to individuals who remained HIV-negative on time in 
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study. Multinomial logistic regression was used to estimate odds ratios for new HPV detections (zero, 

one or ≥2) in visits subsequent to first HIV detection (138). 

 

3.3.7 Sensitivity analyses 
Model results were investigated for sensitivity to two sources of uncertainty: 1) the structure of the 

HPV natural history model and 2) the parameter estimates given the base model structure (Figure 3). 

To explore the first source of uncertainty, the model was calibrated using 6 alternative HPV natural 

history structures (which differed in terms of natural immunity and reactivation of latent infections) 

and cohorts were simulated to calculate associations. To explore the second source, cohorts were 

simulated using the means of the posterior distributions of the main parameters in the base model 

structure. Then each parameter in turn was decreased and increased by 50% and cohorts were 

simulated for each parameter change.  

In addition, cohorts were simulated using the 500 parameter combinations from the posterior 

distributions for each HPV type with 1) infectivity of HIV doubled in the presence of HPV infection; 

2) susceptibility to HIV doubled in the presence of HPV; 3) infectivity of HPV doubled in the 

presence of HIV and 4) susceptibility to HPV doubled in the presence of HIV. 

 

3.4 Results 
 

3.4.1 Model fit 
The mean simulated prevalence of HIV and oncogenic HPV in the population aged 15-49 in 2000 are 

11.0% (95% CI 6.8–15.1%) and 29.5% (95% CI 26.4-32.3%), respectively. Mean type specific HPV 

prevalence estimates, split by HIV status, are shown in Figure 4. Model fits to the calibration data are 

shown for each HPV type in Figures A 20-32. The mean overall HPV prevalence in 2000 calculated 

using the sample of 500 parameter combinations from the posterior distributions compares well to the 

HPV prevalence pattern by age and HIV status found in a population level study in Khayelitsha, Cape 

Town (14) (Figure A22). Consistent with the calibration data, the model estimates a substantially 

higher HPV prevalence in HIV-positive individuals compared to HIV-negative individuals, for all HR-

HPV types.  
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Figure 4 - Model estimates of type specific HPV prevalence by HIV status. Results are the mean HPV 

prevalence levels for individuals aged 15-49 in 2000, simulated using the sample of 500 parameter 

combinations from the posterior distributions. Error bars represent the 2.5th and 97.5th percentiles of 

the 500 prevalence estimates. 

 

3.4.2 Associations between HPV status and HIV acquisition 
Amongst the 500 simulated cohorts, the mean unadjusted hazard ratio for the association between an 

oncogenic HPV type at vd - 1 and HIV acquisition at vd, in the general population aged 15-49, is 2.6 

(95% CI 2.2–3.1). The corresponding mean hazard ratio for the association between HPV status at v0 

and subsequent HIV acquisition is 2.4 (95% CI 2.0-3.0). The association between HPV clearance and 

HIV acquisition between vd - 1 and vd is 1.9 (95% CI 1.4-2.4). For this estimate, the reference group is 

those who were HPV negative at visit vd - 1, though the hazard ratio is similar when the reference 

group comprises everyone who was HPV negative at both vd - 1 and vd or everyone who did not clear 

an infection. The corresponding estimates adjusted for sex, age, number of new sexual partners in the 

preceding 6 months and marital status are 1.7 (95% CI 1.4-2.1), 1.6 (95% CI 1.3-2.0) and 1.3 (95% CI 

1.0-1.7). Figure 5 compares the unadjusted estimates of association from observational studies and the 

simulated data. In general, the simulated associations between HPV and HIV acquisition are roughly 

consistent with the corresponding empirical estimates.  
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Figure 5 - Associations between HPV status and HIV acquisition. Point estimates represent hazard 

ratios and odds ratios, as shown in Table B 1. Intervals around point estimates reflects uncertainty 

due to sample size for study estimates, and parameter uncertainty and stochastic variation for model 

estimates.  

 

3.4.3 Associations between HIV status and new HPV detection 
Amongst the 500 simulated cohorts, the mean unadjusted hazard ratio for the association between HIV 

status at v0 and newly detected HPV, in the general population aged 15-49, is 2.5 (95% CI 2.2–2.8). 

The corresponding mean hazard ratio for the association between new HIV detection at vd - 1 and new 

HPV detection at vd is 2.9 (95% CI 2.5-3.3). The corresponding adjusted estimates are 2.1 (95% CI 

1.8-2.3) and 2.2 (95% CI 1.8-2.5). Figure 6 compares the unadjusted estimates of association between 

observational studies and the simulated data. Simulated associations between HIV and new HPV 

detection were again consistent with corresponding empirical estimates. 

Further adjustment of associations for the index of concurrency in the sexual network brought the 

model results closer to the null, but only the association between HPV clearance and HIV acquisition 

did not remain significantly greater than one (Table B 3). 



Chapter 3 
 

36 

 

Figure 6 - Associations between HIV status and new HPV detection. Point estimates variously 

represent hazard ratios, odds ratios and incidence rate ratios, as shown in Table B 2. Intervals around 

point estimates reflect uncertainty due to sample size for study estimates, and parameter uncertainty 

and stochastic variation for model estimates. The interval for the Strickler study (65) is the smallest 

and largest point estimate for different stages of HIV infection. 

 

3.4.4 Sensitivity analyses 
The mean hazard ratio for the association between HPV infection at vd - 1 and new HIV detection at vd 

ranged from 2.2 to 3.6 for the 6 alternative model structures (Table B 4). The mean hazard ratio for the 

association between HIV status at baseline and new HPV detection ranged from 2.2 to 3.3. The mean 

hazard ratio for the association between HPV infection at vd - 1 and new HIV detection at vd was 2.4 

when using the means of the posterior distributions of the HPV parameters and ranged from 2.1 

(increasing the proportion of individuals who acquire viral latency by 50%) to 2.7 (decreasing the 

duration of HPV infection or the transmission probabilities by 50%) (Table B 5). The mean hazard 

ratio was at a minimum of 2.1 and at a maximum of 2.6 when changing the most important HIV and 

sexual behaviour parameters.  

The mean hazard ratio for the association between HIV status at baseline and new HPV detection was 

2.5 when using the means of the posterior distributions of the HPV parameters and ranged from a 
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minimum of 2.1 (decreasing the proportion of individuals who acquire viral latency by 50%) to a 

maximum of 3.2 (decreasing the duration of HPV infection by 50%). The hazard ratio ranged from 2.4 

to 2.7 for 50% changes in the most important HIV and sexual behaviour parameters.  

Measures of association compared favourably with study estimates when infectivity of or 

susceptibility to the one infection was doubled in presence of the other (Figure B 1-2).  Full results of 

the sensitivity analyses performed are shown in Appendix B.2.  

 

3.5 Discussion 
 

In this study, unadjusted measures of association between HIV and HPV transmission in simulated 

cohorts compare well to unadjusted results from observational studies, even though the model assumes 

no direct effect of HPV on HIV transmission and no direct effect of HIV on HPV transmission. It is 

worth noting that the model has not been calibrated to match the observed associations between HPV 

and HIV transmission, although we attempted to standardize the comparisons by using consistent 

statistical methods and sub-populations. This suggests that most, if not all, of the observed association 

between HIV and HPV transmission could be due to confounding factors, in particular heterogeneity 

in risk behaviour. In sensitivity analyses, findings were consistent for different assumptions about the 

natural history of HPV in terms of acquired immunity and viral latency and were robust to changes in 

the main parameter values.  

Our simulated measures of association remained significantly different from 1 even after controlling 

for sex, age and sexual behaviour.  Although some studies have found that associations between HPV 

and HIV acquisition remain significant even after controlling for reported risk behaviours (20,21), 

sexual behaviour data are frequently distorted by misreporting, which leaves the possibility for 

residual confounding. Even when individual behaviour is accurately reported and controlled for, there 

is still potential for confounding due to network level effects. These network level effects are 

extremely difficult to adjust for in observational studies, since participants can mostly only report on 

their own behaviour, and not on the behaviour of the sexual network of their partners. A recent 

mathematical modelling study has shown that the observed associations between HSV-2 and HIV 

infection may be attributable mostly to confounding factors, even when individual behaviours are 

controlled for in multivariable analysis (130). We found that network size accounted for much of the 

residual association between HIV and HPV after controlling for individual-level risk factors, thus 

confirming the importance of network-level effects.  

Some of the studies included in the comparison of associations between HIV status and new HPV 

detection have shown a dose-response relationship between HIV viral load or CD4 count and the rate 

of new HPV detection (17,65,136). This may be attributable to an effect of immune suppression on 
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HPV reactivation (which we allow for in the model), rather than an effect of immune suppression on 

susceptibility to new HPV acquisition. In sensitivity analyses, the association between HIV status and 

new HPV detection was weaker when HPV latency and reactivation were not included in the model, 

but still significantly non-null. This suggests that behavioural confounding may also partially explain 

the observed associations between HIV status and new HPV detection.   

In sensitivity analyses, we explored the effects of assuming direct effects of HIV on HPV transmission 

and vice versa. Simulated associations between HIV and HPV in these scenarios were greater than 

those simulated when assuming no direct effects of HIV and HPV on each other’s transmission, 

though not inconsistent with empirical estimates (Figure B 1-2). Thus, we cannot rule out the 

possibility that HIV transmission may indeed be inflated in the presence of HPV (and vice versa). 

There are some limitations to this study. Fundamental aspects of the natural history of HPV infections 

are unknown, such as the extent and protectiveness of naturally acquired immunity against reinfection, 

the extent of viral latency and the contribution of reactivated infections to transmission, and the effects 

of HIV infection on duration of HPV infection and viral latency. Several sensitivity analyses were 

performed to check consistency of the main results against changes in model assumptions about the 

HPV natural history structure and changes in parameter estimates. Other modelling studies suggest 

that simulated associations between HIV and other STIs may be closer to null association when there 

is greater uniformity of sexual behaviour (130,143). The true extent of heterogeneity in sexual 

behaviour is unknown, and sensitivity of the model results to variation in heterogeneity has not been 

assessed in this analysis. Model results were however closer to null association when only considering 

the population with high risk behaviour (Figure 5 and 6, (132,133,147,148)). Our model considers 

only the South African population, and it is possible that different levels of confounding may exist in 

other settings, where sexual networks are different. 

We conclude that observed associations between HPV and HIV transmission may result from 

confounding by behavioural factors and network-level effects that observational studies cannot 

measure and account for. This highlights the need for studies that can establish causality more 

conclusively, and for further modelling studies to assess what biological interactions between HIV and 

other STIs are plausible in other settings. Hope has been pinned on the possibility that HPV 

vaccination may have an impact on HIV incidence (154). While HPV vaccination is undoubtedly 

important in the prevention of HPV and cervical cancer, current observational evidence is insufficient 

to suggest that this will have a substantial impact on HIV incidence.  
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4.1 Abstract 
 

Background: Mathematical models have been used to estimate the impact of human papillomavirus 

(HPV) vaccines on infection burden and cervical cancer. Models assume different mechanisms of 

naturally acquired immunity against re-infection, but processes of latency and reactivation of latent 

infection have not been explored.  

Methods: This study uses an individual-based dynamic model to simulate randomised controlled trials 

(RCTs) for vaccine efficacy, using different assumptions about naturally acquired immunity and viral 

latency after clearance of HPV infection. Model estimates of vaccine effectiveness are compared to 

those from published RCTs. We then estimate the impact of the bivalent vaccine on HPV-16 and -18 

infection burden in South Africa under these different assumptions.  

Findings: When assuming no latency, simulated vaccine effectiveness overestimates results from 

RCTs and the model cannot match the observed difference in vaccine effectiveness between total 

vaccinated cohorts and more HPV-naïve cohorts. The reduction in HPV-16 and -18 burden by 2045, 

following roll-out of vaccination in 2014, does not depend on assumptions about natural immunity, but 

models that assume no latency predict ~25% greater reduction in HPV-16 and -18 burden than models 

that include reactivation of latent infection for all men and women.  

Conclusions: Mathematical models that do not allow for reactivation of latent HPV infections may 

therefore overestimate the long-term impact of HPV vaccines. 
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4.2 Introduction 
 

Mathematical models of infection with human papillomavirus (HPV) and its progression to cervical 

cancer have been crucial in estimating the epidemiological and economic impact of cervical cancer 

prevention strategies such as vaccination and screening. There is general consensus in the literature on 

the progression of disease – persistent HPV infections progress to cervical cancer through two or three 

stages of pre-cancerous cervical disease (155). On the other hand, there is uncertainty regarding the 

biological process after HPV is no longer detectable. Three possible events have been proposed in 

literature: 1) immediate susceptibility to re-infection with the same HPV type, 2) naturally acquired 

immunity against re-infection with the same HPV type and 3) viral latency that may reactivate (155).  

There is evidence of both immunity and latency, but their extent and duration are difficult to estimate 

from epidemiological studies. It has been shown that only about 40-60% of women seroconvert 

following HPV infection (156) and this fraction is much lower for men and HIV-positive women 

(157,158). Beachler et al. (59) performed a systematic review and meta-analysis of studies that 

estimated the impact of HPV seropositivity on HPV re-detection. They estimate that seropositive 

women have a 30% reduced risk of re-detection compared to seronegative women, but no significant 

difference in risk of HPV re-detection could be shown in the studies in heterosexual men. The 

longitudinal studies with shorter follow-up found stronger protection against new HPV detection 

associated with baseline seropositivity, compared to studies with longer follow-up. This may indicate 

that natural immunity wanes over time but reactivated latent infections could also account for some of 

the new HPV detection.  

Maglennon et al. (63) have shown that inducing immune suppression in rabbits previously infected 

with papillomaviruses leads to detectable levels of virus. Such a study would be unethical in humans, 

but studies that included immune suppressed (HIV-positive) women have shown new detection of 

HPV in women who reported no recent sexual activity, suggesting reactivation of latent infection is 

possible, particularly in immune-suppressed individuals (64,65).  In a review paper, Gravitt (159) 

concluded that not all recurrence of HPV infections can be explained by new sexual partners and 

subsequent analyses of longitudinal studies support this conclusion (160–163).  

Epidemiological models of HPV natural history have used different assumptions about naturally 

acquired immunity. For example, some do not include such a state (164,165), while a number of 

models allow individuals to enter an immune state upon clearance and become susceptible again 

according to some rate (55,61,166–168). In some models a proportion of individuals clearing HPV 

infection are assumed to obtain lifelong immunity and the remainder become susceptible to new 

infection upon clearance (169,170). In another model, all individuals who clear an HPV infection are 

assumed to enter a lifelong partially immune state, with a constant reduced risk of being re-infected 

(57).  
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Only one model explicitly includes viral latency in the natural history of HPV. Korostil and Regan 

(171) developed a dynamical model of HPV-16 transmission in Australia where both men and women 

obtain naturally acquired immunity or enter the latently infected stage. In this model only women can 

experience reactivation of the infection and all the infections of latently infected women reactivate at 

menopause. Ranjeva et al (67) shows that a model that includes a higher risk of newly detected HPV 

for individuals with previous infections fits better to longitudinal HPV prevalence data than a 

memoryless model. The authors suggest that reactivation of latent infection or autoinoculation from 

other sites could explain this increased risk.    

Models with different HPV natural history structures may fit equally well to epidemiological data 

from the pre-vaccine era but may estimate different levels of vaccine effectiveness. Two highly 

effective HPV vaccines have been available for the last decade, and modelling studies have estimated 

the potential impact of these vaccines on HPV burden (62). The current study uses an individual-based 

dynamic model to investigate how well model estimates of vaccine effectiveness compare to those in 

randomised controlled trials (RCTs) for different assumptions about naturally acquired immunity and 

viral latency after infection becomes undetectable. We then estimate the future impact of the bivalent 

vaccine on HPV-16 and -18 infection burden in South Africa under these different assumptions.  

 

4.3 Methods 
 

The individual-based model, MicroCOSM, was used to estimate the burden of HPV-16 and -18 in this 

analysis (144,172). The model simulates, at weekly time steps, the HIV epidemic, infection with 

thirteen oncogenic HPV types and the underlying sexual network in the South African population. 

HPV types are independently simulated, and HIV co-infection is assumed to increase duration of HPV 

infection and rates of reactivation of latent infections, where applicable. The HIV and sexual 

behaviour components are described in the Appendix A and in previous publications (144, Chapter 3).  

In this study, four distinct stages of HPV infection are considered: 1) Susceptible to HPV infection, 2) 

HPV-DNA positive infection, 3) Latent HPV infection i.e. infection not detectable by nucleic acid 

amplification tests and 4) cleared infection with naturally acquired immunity to HPV re-infection 

(Figure 3). Six different models of movement between these stages, as described in Table 1, are 

compared.  
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Table 1 - Six structures for the natural history of human papillomavirus  

Model 

Name 

Description of possible events after HPV-DNA becomes undetectable 

Model 1 All individuals become either immune to re-infection or latently infected. Natural 

immunity wanes (individuals become susceptible again) and latent infections can 

reactivate (Figure 3). 

Model 2 All individuals become immune to re-infection and immunity wanes. No one 

becomes latently infected. 

Model 3 All individuals become either immune to re-infection or latently infected. Immunity 

wanes and infections can only reactivate in HIV-positive individuals. 

Model 4 Women become either immune to re-infection or latently infected. Men become 

immune. Immunity wanes and infections can reactivate in women. 

Model 5 All individuals become either immune to re-infection, latently infected or 

immediately susceptible to re-infection. Those who become immune remain 

immune forever. All latent infections can reactivate. 

Model 6 All individuals become either partially immune to re-infection or latently infected. 

Latent infections can reactivate and the reduced risk of re-infection in the immune 

stage is lifelong and constant. 

 

The six models are calibrated to South African type-specific HPV prevalence data (Table A 10) using 

a likelihood-based approach. Prior distributions are specified for the key parameters driving HPV 

infection: per sex-act transmission probabilities; durations of detectable and latent infection (both 

dependent on stage of HIV infection); duration of natural immunity; probability of becoming 

susceptible, naturally immune, or latently infected after HPV clearance; and a parameter quantifying 

between study variability (Table A 12). Five hundred thousand parameter combinations are randomly 

sampled from the prior distributions for each HPV type. For each parameter combination, a likelihood 

value is calculated to quantify how well model estimates of HPV prevalence compare to data collected 

in observational studies.  This likelihood value is used as a weight to resample 500 parameter 

combinations that represent the posterior distributions of the parameters (146). The appendices contain 

detailed descriptions of the calibration targets (Table A 10), the calibration method (Section A.5.1), 

prior distributions (Section A.6.1) and posterior distributions for HPV types 16 and 18, for each model 

structure (Appendix C.1). 

  

4.3.1 Vaccine effectiveness 
The samples of 500 parameter combinations from the posterior distributions of each HPV type and of 

each model structure are used to simulate RCTs of vaccine efficacy. Trials are simulated to correspond 
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in design to the RCTs performed for young women (aged 15-25) (66,173) and women older than 25 

(74). For both types of trial, HIV-negative women in the simulated population are enrolled in 2014 and 

randomised to receive the vaccine or not. Women are followed bi-annually for four years.  Vaccine 

effectiveness is assessed at two levels of prophylactic efficacy against incident HPV16/18 infection 

through sexual contact: 100% or 95% of vaccinated women obtain lifelong protection (from here on 

called “take efficacy”). 

In the analysis of the simulated trial data, the outcome of interest is infection with HPV16/18 that 

persists for at least six months, similar to the primary outcomes in the RCTs (66,74,173). In the 

analysis of Kreimer et al. (66), results were shown for the “modified total vaccinated cohort” (m-

TVC), which excluded women who were HPV16/18 DNA positive at enrolment, and the “naïve total 

vaccinated cohort” (n-TVC), which excluded women DNA positive for any oncogenic HPV or 

seropositive for HPV16/18. In the study described by Harper (173), only the “naïve” cohort was 

enrolled in the study i.e. only women seronegative for HPV16/18 and DNA negative for all oncogenic 

HPV types were randomised to receive the vaccine. Results from the study in women aged 25 and 

older (74) are compared for the “total vaccinated cohort” (TVC) where women with prevalent 

infection or seropositive to HPV16/18 were not excluded, and the “according to protocol” cohort, 

where these women were excluded. To simplify notation in our analysis, we will label the latter cohort 

similar to the naïve cohort in younger women, i.e., n-TVC. 

In the PATRICIA trial, which contributed ~75% of women in the combined analysis in (66), and in the 

trial described in (173), women who reported more than 6 lifetime partners (LTP) were excluded. 

Women tend to under-report total numbers of sexual partners (174). We show results for simulated 

cohorts that only included women with <=6 LTP at baseline, but as a sensitivity analysis we also show 

results for cohorts without this exclusion criteria. To compare results to (66), we match distribution of 

the reported LTP in the RCT by ensuring that 75% of women enrolled in the simulated cohorts had 

fewer than 6 LTP. For older women, the under-reporting of LTP may be subject to not only social 

desirability bias, but also recall bias and therefore we also show results for simulated cohorts with no 

exclusion based on LTP. In our setting, with much higher HIV prevalence than in the vaccine RCT 

settings, the women with the highest numbers of partners are mostly excluded based on HIV-positive 

status.   

We do not explicitly model HPV seropositivity, but consider two scenarios to approximate the effect 

of excluding women based on positive serostatus: 1) all women in the naturally immune stage are 

seropositive or 2), in addition, half of women in the latently infected stage are seropositive. There is an 

association between seropositivity and viral load (156), and since latent infections are undetectable, 

women in the latently infected stage are less likely to be seropositive. 
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4.3.2 Long-term impact of vaccination 
The sample of 500 parameter combinations from the posterior distributions are also used to simulate 

HPV infection up to 2045. Since 2014, the bivalent vaccine that protects against HPV types 16 and 18 

has been administered in a two-dose schedule to 9-year-old girls at public schools in South Africa. We 

estimate the reduction in population level HPV-16 and -18 prevalence relative to the counterfactual in 

which there is no vaccination. Estimates are obtained assuming 100% of vaccinated women obtain 

lifelong protection against incident infection. Efficacy is assumed to be the same after HIV 

seroconversion. Vaccination uptake is assumed to have been 90% since 2014 (42,175) and to stay 

constant until 2045.  

 

4.4 Results 
 

The six model structures all fit well to type specific prevalence data (Figures C 3-4) and the age 

patterns of overall HPV prevalence are consistent with data (Figure C 5).  The standard deviation of 

the parameter quantifying between-study variability is largest for Model 2, which may indicate worse 

fit than the other models (Tables C 1-3).  

 

4.4.1 Vaccine effectiveness 
Vaccine effectiveness for simulated RCTs of women aged 15-25, using the six model structures 

described in Table 1 is shown in Table 2. In the models that allowed for latency, vaccine effectiveness 

is estimated to be higher when excluding HPV-seropositive individuals (n-TVC analysis) than when 

including seropositive individuals (m-TVC analysis), with the difference being particularly substantial 

if women with higher numbers of partners are not excluded. This is consistent with the observations of 

Kreimer et al (66). In contrast, Models 2 and 3 (which assume no or little HPV reactivation) estimate 

little change in effectiveness associated with different exclusion criteria. Models 2 and 3 are more 

consistent with observed vaccine effectiveness when assuming 95% prophylactic take efficacy than 

when assuming 100% prophylactic take efficacy; in the other models, either assumption could be 

consistent with observed effectiveness, depending on the extent to which high-risk women are 

excluded. In this analysis, only women who become HIV-positive during the simulated trials 

contribute to reactivation in Model 3, and therefore results of Models 2 and 3 are very similar. This 

would not be the case if HIV-positive women were included in the simulated RCTs. 
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Table 2 - Vaccine effectiveness against persistent HPV 16 or 18 infection among women aged 

15-25. Mean effectiveness among the 500 simulated trials is shown, along with the 2.5th and 

97.5th percentiles.  

  <=6 Lifetime partners No limit on number of lifetime partners 

 
m-TVC n-TVC* n-TVC** m-TVC n-TVC* n-TVC** 

Kreimer (66) 89.1 (86.8;91.0) 93.6 (91.2;95.5) 93.6 (91.2;95.5) 89.1 (86.8;91.0) 93.6 (91.2;95.5) 93.6 (91.2;95.5) 

Harper (173)  96.0 (75.2;99.9) 96.0 (75.2;99.9)  96.0 (75.2;99.9) 96.0 (75.2;99.9) 

100% prophylactic efficacy against HPV16/18 infection 

Model 1 95.9 (90.1;99.3) 97.2 (91.7;100) 98.5 (94.6;100) 86 (72.5;95) 90 (78.3;97.7) 94.4 (86.2;99.2) 

Model 2 100 (100;100) 100 (100;100) 100 (100;100) 100 (100;100) 100 (100;100) 100 (100;100) 

Model 3 99.7 (98.4;100) 99.9 (99;100) 100 (99.1;100) 98 (95;100) 99 (96.6;100) 99.5 (97.9;100) 

Model 4 95.5 (89.1;99.3) 97 (91.7;100) 98.6 (95;100) 84.9 (71.2;95.8) 89.2 (76.7;97.5) 93.9 (85.6;99.2) 

Model 5 95.4 (90.3;98.8) 96.8 (93.1;99.5) 98.4 (95.7;100) 84.3 (73.0;92.0) 88.3 (78.6;94.8) 93.4 (87.1;97.7) 

Model 6 95.7 (90;99.2) 97 (92.2;100) 98.4 (95.1;100) 85.6 (75.7;92.9) 88.8 (79.5;95.7) 93.7 (87.2;98.5) 

95% prophylactic efficacy against HPV16/18 infection 

Model 1 91.3 (85.4;96.5) 92.6 (86.5;98) 93.9 (88.5;98.3) 81.9 (68.6;91.4) 85.7 (74.8;94.2) 89.9 (82.1;96.3) 

Model 2 95.5 (91.1;98.8) 95.5 (90.8;99.2) 95.5 (90.8;99.2) 95.4 (92.5;97.9) 95.4 (90.7;98.9) 95.4 (90.7;98.9) 

Model 3 95 (90.8;98.4) 95.2 (90.5;99) 95.3 (90.5;99) 93.5 (89.3;96.7) 94.4 (89.8;98.2) 94.8 (90.3;98.4) 

Model 4 91 (83.3;96.7) 92.4 (85.1;97.5) 93.9 (87.7;98.4) 81 (67.5;91.4) 84.9 (72.4;94) 89.4 (79.6;96) 

Model 5 90.9 (85.3;95.2) 92.4 (87.2;96.4) 93.8 (89.6;97.0) 80.4 (70.0;88.7) 84.1 (74.7;91.6) 89.0 (82.1;94.2) 

Model 6 91.1 (84.5;96.2) 92.4 (85.1;97.2) 93.8 (88.2;98.1) 81.5 (71;89.5) 84.6 (74.4;92.2) 89.3 (82.2;95.6) 

m-TVC – In the modified total vaccinated cohort, women who were HPV16/18 DNA positive at enrolment were excluded. 

n-TVC – In the naïve TVC, women who were HPV16/18 seropositive or DNA positive with any oncogenic type were 

excluded. 

* Only women in the immune stage are seropositive. 

** In addition, 50% of women in the latent stage are seropositive. 

 

Table 3 shows the simulated vaccine effectiveness when the vaccine is provided to women aged 25 

and older. On average, estimates from Models 1 and 4-6 compare well to RCT estimates when 

simulated data match RCT data based on LTP distribution, for both the TVC and n-TVC if it is 

assumed that there is significant seropositivity during latent HPV infection. Confidence intervals 

around model estimates are wide due to very few incident cases in this low risk population. When all 

women are included in simulated cohorts, regardless of LTP, model estimates of effectiveness are 

lower. Wide confidence intervals around model and RCT estimates make it difficult to identify the 

model structures that are most consistent with the RCT data. Nevertheless, Model 2 produces higher 

levels of effectiveness than observed in RCTs (74), and only when an efficacy of 80% is assumed does 

Model 2 match the observed effectiveness in the RCT (results not shown). A sensitivity analysis of the 

robustness of the results in Tables 2 and 3 to changes in the natural history – from simulating only 

HPV infection to simulating both HPV and cervical disease – is shown in Appendix C.6. 
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Table 3 - Vaccine effectiveness against persistent HPV 16 or 18 infection among women aged 

25 and older. Mean effectiveness among the 500 simulated trials is shown, along with the 

2.5th and 97.5th percentiles.  

  Matching LTP distribution No limit on number of LTP 

  TVC n-TVC* n-TVC** TVC n-TVC* n-TVC** 

Skinner 

(74) 
47.0 (25.4;62.7) 82.9 (53.8;95.1) 82.9 (53.8;95.1) 47.0 (25.4;62.7) 82.9 (53.8;95.1) 82.9 (53.8;95.1) 

100% prophylactic efficacy against HPV16/18 

1 48.4 (-16.2;88.2) 56.3 (-21.4;100) 72.4 (-5.3;100) 40.2 (13.4;66.3) 46.9 (14.0;78.1) 62.6 (22.6;88.1) 

2 80.2 (21.4;100) 100 (100;100) 100 (100;100) 76.3 (57.2;90.3) 100 (100;100) 100 (100;100) 

3 77.5 (3.1;100) 95.2 (51.8;100) 98.4 (73.7;100) 70.6 (47.9;87.0) 91.0 (71.1;100) 95.7 (81.2;100) 

4 44.6 (-40.8;91.9) 52.1 (-32.9;100) 69.3 (-28.3;100) 34.7 (5.1;65.3) 40.7 (5.0;76.1) 57.2 (20.0;86.4) 

5 47 (-17.3;90.7) 55.3 (-19.6;100) 70.7 (-13.6;100) 33.4 (4.5;58.5) 40.0 (8.7;68.0) 58.4 (19.5;86.4) 

6 46.6 (-25.5;90.1) 53.8 (-21;100) 71.1 (-18.3;100) 34.9 (6.4;60.8) 35.7 (0.6;63.4) 54.3 (15.7;84.5) 

95% prophylactic efficacy against HPV16/18 

1 46.4 (-19.1;87.6) 53.5 (-24.5;100) 68.6 (-16.3;100) 38.4 (12.2;64.7) 44.8 (11.5;74.1) 59.7 (18.5;85.3) 

2 76.8 (18.9;100) 95.9 (63.4;100) 95.9 (63.4;100) 73.0 (54.1;87.6) 95.6 (86.2;100) 95.6 (86.2;100) 

3 74.7 (-3.9;100) 91.5 (42.5;100) 94.4 (52.5;100) 67.2 (43.1;84.3) 86.6 (65.9;100) 91.0 (71.4;100) 

4 42.9 (-41.4;91.6) 50 (-34.2;100) 67.4 (-26;100) 33.2 (4.0;62.4) 39.1 (2.3;73.5) 54.7 (14.4;84.6) 

5 44.5 (-21.2;88.3) 52.2 (-22;100) 67.4 (-20.8;100) 31.9 (3.0;56.9) 38.1 (7.6;66.6) 55.7 (16.9;83.6) 

6 44.4 (-28.9;90) 51.1 (-23.8;100) 67.8 (-23.9;100) 33.4 (6.4;59.7) 34.1 (0.5;63.2) 51.7 (11.1;83.1) 

TVC – In the total vaccinated cohort, women with prevalent infection or seropositive to HPV16/18 were not excluded. 

n-TVC – In the naïve TVC, women with prevalent infection or seropositive to HPV16/18 were excluded. 

* Only women in the immune stage are seropositive. 

** In addition, 50% of women in the latent stage are seropositive. 

 

4.4.2 Long-term impact of vaccination 
The six different HPV natural history structures estimate similar mean HPV-16 and -18 prevalence for 

males and females aged 15 or older in 2014, the year that vaccination is initiated in girls aged 9 (Table 

C 4).  All six model structures predict significant reduction in HPV16/18 prevalence by 2045, but with 

marked differences between structures with and without latency (Figure 7). Model 1 predicts 66.5% 

(95% CI 52.5-83.3%) and 63.3% (48.5-86.1%) reduction in HPV-16 and -18 prevalence respectively. 

The model without any latency (Model 2) predicts much greater reduction in HPV-16 and -18 

prevalence by 2045 (88.0% (77.4-96.5%) and 89.9% (73.2-100%) respectively). HPV16/18 prevalence 

also reduces substantially for men, through herd immunity. Although reductions in men are lower than 

for females and estimates have more uncertainty, reductions predicted for both men and women by the 

model without latency are ~25% greater than reductions predicted by the models with latency (Figure 

7). For men and women, reductions in prevalence for models 1, 5 and 6 are very similar, indicating 

that different structures for natural immunity do not play an important role in predicting the long-term 

impact of vaccines. These results are based on the assumption that all vaccinated women experience 
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lifelong protection against HPV acquisition. Results for three alternative assumptions are shown in 

Appendix C (Figures C 6-8). 

 

Figure 7 - Mean percentage reduction in HPV16/18 prevalence in 2045 for individuals aged 15+ with 

prophylactic vaccine efficacy of 100%. Vaccination coverage of girls aged 9 is assumed constant 

between 2014 and 2045 at 90%. 

 

4.5 Discussion 
 

In this study we consider six different models of HPV natural history that differ in terms of 

assumptions regarding natural immunity to re-infection and reactivation of latent infection after HPV-

DNA is no longer detectable.  In simulated RCTs, vaccine effectiveness against persistent HPV16/18 

infection is compared to estimates from RCTs.  Among young women, the model without latency fails 

to match the relative difference in effectiveness when applying different DNA- and seropositivity 

exclusion criteria. In this model structure, all vaccinated women are equally protected against new 

detection of HPV16/18 and the additional exclusion of seropositive women and women who are DNA 

positive with other oncogenic HPV types reduces the number of cases and number exposed equally. In 

the model structures that include reactivation of latent infection, the higher risk women are more likely 

to have latent HPV16/18 infections. Reactivated infections will lead to vaccine effectiveness that is 

less than prophylactic vaccine efficacy, but the stricter the trial exclusion criteria are in excluding 
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higher-risk women and women with prior/current infection, the smaller the difference between 

effectiveness and efficacy is likely to be.  

For older women, the model without latency overestimates vaccine effectiveness. When no latency is 

assumed, simulated vaccine effectiveness is the same in younger and older women, in contrast to 

RCTs, which estimate a ~10% difference in effectiveness (66,74,173). This observed age difference in 

vaccine effectiveness can only be matched by Model 2 if it is assumed that prophylactic vaccine 

efficacy is lower in older women than in younger women. Although various factors may influence 

vaccine induced immunity, antibody titre data suggest similar efficacy in vaccinated women in 

different age groups (66,74,173). In the model structures that allow for reactivation of latent infection 

of all women, cases resulting from reactivation lead to vaccine effectiveness that better matches data.  

In the analyses restricted to lower risk women, assumptions about natural immunity against re-

infection did not have a clear impact on vaccine effectiveness. Assumptions about natural immunity 

also do not seem to play an important role in the long-term impact of vaccination on HPV16/18 

prevalence. For both men and women, there is a ~25% difference in HPV prevalence in 2045 between 

Model 1 and Model 2. Latency and reactivation effectively increase the average duration of detectable 

HPV infection, which means that it takes longer for the vaccine to reduce the prevalence of HPV in 

Model 1 than in Model 2. We show impact on HPV prevalence for all ages (15+), as this will be a 

relevant predictor of cervical disease in 2045. In sensitivity analyses, we change assumptions about 

duration and degree of vaccine efficacy (Figures C 6-8). Although absolute values of estimates 

change, the substantial differences between estimates from Models 1 and 2 remain. 

The results of this study could be generalizable to other settings. Although we compare results from 

models calibrated to South African data to results from RCTs performed in very different contexts, we 

do exclude women at baseline based on positive HIV status. Cost-effectiveness models of HPV-

FASTER (strategies involving HPV testing and vaccinating women of all ages as cervical cancer 

prevention (176)) should consider the potential impact of reactivation of latent infections in the natural 

history assumptions. 

The study has limitations. We do not explicitly include serostatus in the natural history of HPV and 

make crude assumptions about serostatus in this analysis to illustrate the effects of applying different 

exclusion criteria. A difference of ~25% reduction in HPV burden between Models 1 and 2 does not 

directly imply ~25% difference in cervical cancer reduction, but one would expect that model 

predictions of reduction in cervical cancer would also differ substantially if latency is allowed for or 

not. For a given model structure, parameter uncertainty leads to wide confidence intervals for model 

estimates and the confidence intervals around RCT point estimates are wide. This makes it difficult to 

judge which models are most consistent with the RCT data.  

Although there is a growing body of evidence that HPV infections can become undetectable and 

reactivate to detectable levels, it is unknown whether reactivated infections in immunocompetent 



Chapter 4 
 

50 

women are likely to persist to be of clinical significance (177). In our model, reactivated infections are 

assumed to be as likely to persist at detectable levels as new infections. However, our estimated mean 

durations of latency are more than 15 years and therefore we do not simulate reactivation of 

intermittently detectable infections, but only reactivations that could be of clinical significance. There 

is great uncertainty in this duration of latency, since there is no data to inform the parameter. Long-

term follow-up of cohorts such as those in (160–163), with viral load and sexual behaviour monitoring 

at regular intervals, could help inform this parameter.  

 

4.6 Conclusion 
 

This study argues that HPV natural history model structures that do not include reactivation of latent 

infections may not match the bivalent HPV vaccine effectiveness estimated in RCTs (which included 

sexually experienced women) as well as model structures that do include reactivation of latent 

infections. The choice of model structure also influences the predicted impact of HPV vaccination of 

sexually naïve women on HPV16/18 prevalence. Models that do not include a stage for latent HPV 

infection, and models in which only the infections of HIV-positive individuals can reactivate, may 

overestimate the long-term impact of HPV vaccination. Models that allow for latency may predict a 

slower decline in cervical cancer incidence, which underscores the importance of ongoing screening 

programmes in addressing comprehensive prevention of cervical cancer. 
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5.1 Abstract 

 
Background: South Africa has had a national cervical cancer screening programme since 2000. 

Monitoring and evaluation of this programme are challenging, since the records of clients accessing 

public health care do not include a unique patient identifier. The reported coverage of Pap smear 

screening is biased since both the numerator (counts of screens) and denominator (targeted population) 

are overestimated. The fraction of those screened who receive treatment is unknown, since there is no 

routine reporting of linkage of referrals to colposcopy clinics. 

Methods: In the Western Cape, a unique health identifier or patient master index (PMI) is used in 

electronic record keeping in public healthcare facilities. This identifier enables linkage across several 

surveillance databases and research into aspects of the CC prevention care cascade at the individual 

level. We demonstrate how this data can be used to estimate screening coverage, screening intervals 

and colposcopy clinic attendance in the public sector of the Western Cape. Since the identifier also 

enables linkage of information regarding HIV testing and care, we can estimate these indicators 

according to HIV status. We calculate screening coverage as the number of unique women screened in 

the last 10 years (or 3 years for HIV-positive women), divided by the average population of women 

older than 30 who do not have health insurance in the middle of the given year.  

Findings: We find overall screening coverage in the Western Cape to be higher than the estimates 

based on unlinked, aggregated data reported by the National Department of Health – around 69% in 

2018 vs. the reported 56%. Coverage of 3-yearly screening among ART experienced women was 56% 

in 2018. The screening schedule of once in 10 years for HIV-negative women and once in 3 years for 

HIV-positive women is not adhered to – 1 in 5 HIV-negative women return for another routine screen 

within 3 years, but on average return after 15.5 years. The average time between screens for ART 

experienced women is 8.6 years. 54% of HIV-negative women, 38% of HIV-positive and ART naïve 

women, and 44.2% of ART experienced women attended colposcopy clinics within two years of 

receiving an indicative smear in 2017.  

Conclusions: Cervical cancer prevention in the public sector of the Western Cape does not meet the 

90-70-90 targets as proposed by the WHO’s cervical cancer elimination strategy. Although around 

90% of pre-adolescent girls who attend public schools get vaccinated and around 70% of women get 

screened at the appropriate times, only ~50% of women had evidence of accessing colposcopy 

services from 2016. This study shows the crucial importance of a unique health identifier to improve 

patient-level care and to monitor and evaluate implementation of prevention strategies and progress 

toward the 90-70-90 elimination targets.  
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5.2 Introduction 
 

Despite major advancements in cervical cancer (CC) prevention the last two decades, more than half a 

million new cases occurred worldwide in 2018 (178). Lower- and middle-income countries (LMICs) 

bear the brunt of this burden, with 90% of cervical cancer deaths occurring in LMIC. To eliminate CC 

as a public health problem, WHO has set 90-70-90 targets for cancer prevention: By 2030, 90% of 

girls should be vaccinated against HPV by age 15; 70% of women should get screened at least twice 

and 90% of those with cervical disease should receive appropriate treatment. Most LMICs do not have 

nationwide screening programmes and among those that do, few have surveillance systems in place to 

monitor and evaluate their programmes. In particular, the use of a unique health identifier is not 

common, which makes linkage of patient-level data difficult (179). 

The South African National Department of Health has identified CC as a major public health concern 

and introduced primary (HPV vaccination) and secondary (screening) prevention programmes to 

address the burden (34). Around 90% of pre-adolescent girls who attend public schools get vaccinated 

every year since 2014 (42), which translates to around 80% of all girls in the target age (43). However, 

the lack of a unique health identifier makes it difficult at a national surveillance level to quantify 

uptake of screening and access to appropriate treatment following an indicative screen result.  

According to the national screening policy available since 2000, asymptomatic women should be 

screened by Pap smear at age thirty and at ten-yearly intervals following normal results (180). 

Cytology data from the National Health Laboratory Service (NHLS) are aggregated and screening 

coverage gets published in the annual District Health Barometer (DHB) (181). This indicator is 

defined as the total number of Pap smears performed in the public sector in a given year (excluding 

repeat or diagnostic smears) divided by a tenth of the population of women aged 30 and older. At 

national level, this indicator has increased from 3.6% in 2000 to 65.1% in 2018 (35).  

The 2000 screening policy provided no guidelines for screening HIV-positive women, but the South 

African HIV guidelines released in 2010 (182) recommended a Pap smear for all HIV-positive women 

immediately after diagnosis and at three-yearly intervals thereafter. This policy has not been fully 

implemented, since increases in Pap smear numbers do not reflect the numbers of women newly 

diagnosed with HIV (183,184). In addition, HIV status is not well captured on the NHLS cytology 

form, and the aggregated data do not reflect HIV status, which has made it impossible to disaggregate 

screening coverage by HIV status. 

The cervical cancer screening coverage estimated using aggregated data is therefore biased in the 

following ways: 1) the same HIV-positive women can be counted 3 times in a ten-year interval and 

could be younger than 30 years; 2) due to the lack of an unique identifier, it is impossible to assess 

policy adherence and some women may be screened more than once in 10 years; and 3) only public 
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sector Pap smears are counted, but the entire population older than 30 (public and private healthcare 

users) is used as the denominator in calculating coverage.  

Two nationally representative studies have estimated screening coverage, defined as the fraction of 

women older than 30 who reported receiving a Pap smear within the last 10 years (185,186). Although 

self-reported data may also suffer from bias (187), these studies’ coverage estimates of 41.6% in 2012 

and 40.9% in 2016 are substantially different from the NHLS estimates for these two periods: 52% in 

2012 and 63.6% in 2016 (35). 

There is no systematic routine reporting on the third WHO target - linkage of referrals to pre-cancer or 

cancer treatment facilities - since this requires an information system with capacity to follow 

individuals. The only published estimates are based on research studies of linkage to pre-cancer 

treatment facilities. Proportions of women accessing colposcopy clinics following a cytological high-

grade pre-cancerous lesion diagnosis ranged from as low as 28% in Johannesburg in 2007 to 50-63% 

across a range of rural and urban sites in the Eastern and Western Cape between 2003 and 2009 (36–

39).  

In the Western Cape, a unique health identifier or patient master index (PMI) is used in electronic 

record keeping in public healthcare facilities. This identifier enables linkage across several 

surveillance databases and allows healthcare providers to access linked named data of the specific 

patients who consult them, thereby improving patient-level care. It also allows research into aspects of 

the CC prevention care cascade at the individual level. In this study, we demonstrate how this data can 

be used to estimate screening coverage, adherence to screening schedules and colposcopy clinic 

attendance in the public sector of the Western Cape. 

 

5.3 Methods 
 

5.3.1 Data sources 
The establishment, approach and data sources of the Western Cape Provincial Health Data Centre 

(PHDC) are described in detail elsewhere (188). The main aim of the PHDC is to inform patient-level 

care, but the platform also provides data at the individual or population level for operational, 

surveillance and research purposes.  For this study, we accessed anonymised individual-level inferred 

screening and colposcopy episodes generated by the PHDC. We obtained ethical approval to perform 

this study from the University of Cape Town’s Faculty of Health Sciences Human Research Ethics 

Committee (260/2016). 

Data are available from 1 January 2007, when primary care clinics started implementing PMI. To be 

consistent with other government reports, we report on the financial years 2007/08 up to 2018/2019, 

i.e., for the period 1 April 2007 to 31 March 2019.   
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Individual-level screening episodes are defined by Pap smears submitted to the NHLS. The Pap 

smears are linked to the hospital database using the unique identifier, to obtain evidence that the 

women who required colposcopy services attended these facilities. Evidence includes diagnosis, 

procedure, ward, or clinic codes associated with colposcopy services. HIV and ART experience at the 

time of each Pap smear are inferred by linking the dates of testing, CD4 counts and viral load 

measurements from NHLS and dates of treatment initiation from the electronic ART register. Data 

received from NHLS for some screening episodes did not contain enough information to be linked to a 

unique PMI and as a result, these smears could not be linked to evidence of attending colposcopy or 

HIV services. The fraction of Pap smear reports that could not be linked to PMI decreased from 12.4% 

in 2007/08 to 1.3% in 2018/19. The PHDC has not been able to link individuals to the vital registration 

system, therefore we do not know whether women who were lost to follow-up, have died. 

For this study, we use the Thembisa model (189) to obtain estimates of the female population of the 

Western Cape (the denominators of our coverage calculations). This model is the official source of 

South African HIV estimates used by UNAIDS, and is also a source of demographic estimates 

(Appendix D.2). Using this model, we can estimate the number of HIV-negative and positive women 

at each age, separate the HIV-positive group into women who are and are not yet receiving any care, 

and further separate the women who are receiving care according to ART experience.  The HIV status 

of each woman receiving a Pap smear is linked on the basis of accessing HIV services, and we assume 

that a woman will receive care after HIV diagnosis in the form of CD4 or VL measurements. We 

assign an HIV status at the time of a given Pap smear to a woman as one of three categories: 1) HIV-

negative or unknown status – this group corresponds to HIV-negative or HIV-positive, but 

undiagnosed in the Thembisa model; 2) HIV-positive, but ART-naïve - this group corresponds to 

those diagnosed, but ART-naïve in Thembisa; and 3) HIV-positive and ART-experienced. We do not 

consider periods of ART interruption in this analysis.  

 

5.3.2 Screening coverage 
We define cervical cancer screening coverage in the same way as in the national HSRC and DHS 

surveys and as reported in high income countries (88): the fraction of unique women older than 30 

who were screened in the last 10 years. However, the Western Cape has experienced substantial 

growth in this population (on average 2.5% between 2007 and 2018 (189)) and for this reason we use 

the average population of women older than 30 during the preceding 10 years as the denominator. We 

only show estimates for 2016/17, 2017/18 and 2018/19, since we do not have historical data before 

2007/8. To be consistent with the DHB estimate of coverage, we use the estimate of the entire WC 

population older than 30, but then also subtract from this denominator the fraction of women who are 

covered by medical aid to estimate coverage of the population of women using the public sector. 

Around thirty percent of women aged 30 and older participating in the annual Statistics South Africa 

General Household Survey reported to be on medical aid since 2010 (190). In the 2016 DHS, this 
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fraction was also 30% (186). Using the same logic, we calculate age-specific screening coverage and 

adjust for age-specific medical aid coverage during the last 10 years (Table D.2). 

We assume that all the women with smears that could not be mapped to a PMI did not have a smear 

with a PMI at a later stage, and we count each of them based on the IDs that NHLS assigned to them. 

As a sensitivity analysis, we calculate coverage for the scenario that all these women received a Pap 

smear with a PMI at a later time in the given interval and therefore do not contribute to the numerator. 

For HIV-positive women, we can estimate coverage – based on 3-yearly intervals – from 2009/10 to 

2018/19. For women aged 15 or older, we count the number of unique women who received a Pap 

smear in the preceding 3 years and divide by the diagnosed HIV-positive population, as estimated in 

the Thembisa model. The fraction of women who receive HIV care in the private sector (189) is 

subtracted from the denominator and we separate results according to ART status. With the rapid roll-

out of ART during this period, HIV sub-populations changed substantially over a period of three 

years. Therefore, we use the average of the preceding three years as the denominator.  

To illustrate the first two sources of bias in the DHB estimate of cervical cancer screening coverage 

described earlier, we show the distribution of screening intervals by HIV status. We use the subset of 

women who received Normal cytological results – these women should ideally return 10 years later if 

HIV-negative and 3 years later if HIV-positive. We only include women whose subsequent screen is 

routine (i.e., not symptomatic). The subset of women screened in 2007 or 2008 has the longest follow-

up time, so we estimate the median and mean screening interval by performing a parametric survival 

analysis, fitting a Weibull distribution to the proportion of women who have not returned by 𝑥𝑥 years, 

where 𝑥𝑥 goes up to twelve years. We also check for time trends in screening intervals by considering 

the subset of women who received a ‘Normal’ result in 2012 or 2013, although maximum follow up is 

seven years for these women. We exclude the screens of women who were not successfully mapped to 

PMI.  

 

5.3.3 Colposcopy attendance 
As described above, evidence of colposcopy clinic attendance was linked to the cytology database. We 

take the subset of women who received cytological results indicating colposcopy confirmation and 

show proportions accessing appropriate care by 6 months, 1 year, 2 years or thereafter. These results 

are separated according to HIV status. Since smears that have not been mapped to PMI could not be 

linked to other datasets, we exclude these smears from the analysis. 

 

 



Chapter 5 
 

57 

5.4 Results 
 

The total number of Pap smears performed in the public sector of the Western Cape increased from 74 

476 in 2007/08 to 128 988 in 2018/19, an increase of 73% (Table D 1). The total estimated number of 

adult females in the Western Cape increased from 2.1 million to 2.6 million (23%) during the same 

period. The proportion of smears that were performed for diagnostic reasons decreased from 32.1% to 

21.4%, indicating that a greater fraction is performed for routine screening purposes.  

 

5.4.1 Screening coverage 
During the 10-year interval 1 April 2007 to 31 March 2017, 692,830 unique women aged older than 

30 in 2016/17 received Pap smears in the public sector of the Western Cape (Table 4). If we divide 

this number by the average total population of females aged 30 and older in the 10 years preceding 

2016/17, estimated coverage is 47.5%. However, if we subtract the women believed to access private 

sector healthcare from the denominator, our estimate of public sector coverage increases to 66.5%. 

This estimate slightly increases to 68.4% in 2017/18 and 68.9% in 2018/19.    

If we exclude smears that could not be linked to PMI from the numerator, our estimates of coverage 

are 61.5% in 2016/17, 63.9% in 2017/18 and 65.1% in 2018/19. 

During the 3-year interval 1 April 2007 to 31 March 2010, 48,137 or 54% of all diagnosed HIV-

positive adult women received a Pap smear (Table 5). This coverage increased to 55.7% in 2018/19. 

Coverage among those diagnosed, but ART-naïve decreased from 64.1% in 2009/10 to 33.6% in 

2018/9. Coverage among those ART-experienced increased from 40.3% in 2009/10 to 63.5% in 

2018/19. 

 

5.4.2 Screening intervals 
When considering all smears, we see that roughly 1 in 5 women return for a routine screen within 3 

years (18.6%) and 1 in 3 within five years (29.4%). This finding seems to be consistent over time, as 

illustrated in Figure 8 A). Screening intervals for HIV-negative women or women with unknown HIV 

are similar to the overall group. A larger proportion of women who were HIV-positive, ART-naïve at 

the time of the original screen returned within 3 years (27.3%) and 39.3% of ART-experienced women 

returned after three years. Screening behaviour of HIV-positive women changed slightly when 

considering different time-cohorts. The average time between two screens is 15.5 years for women 

with HIV-negative or unknown HIV status, 16.6 years for ART-naïve women and 8.6 years for ART-

experienced women.   
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5.4.3 Colposcopy attendance 
The proportion of smears that require follow-up with colposcopy are roughly 3 times higher among 

untreated HIV-positive and roughly 4 times higher among treated HIV-positive women than among 

women who are HIV-negative or of unknown status (Table 6). In general, the proportion of women 

who attend colposcopy services within 6 months after the indicative Pap smear has increased over 

time, but these proportions remain low, with only a quarter of HIV-positive women attending 

colposcopy services within 6 months in 2017. Although the proportion of women with no evidence of 

any colposcopy attendance has in general decreased over time, these proportions remain high. 

 

Table 4 - Overall screening coverage in the Western Cape 

  2016/17 2017/18 2018/19 

A: Number of unique women screened in 

previous 10 years (NHLS data) 692 830  721 677  740 895  

B: Thembisa average population aged 30+ 

during the last ten years 1459742  1496711      1536023  

Coverage (A/B) 47.5%  48.2%  48.2%  

Proportion of women aged 30+ on medical 

aid (190) 30.0% 30.4% 30.3% 

C: Thembisa average population aged 30+ 

not on medical aid during the last ten years 1042182  1055782  1075406  

Coverage in public sector (A/C) 66.5%  68.4%  68.9%  

SA Health Review estimate (35)  54.9% 57.8% 55.6%  

Coverage by age     

30-40 75.7% 77.4% 78.1% 

40-50 73.6% 75.3% 74.5% 

50-60 64.8% 66.3% 66.5% 

60+ 41.4% 44.4% 46.9% 

 



Chapter 5 
 

59 

Table 5 - Screening coverage among adult diagnosed HIV-positive women, defined as the proportion of these women who received a smear within the 
last three years. 

  2009/10 2010/11 2011/12 2012/13 2013/14 2014/15 2015/16 2016/17 2017/18 2018/19 

All diagnosed HIV-positive                     

Average Thembisa population aged 15+ during the preceding 3 

years, not on medical aid 89076  106051  123798  141497  158370  174347  189609  203840  217487  230275  

Number of unique women screened in last three years 48137 63915 77071 87705 95964 104964 112024  118 173 122747 128363 

Coverage 54.0%  60.3%  62.3%  62.0%  60.6%  60.2%  59.1%  58.0%  56.4%  55.7%  

Diagnosed HIV-positive, not on ART                     

Average Thembisa population aged 15+ during the preceding 3 

years, not on medical aid 57414  61906  65282  67462  67717  66887  65863  63227  57720  52319  

Number of unique women screened in last three years 36805 45876 50814 52035 47960 42451 36739 30961 24 002 17573 

Coverage 64.1%  74.1%  77.8%  77.1%  70.8%  63.5%  55.8%  49.0%  41.6%  33.6%  

HIV-positive, on ART                     

Average Thembisa population aged 15+ during the preceding 3 

years, not on medical aid 31662  44145  58517  74034  90653  107460  123746  140613  159767  177956  

Number of unique women screened in last three years 12756 20269 29362 39422 52161 66552 79046 90 761 101758 112936 

Coverage 40.3%  45.9%  50.2%  53.2%  57.5%  61.9%  63.9%  64.5%  63.7%  63.5%  
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Figure 8 - Screening intervals. Red dots represent the proportion of women with a ‘Normal’ 
result in 2007/08 who have not returned for a routine follow up over time. Grey dots 
represent the same proportions for the 2012/13 cohort. The black line represent the Weibull 
survival function fit through the red dots, with scale and shape parameters below the plot. 
The grey line represents the survival curve that we would have expected to see if screening 
policies were perfectly implemented and adhered to. 

  



Chapter 5 
 

61 
 

Table 6 - Linkage to colposcopy clinics: cumulative proportions of women who attended 
colposcopy clinics following a cytological result indicating confirmatory diagnosis.  

  

All 

smears with 

results 

Number 

requiring 

Colposcopy 

% 

Requiring 

colposcopy 

% who attended colposcopy 

within: 

% with no 

evidence of 

colposcopy 

attendance 
6 months 1 year 2 years 

  HIV-negative or unknown status 

2007 46,882 1,886 4 27.1 31.4 33.3 61.2 

2008 53,233 2,607 4.9 21.9 26.6 28.3 66.7  

2009 59,493 2,908 4.9 21.6 25.9 28.2 66.5 

2010 65,551 2,859 4.4 22.9 27.3 29 65.5 

2011 68,424 2,632 3.8 23.5 28.1 30.1 63.9 

2012 66,458 2,685 4 27.5 32 34.8 60.3 

2013 68,762 2,802 4.1 31.4 37.6 40.9 55.3 

2014 70,662 2,894 4.1 33.3 42.3 45.1 51.7 

2015 71,469 2,849 4 38.7 46.3 49.6 48.4 

2016 79,020 2,863 3.6 42.8 51 53.7 44.9 

2017 74,507 2,676 3.6 41.4 50.4 54.4 45.1 

  HIV-positive, ART-naïve  

2007 8,240 731 8.9 16.5 21 24 68.9 

2008 12,366 1,323 10.7 13.1 16.6 18.9 75 

2009 15,071 2,049 13.6 13.5 17.5 20.8 73.2 

2010 18,883 2,241 11.9 14.3 19 21.7 72.8 

2011 18,975 2,199 11.6 13.1 17.7 20.4 74.2 

2012 17,013 2,001 11.8 17.4 22.1 25.1 70.7 

2013 14,991 1,744 11.6 20.3 25.6 28.6 67.2 

2014 12,915 1,479 11.5 18.9 27.3 30.6 66.1 

2015 11,194 1,191 10.6 21.7 29.9 34.2 62.8 

2016 9,342 896 9.6 29.2 36 40 57.8 

2017 6,221 606 9.7 25.5 34.3 38.4 60.5 

  HIV-positive – ART-experienced 

2007 2,609 351 13.5 28.8 36.5 41.6 53 

2008 4,198 781 18.6 18.2 22.8 24.8 68.8 

2009 6,352 1,288 20.3 19.5 24.4 27.7 66.3 

2010 9,951 1,932 19.4 18.6 23.6 25.9 68.9 

2011 14,286 2,523 17.7 16.9 21.5 24.1 71.1 

2012 17,761 3,226 18.2 19.7 25.2 28.2 67.1 

2013 23,246 4,002 17.2 21.9 28 31 65.5 

2014 30,172 4,700 15.6 18.5 27.6 31.4 65.5 

2015 32,854 4,886 14.9 22 30.5 34.9 62.7 

2016 39,003 4,874 12.5 26.8 37.1 42 55.7 

2017 43,789 5,298 12.1 25.6 38.2 44.2 55.1 
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5.5 Discussion 

 
Cervical cancer screening coverage among women aged 30 and older in the public sector of the 

Western Cape is 68.9% in 2018/19, close to the target of 70% coverage set by the WHO (1) and the 

national screening policy (33). In this study, we define screening coverage in the same way as in many 

high-income countries – the number of unique women screened in the reporting interval, divided by 

the average target population size over the interval (88). The 2016 Demographic and Health Survey 

used the same definition and estimated 62% coverage in the WC (unpublished estimate derived from 

raw data), similar to our estimate of 66.5%. The estimates of coverage from this study of individual-

level data are substantially higher than the estimates from aggregated data (35), driven by the large 

fraction of women older than 30 who receive private healthcare (30% (190)). An advantage of our data 

is that it provides information on the distribution of times between cervical cancer screening visits, 

following a Pap smear with Normal result, which is quite different from the recommended screening 

interval. The high proportions of women returning for a subsequent screen much sooner than the 

recommended interval (Figure 8), confirms that the same women are repeatedly screened, which leads 

to over counting of women in the numerator of the coverage estimate in the DHB.     

Coverage of screening among all HIV-positive women has increased for a while, but there was no 

sharp increase following the release of the HIV guidelines in 2010 that recommended cervical cancer 

screening at HIV diagnosis and at 3-yearly intervals thereafter. The decrease in coverage in diagnosed, 

untreated HIV-positive women and the increase in coverage in treated HIV-positive women are 

striking. This may be explained by the change in ART guidelines – as ART eligibility expanded, the 

diagnosed women who are untreated become a more ‘select’ group (i.e., they remain untreated 

because they prefer to not engage in HIV care, not because they are ineligible for ART). On the other 

hand, women receiving ART regularly engage with the healthcare system and may have more 

opportunity for and knowledge of screening. Despite regular interaction with healthcare, screening 

coverage of women on ART is still low at 63.5% in 2018/19, and the benefits of ART may be offset 

with cervical cancer morbidity and mortality. 

Even at high coverage, a screening programme will have no impact on cervical cancer incidence if 

women with abnormal cytology results do not attend colposcopy clinics to receive confirmation and 

relevant treatment. The fractions of women requiring colposcopy services who have evidence of 

attending these services (based on procedure, diagnosis and ward codes) have slightly increased over 

time, but remain unacceptably low. Results are consistent with a study in the Overberg district that 

showed that 51.3% of women who required colposcopy in 2009 accessed this service (37) and a study 

performed in East London in 2007, in which 51.2% of 864 women accessed colposcopy (38). If 

strategies are not put in place to increase access to colposcopy and treatment for women with 

abnormal Pap smears, gains in screening coverage will be in vain.  
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This study has some limitations. The Western Cape Provincial Health Data Centre was established 

almost two decades ago, but implementation improved incrementally. From 2007, health care facilities 

from primary to tertiary level used the unique patient master index (PMI), enabling linkage between 

sources. However, in 2007, more than a tenth of Pap smears performed could not be linked to a PMI, 

limiting the interpretation of early results in this study. This fraction has reduced to less than 2% in 

2018. The time trends of access to colposcopy service may partly be due to improved data capture and 

linkage to PMI.  Another major limitation of the PHDC is that it is currently not linked to vital 

registration, and we therefore cannot quantify the fraction of loss to follow-up that is attributable to 

death and may over-estimate the numerator of our coverage estimates. In this study, the denominators 

are estimated through modelling and should be interpreted as such. We have assumed that women on 

medical aid do not access public sector screening and that women not on medical aid do not access 

private sector screening, since we lack detailed data on screening in the private sector. The analysis of 

screening intervals may be biased by the fact that we do not account for out-migration (which is 

estimated to be low in the Western Cape (191)) or mortality. This bias may result in under-estimation 

of the fraction that has returned at the appropriate time.  

These results do not necessarily apply to the other provinces of South Africa. The coverage estimate 

published by the SA Health Review (35) was lower than our estimate, due to high medical aid 

coverage. In a province such as Kwazulu-Natal, the sources of bias are very different from the 

Western Cape: HIV prevalence among females (29.5% vs. 12% (189)), ART coverage among females 

(71.6% vs. 59.3% (189)), population growth (average 2.1% vs. 2.5% between 2007 and 2018) and 

medical aid coverage among females older than 30 (15% vs. 30% (190)). Since Kwazulu-Natal has 

more over-counting in the numerator (more HIV-positive women on ART) and less over-counting in 

the denominator (fewer women on medical aid), their SA Health Review estimate of 90.7% is likely to 

be an over-estimate of screening coverage, as opposed to the under-estimate in the Western Cape.  

Cervical cancer prevention in the public sector of the Western Cape does not meet the 90-70-90 targets 

as proposed by WHO (1). Around 90% of pre-adolescent girls who attend public schools get 

vaccinated (42) and almost 70% of women get screened at the appropriate times. However, the area 

that requires the greatest level of improvement surrounds the follow-up of women who receives a Pap 

smear result indicative of colposcopy services. Although the WHO target is 90%, only ~50% of 

referred women had evidence of accessing colposcopy services from 2016. We have no data to assess 

how well the Western Cape – or any part of South Africa – is doing in terms of the second pillar of the 

third target: access to cervical cancer treatment. Access and uptake of screening is better in the 

Western Cape than in the other provinces (185,186) and we expect even lower levels of successful 

cervical cancer prevention in the rest of South Africa. Another major lesson learned from this study is 

that the 10-yearly schedule of routine smears is not adhered to at all, resulting in over-screening of 

some women and therefore misallocation of scarce resources. This study shows the crucial importance 
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of a unique health identifier to improve patient-level care and to monitor and evaluate implementation 

of prevention strategies and progress toward the 90-70-90 elimination targets. 
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6.1 Abstract 
 

Background: In 2019, the World Health Organisation called for the elimination of cervical cancer as 

a public health concern. In South Africa, despite having a national screening policy in place since 

2000, diagnosed cervical cancer incidence has shown no signs of decline. This study quantifies the 

impact of the HPV vaccination programme on cervical cancer incidence using a mathematical model, 

and estimates the impact of scaling up current cancer prevention strategies, as well as proposed 

alternative strategies.  

Methods: We extend a previously developed individual-based model for HIV and HPV infection to 

include progression to cervical cancer. The model accounts for future reductions in HIV incidence and 

prevalence and includes a detailed cervical cancer screening algorithm, based on individual-level data 

from the public health sector of the Western Cape. The WHO’s suggested strategy to achieve 

elimination involves vaccinating 90% of pre-adolescent girls against HPV, screening 70% of women 

for pre-cancer and treating 90% of women with pre-cancer by 2030 (the 90-70-90 targets). We use the 

calibrated and validated model to estimate the impact of current prevention on cervical cancer 

incidence in the next century, and we estimate the impact of scaling up current prevention to meet the 

90-70-90 targets.  

Findings: The model matches stable trends in diagnosed cervical cancer incidence in South Africa, 

but it estimates increases in cervical cancer incidence over the last number of years, as a result of the 

ART programme, which will result in sharp increases in diagnoses. The screening programme 

prevented 8,600 (95% CI 4,700-12,300) cervical cancer cases between 2000 and 2019. At current 

levels of screening and vaccination (status quo), age-standardised cervical cancer incidence will 

reduce from 49.4 per 100,000 women (95% CI 36.6-67.2) in 2020, to 11.7 per 100,000 women (95% 

CI 7.8 – 16.8) in 2120. Scaling-up our current programme to meet the WHO’s 90-70-90 targets by 

2030 will prevent around 70,000 additional cancer cases by 2040 and 360,000 cases by 2120, 

compared to the status quo.   

 

Conclusions: Decreasing HIV prevalence and HPV vaccination will substantially reduce cervical 

cancer incidence in the long term, but improvements in South Africa’s current screening strategy will 

be required to prevent cases in the short term. Switching to new screening technologies and test-and-

treat strategies will have the greatest impact. 
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6.2 Introduction 
 

In 2019, the World Health Organisation (WHO) called for the elimination of cervical cancer as a 

public health concern (1). Despite very simple and effective screening methods being available, more 

than half a million new cases and 300,000 deaths were reported globally in 2018. Lower- and middle-

income countries are carrying the highest burden, with 90% of deaths occurring in these settings.  In 

Africa, it was the second most common cancer, and the leading cause of cancer death in 2018 (2). For 

South Africa, the WHO’s International Agency for Research in Cancer (IARC), estimated an age-

standardised cervical cancer incidence of 43.5 per 100,000 women in 2018 – more than three times the 

global estimate of 13.1 per 100,000, but similar to estimates for Southern Africa (43.1) and Eastern 

Africa (40.1) (2). 

In high-income countries, cervical cancer incidence rates have plummeted following implementation 

and broad coverage of screening programmes, with some countries being close to elimination (less 

than 4 incident cases per 100,000 women per year is the commonly used definition of elimination) (1). 

Despite the introduction of a national screening strategy in 2000, the South African National Cancer 

Registry (NCR) has shown no decline in pathology diagnosed cervical cancer (24,41). Slow uptake of 

screening and low levels of linkage to colposcopy clinics may explain this slow decline (Chapter 5). 

Another reason may be that HIV-positive women, who have high rates of HPV and cervical pre-

cancer, have longer life expectancy due to increases in anti-retroviral therapy (ART) coverage (41).  A 

recent analysis of women on ART enrolled in South African cohorts, estimated a cervical cancer 

incidence of 447 per 100,000 person years (23). 

Since 2014, girls aged 9 in public schools in South Africa have been vaccinated using the bivalent 

HPV vaccine, administered in two doses. Initial first-dose coverage was 86.6% of girls in the target 

group (42), and has remained around 80% since (192). However, due to the long delay between HPV 

infection and progression to cervical cancer, the impact that vaccination will have on cancer incidence 

will be negligible in the near future, and mathematical modelling studies are crucial to quantify the 

expected long-term impact. In the South African context, HPV vaccination modelling studies initially 

focused on cost-effectiveness, but were not dynamic and therefore did not consider the impact of herd 

immunity (119,121). One model that dynamically simulated both HIV and HPV has estimated the 

epidemiological impact of the nonavalent vaccine in Kwazulu-Natal (44). Assuming 90% coverage 

and 80% lifelong efficacy of one dose, the authors estimated that cervical cancer incidence will reduce 

by 74% by 2070. No published model has estimated the long-term impact of current intervention 

strategies on cervical cancer incidence in South Africa at a national level.  

This study extends an individual-based model of HIV and HPV infection in South Africa to include 

progression to cervical cancer (144,172,193). We use this simulation model to estimate cervical cancer 

incidence over time, and assess the impact that current prevention (vaccination and screening) has had 
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and will have in the future. The core of the WHO’s cervical cancer elimination strategy involves: 1) 

increasing HPV vaccination coverage to 90%, 2) increasing screening coverage to 70% and 3) 

increasing treatment of women with cervical disease to 90% by 2030 – the 90-70-90 targets (1).  We 

show projected impact of scaling up our current vaccination, screening and treatment programme to 

meet these targets, as well as the impact of alternative vaccination and screening scenarios as 

presented in the South African screening policy (34) and those proposed by the WHO’s cervical 

cancer elimination strategy (1,11).  

 

6.3 Methods 
 

6.3.1 HPV natural history 
In a previous study, MicroCOSM (version 1) was developed to simulate individuals who represent the 

South African population by age and sex over time, their sexual activities, and infection with HIV and 

other sexually transmitted infections (144). MicroCOSM was then extended to include infection with 

13 high-risk HPV types and progression to cervical cancer. The HPV natural history structure in this 

model is illustrated in Figure 9. The structure of stages representing HPV infection in males and 

females (shaded in green) was established in a previous study that showed this model structure (which 

includes latent infection and reactivation) fits better to HPV type-specific data during calibration, and 

to vaccine trial results (Chapter 4). HPV duration and rates of reactivation of latent infection are 

dependent on HIV stage, and HPV types are simulated independently of each other.  

This study extends the natural history of HPV infection to include cervical disease stages among the 

female population. Women can progress from HPV infection through 3 pre-cancer stages to cervical 

cancer. Women can naturally regress from the first two pre-cancer stages (CIN1/2), but not from the 

third. A fraction of women who regress from lower grade lesions will remain HPV infected, while the 

rest will either become naturally immune or latently infected. In the model, women move directly back 

to either susceptible or infected after treatment of abnormalities following screening (red dotted lines 

in Figure 9). Rates of progression and regression are dependent on age, HIV and ART status, but HIV 

status does not influence transmission probabilities for HPV infection (172). Details about these 

parameters are shown in Appendix A.6 and A.7. 

The objective of this study is to estimate incidence of cervical cancer in South Africa. The NCR 

defines incident cancers as first-time diagnosis per anatomical site (194). For this reason, we do not 

simulate possible recurrence of cervical cancer. Women progress through four stages of cancer, and 

can be diagnosed during each stage either through routine screening (described in Appendix A.4) or 

based on cervical cancer symptoms (described in Appendix A.6.2.7). Women with cancer suffer from 

excess mortality based on the stage of cancer diagnosis (described in Appendix A.6.2.7). 
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Figure 9 - Model of the natural history of HPV and cervical cancer. Black arrows represent natural 
movement between states, red arrows represent clearance of disease due to treatment, and green 
arrows represent excess mortality due to cervical cancer. 

 

6.3.2 Calibration 
We adopt a likelihood-based approach to calibration. Prior distributions of the varied parameters (HPV 

transmission probability per sex-act; durations of HPV infections, natural immunity, and latency; rates 

of regression/progression; HIV/ART multipliers and probabilities of cervical cancer diagnosis), and 

values of fixed parameters, were informed by a review of available data and other modelling studies 

(Appendix A.6). Calibration targets were determined through a review of South African data sources 

(Appendix A.5). The parameter combinations that were most consistent with both the prior 

distributions and the calibration targets were used in model simulations.  In the first step of the 

calibration process, the main parameters that determine HPV prevalence among males and females 

were estimated by calibrating to type-specific prevalence data. This is the calibration process detailed 

in Chapter 3, and Model 1 in Chapter 4. (In the second and third steps, these parameters are fixed at 

the medians of the posterior distributions.) In the second step, we calibrate the parameters that 

determine pre-cancer disease progression (progression to CIN 1, 2 and 3 and regression from CIN 1 

and 2) using histological results obtained from biopsies and endocervical curettage performed on all 

participants during studies in South Africa (14,28,115,195,196). In this step, type-specific HPV 

prevalence data are also used in calibration. In the third step, we calibrate the parameters that 

determine progression to cervical cancer (from CIN 3) and diagnosis by using age-specific cervical 

cancer incidence as reported to the NCR between 2000 and 2016 (24), as well as data on the fractions 

of women diagnosed in each stage of cancer in South Africa (197–200). Since the NCR only reports 

on pathologically confirmed cancers, this is an underestimate of the true burden of cervical cancer. We 

fit our model with different under-reporting assumptions: assuming that on average 7% (201), 10% or 

14% (202) of diagnosed cases are not captured in the pathology-based NCR, or that under-reporting 

decreases linearly from 25% in 2000 to 7% in 2018 (combining estimates from (202) and (201)). The 

assumption that 10% of cervical cancer cases only receive a clinical diagnosis (no pathology 
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confirmation) resulted in the best fit to data, and this will be our base case assumption. The starting 

conditions (fractions of women in each of the HPV stages) in 1985 were obtained through an iterative 

process that is described in detail in Appendix A.3). 

 

6.3.3 Vaccination, screening and pre-cancer treatment 
The first national guideline on cervical cancer screening was released in the early 2000s (33), and we 

will assume that no routine screening happened before 2000 (although women with symptoms of 

cervical cancer could still be diagnosed). In the model, each woman has an age- and HIV status-

specific probability of entering the screening programme. This probability increases over time and 

stabilises in different years depending on ART status. After the initial Pap smear, time to the next 

screen or treatment is drawn from Weibull distributions depending on the cytological result. To inform 

the probabilities of entering screening, we developed a separate, simpler simulation model (Appendix 

A.4.2) and fitted this model to screening frequencies in the Western Cape, using individual-level Pap 

smear data from the Provincial Health Data Centre (PHDC) (188). Although the national screening 

policy states that HIV-negative women should be screened every 10 years at ages 30, 40 and 50, and 

HIV-positive women 3 yearly after diagnosis, we showed in Chapter 5 that this schedule is not 

adhered to. Therefore, realistic distributions of time between visits and linkage to colposcopy and pre-

cancer treatment were also estimated using the WC PHDC data (Appendix A.4). We assume that 75% 

of HIV-negative and 40% of HIV-positive women will be cleared of all abnormal lesions following 

treatment (Appendix A.4.9). We assume that 15% of those treated successfully will not clear the HPV 

infection (92–94). The status quo screening and pre-cancer treatment algorithm in the model (Figure A 

5), and assumptions about diagnostic accuracy of tests, are fully described in Appendix A.4.  

 

Since 2014, around 80% of all South African girls aged nine received one dose of the bivalent vaccine 

at public schools. Around 60% received both doses (192). In the model, we will assume that all 

vaccinated women receive 100% life-long protection against infection with HPV types 16 and 18, as 

well as against types 31/33/45 in 50% of women, regardless of the number of doses (66,203,204). In 

the model, coverage of vaccination with the bivalent vaccine since 2014 is 80% and we assume that 

this level will be maintained in the future.  

 

6.3.4 Evaluating the impact of HIV and current programme 
We will show the impact of our current screening and vaccination programme (given no changes to 

coverage, linkage to treatment or screening and treatment methods), on cervical cancer in the next 

century (“Status Quo”). We simulate three counterfactual scenarios to evaluate the impact that the 
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HIV epidemic, ART scale-up and the existing CC prevention programme has had on CC incidence in 

South Africa in the last 20 years. These three counterfactual scenarios are:  

1) No cervical cancer interventions  

2) No HIV epidemic, no increase in condom use and current levels of screening 

3) No ART, increases in condom use (Figure A 4) and current levels of screening 

 

6.3.5 Potential changes to current programme 
The impact of improving aspects of our current screening programme to reach the WHO’s proposed 

90-70-90 targets will be estimated. In addition to the scale-up of coverage to these targets, we show 

the impact of removing inefficiencies in the scheduling of screens (Chapter 5), to a schedule where 

HIV-negative and HIV-positive women who are ART naïve are screened once between ages 30 and 

40, once between ages 40 and 50, and once between ages 50 and 60, and ART experienced women are 

screened once in 3 years between the ages of 15 and 60. In addition, we show the impact if follow-up 

guidelines after inadequate screens, lower grade cytology results and pre-cancer treatment are 

perfectly followed.  

We will consider the following scenarios (Table 7):  

A) Increase coverage of vaccination with the bivalent vaccine to 90% by 2030 

B) In addition to A), change the schedule of screening and follow-up to closely match policy 

guidelines, while keeping screening coverage constant  

C) In addition to B), linearly increase the screening coverage to 70% by 2030  

D) In addition to C), linearly increase linkage to pre-cancer treatment facilities to 70% by 2030 

E) In addition to C), linearly increase linkage to pre-cancer treatment facilities to 90% by 2030 

We do not simulate the process of HIV diagnosis in our model, and we showed in Chapter 5 that 

screening intervals are similar for HIV-negative women and HIV-positive women who are ART naïve, 

therefore we assume that the 3-yearly screening schedule starts after ART initiation. 

 

We also simulate two alternative screening strategies that are being considered by the Department of 

Health, where Pap smear screening is replaced by HPV-DNA testing (34). Logistically, the most likely 

HPV-DNA testing platform will be Cepheid’s GeneXpert, since the machines are available in many 

locations in the country for tuberculosis testing. Assuming that this will be the test used, we follow the 

same algorithm as described in the policy in our first alternative screening strategy: Women who test 

positive for HPV types 16 or 18 will immediately receive pre-cancer treatment (we assume 10% loss), 

and women who test positive for other high-risk types will be referred to colposcopy for triage. Rates 

of linkage to colposcopy are similar to the current strategy – i.e., the implicit assumption is that the 
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availability of colposcopy will increase with the need. The policy states that HIV-negative women 

should be screened at the same frequency as with Pap smear (ages 30, 40 and 50), but the schedule for 

HIV-positive women is not specified. We will assume that the policy for HIV-positive women is 3-

yearly screens between the ages of 25 and 60.  

This strategy is expected to lead to substantial increases in referral to colposcopy, and therefore we 

explore a second alternative strategy where the triage test for women testing positive with high-risk 

types other than types 16 and 18 is a Pap smear instead of colposcopy. Treatment will follow a Pap 

result with any atypical cells (ASCUS+) and we assume 10% loss between Pap and treatment. We 

simulate these alternative screening strategies assuming the status quo scheduling, screening coverage 

and linkage to colposcopy clinics will be maintained, as well as assuming the 90-70-90 targets will be 

reached by 2030. Assumptions about the diagnostic accuracy of tests are discussed in Appendix A.4.6.  

We include in our study a simulation of the strategies implemented by the comparative modelling 

study by Brisson et al. (11), which was the first analysis published by the WHO’s cervical cancer 

elimination modelling consortium (CCEMC). None of the three models included in this study 

considered HIV and its impact on the natural history of HPV, although 41 of the 78 countries 

simulated are in Sub-Saharan Africa. The CCEMC initiated a separate comparative modelling study of 

three models that estimate cervical cancer in South Africa, of which our model is one. The 3 models in 

the latter CCEMC study simulate HIV and its influence on HPV and cervical disease and consider 

additional screening and vaccination strategies for HIV-positive women (Table 7). The results of this 

study have not been published, but we show the results of our model here.  

For this analysis, we make similar assumptions to Brisson et al.: 1) The HPV-DNA test has sensitivity 

of 90% to detect CIN2 and 94% to detect CIN3 or cancer. 2) Women are vaccinated with the 

nonavalent vaccine from 2020 at 90% coverage, 3) the vaccine is assumed to have 100% lifelong 

prophylactic efficacy, 4) loss to follow-up between screening and treatment is 10% and 5) treatment of 

pre-cancers is 100% effective.  

Brisson et al. assumed that there were no existing screening programmes in the 78 countries included 

in their study. This is however not the case in South Africa, and to avoid initial increases in cancer in 

those age groups not included in the suggested screening scenarios, we slightly adjust their suggested 

scenarios: instead of screening once at ages 35 and 45 exactly, we screen once between the ages of 30 

and 40, and once between 40 and 50. We phase out Pap smear screening for the age groups not 

included in these strategies (more details in Appendix E.2).  
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Table 7 - Scenarios to estimate the impact of changes in the current screening cascade on cervical 
cancer incidence. Changes will be implemented in 2020. 

Scenario Ages and schedule 
Screening Linkage to 

pre-cancer 
treatment 

Vaccination 
coverage* 

Coverage 
Status quo (SQ) Current levels** 80% 
Scale-up of current screening programme  
A) Increase bivalent vaccination 
coverage 

Current levels 90% 

B) A + Appropriate schedule HIV-negative and 
ART naive:  
Once aged 30-40, 
once aged 40-50 and 
once aged 50-60 
ART experienced:  
3-yearly, ages 15-60 

Current levels 90% 

C) B + 70% Screening coverage 70% by 
2030 

Current 
levels 

90% 

D) C +  70% Linked to colposcopy and 
treated 

70% by 
2030 

70% by 
2030 

90% 

E) C + 90% Linked to colposcopy and 
treated 

70% by 
2030 

90% by 
2030 

90% 

Replace Pap with HPV-DNA as primary screening method 
SQ1) Treat if positive with HPV16/18, 
colposcopy triage if positive for other 
HR-HPV 

Current levels 
HIV-negative and 
ART naive: ages 30-
60 
ART experienced: 
ages 25-60 

Current levels 80% 

SQ2) Treat if positive with HPV16/18, 
cytology triage if positive for other 
HR-HPV 

Current levels 80% 

E1) Treat if positive with HPV16/18, 
colposcopy triage if positive for other 
HR-HPV 

HIV-negative and 
ART naive: Once 
aged 30-40, once 
aged 40-50 and once 
aged 50-60  
ART experienced: 3-
yearly, ages 25-60 

70% by 
2030 

90% if 
HPV16/18; 
90% by 
2030 if 
colposcopy 

90% 

E2) Treat if positive with HPV16/18, 
cytology triage if positive for other 
HR-HPV 

70% by 
2030 90% 90% 

WHO’s Cervical Cancer Elimination Modelling Consortium strategies  

F) Nonavalent vaccination for girls 
aged 9. Catch-up for girls aged 9-14 in 
2020. 

Current levels 90%*** 

G) F + Twice in a lifetime screening 
with HPV-DNA test 

Once aged 30-40, 
once aged 40-50 

70% by 
2030, 90% 
by 2045 

90% 90% 

H) G + Extra screening for HIV-
positive women 

HIV-negative: Once 
aged 30-40, once 
aged 40-50 
HIV-positive: 3-
yearly, ages 25-50 

70% by 
2030, 90% 
by 2045 

90% 90% 

I) H + Catch-up vaccination for HIV-
positive women aged 15-25 

70% by 
2030, 90% 
by 2045 

90% 90% 

*Coverage among girls aged 9, unless stated otherwise in description of scenario 
**As described in Appendix A.4 
***To be consistent with Brisson et al., coverage is 90% in 2020, in contrast to Scenario A), where bivalent vaccine coverage 
linearly increases to 90% in 2030 
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6.3.6 Analysis 
To estimate population-level impact of changes in coverage in South Africa’s current prevention 

methods and the impact of the WHO strategies (Table 7), we will focus on three outcomes: age-

standardised CC incidence rate (ASIR); change in ASIR, relative to the status quo; and the cumulative 

number of cancer cases prevented. We will show the mean estimate resulting from the 100 best fitting 

parameter combinations, as well as the 2.5th and 97.5th percentiles. The current screening programme 

in South Africa is struggling with capacity at colposcopy clinics, resulting in low linkage to pre-cancer 

treatment and long waiting times (37,38) and for this reason we also estimate the increase in referrals 

for certain scenarios compared to the status quo. 

MicroCOSM v1 is an individual-based model that simulates a representative sample of the South 

African population. In addition, it does not simulate international migration and HIV prevention is 

limited to increases in ART coverage and changes in condom use. For these reasons, we reweight the 

population totals in our model using the projected population demographics (age, sex, HIV and ART 

status) of the Thembisa model, on the assumption that the Thembisa model estimates future HIV and 

demographic trends more realistically (204, and a short description in Appendix D.2).  

Cancer incidence is age-standardised using two different age weightings: the same standard population 

that NCR uses, for the purpose of comparing the model to NCR data (206), and the same standard 

population as in Brisson et al. (11,207), for the purpose of comparing elimination targets (Appendix 

E.1). Similar to Brisson et al., we will consider two proposed thresholds of elimination: 4 or 10 

incident cases per 100,000 women.  

 

6.3.7 Sensitivity Analysis 
We assess whether our findings are sensitive to 1) the fraction of cervical cancer diagnoses that only 

receive a clinical diagnosis and are therefore not included in the NCR pathology data, 2) the long-term 

efficacy of a single dose of the bivalent vaccine, 3) future HIV prevention efforts and 4) assumptions 

about viral latency and reactivation of latent infection. Results of this sensitivity analysis are shown in 

Appendix E. 

 

6.4 Results 
 

6.4.1 Calibration 
Model fits to type-specific HPV prevalence data, cervical disease data, stage of cancer diagnosis and 

other model validation data are shown in Appendix A.8. In Figure 10, we show the model fit against 

overall diagnosed age-standardised CC incidence as reported by the NCR, assuming that 10% of CC 
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cases receive no pathological confirmation and are therefore not included in the registry. Incidence is 

standardised using the same world population as NCR and IARC (2). Model results are consistent with 

the stable diagnosed cervical cancer incidence over the 2000-2016 period. It is important to note here 

that estimated incidence of cervical cancer (Status Quo in Figures 13-16) is higher and shows a 

different trend to the diagnosed cervical cancer incidence in Figure 10. Several factors contribute to 

this difference: 1) There is a delay between incidence of cancer and the time of diagnosis (the majority 

of cancer cases are diagnosed in advanced stages (Table A11)). Women may be in an age-category 

that carries less weight in the standard population by the time they receive a diagnosis. 2) The 

population was age-standardised using two different world populations (Appendix E.1) and 3) a small 

fraction (~5%) of cancer cases in the model die without receiving a diagnosis. The differences are 

illustrated in Figure E 1. 

 

Figure 10 – Diagnosed cervical cancer incidence as calculated from NCR data (red lines) and the 100 

best fitting parameter combinations (black lines show mean of 100 estimates, dashed lines show 95% 

percentile intervals).  

 

6.4.2 Counterfactual scenarios 
In Figure 11, we show age-standardised cervical cancer incidence for the status quo scenario, as well 

as the counterfactual scenarios, between 2000 and 2040. It is clear that the HIV epidemic plays a 

major role in the CC incidence trend over time. Had the HIV epidemic never occurred in South Africa, 

CC ASIR would have slowly declined over time due to screening. Had ART never been scaled up, CC 

ASIR would have slowly increased (as a result of HIV) and then decreased again as the population at 

high risk of CC died of HIV. We estimate that the ART programme led to an average cumulative 

increase of 27,800 (95% CI 19,900-39,400) CC cases between 2005 and 2019 due to increased life 

expectancy. We show in Figure 11 that the current screening programme has already had an impact on 
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CC ASIR. Under the scenario of no CC screening or pre-cancer treatment, our model estimates that on 

average 8,600 (95% CI 4,700-12,300) more CC cases would have occurred between 2000 and 2019. 

 

Figure 11 – Mean model estimates of age-standardised CC incidence for the counterfactual scenarios 

 

Figure 12 is another illustration of the impact of the HIV epidemic on cervical cancer incidence. It 

shows that currently the majority of new cervical cancer cases, 55.6% in 2020 (95% CI 47.8-64.0%), 

occur among women living with HIV, but that the fraction of cases that occur in women with HIV will 

decline over time as HIV prevalence among adult women declines.  
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Figure 12 – Mean model estimates (and 95% confidence intervals of total HIV prevalence (among 
women aged 15 and older) and HIV prevalence among incident cervical cancer cases.  

 

6.4.3 Scale-up of current screening programme 
Figures 13-16 show the model’s average estimates of the CC ASIR for scenarios A) to I) in Table 7. 

Estimates and confidence intervals of incidence, reductions in incidence from 2019 and the numbers 

of cases prevented under each scenario (compared to the status quo) are shown in Table 8. 

In Figure 13 we illustrate the impact that the scale-up of our current CC prevention programme to 

meet the 90-70-90 targets will have on CC ASIR in the next century. Under the current levels of 

screening, pre-cancer treatment and vaccination (the status quo as described in Appendix A.4), we 

estimate that CC ASIR was 49.1 per 100,000 women in 2019 (95% CI 34.5-64.8), will peak at 50.9 in 

2022 (95% CI 37.2-66.1) and thereafter will slowly reduce and level off at around 11.8 per 100,000 

women in 2100 (95% CI 7.7-16.9). Increasing coverage of vaccination to 90% by 2030 will lead to 

elimination at the 10/100,000 women threshold by 2093 (60% probability of elimination by 2120). In 

the short term, vaccination will have no impact on cervical cancer incidence, but increases in the 

coverage of screening and linkage to treatment facilities will lead to substantial reductions. Increasing 

coverage of Pap smear screening to 70% by 2030 could reduce CC ASIR by 37.3% by 2040 (from the 

2019 level) and additionally increasing linkage to treatment to 90% by 2030 could reduce CC ASIR by 

52.9% by 2040 (Table 8). Reaching the 90-70-90 targets by 2030 could help South Africa reach 

elimination of cervical cancer (at the 10/100,000 threshold) by 2078 (90% probability of elimination 

by 2120). Meeting these targets will increase the number of referrals to colposcopy clinics in 2040 by 

2.7-fold compared to the status quo. 
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Figure 13 – Mean model estimates of age-standardised CC incidence for the scenarios where the 

current vaccination, screening and pre-cancer treatment programme is scaled up to meet the 90-70-90 

targets by 2030. 

 

6.4.4 Replace Pap screening with HPV-DNA screening 
Figures 14 and 15 show the effect of switching our current screening strategy (Pap smear, followed by 

colposcopy and treatment) to HPV-DNA based approaches. In Figure 14, we assume that vaccination, 

screening coverage and linkage to colposcopy and treatment stay constant at current levels (as 

described in Appendix A.4). HPV-types 16 and 18 are the most common high-risk HPV types in South 

Africa, and will continue to be until the bivalent vaccine starts to significantly reduce prevalence of 

these types. Since we assume that 90% of women who test positive for these types will immediately 

receive treatment, the majority of HPV-DNA positive cases will receive immediate pre-cancer 

treatment leading to a reduction in CC ASIR of 46.3% by 2040 compared to 2019 (95% CI 32.2-

57.2%) (Table 8). There is little difference in CC incidence between the colposcopy triage and Pap 

triage scenarios. However, the approach of HPV-DNA screening, with colposcopy triage of those 

testing positive for high-risk HPV other than types 16/18, will increase referrals to colposcopy clinics 

4.6-fold compared to the status quo. 
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Figure 14 - Mean model estimates of age-standardised CC incidence for the scenarios where the 
current screening method (Pap smear followed by colposcopy) is replaced by HPV-DNA test based 
approaches and the current levels of vaccination and screening coverage, and linkage to colposcopy 
and treatment are maintained. 

 

In Figure 15, we assume that the 90-70-90 targets will be met in 2030, and again compare the effect of 

switching to HPV-based screening. Again, the HPV-DNA based approaches show an immediate 

substantial impact on CC ASIR, with a reduction of 70.3% in 2040 compared to 2019 (95% CI 64.4-

75.9%) (Table 8). In the scenario with colposcopy triage, referrals to colposcopy clinics will increase 

9.6-fold compared to the status quo. 
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Figure 15 - Mean model estimates of age-standardised CC incidence for the scenarios where the 
current screening method (Pap smear, followed by colposcopy) is replaced by HPV-DNA test based 
approaches and the 90-70-90 targets are met by 2030. 
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6.4.5 WHO’s CCEMC strategies 
Figure 16 shows the impact of the strategies proposed by the CCEMC on cervical cancer incidence. 

We show that rolling out the nonavalent vaccine in 2020 (with catch-up vaccination for girls aged 9-

14) and maintaining 90% coverage of girls aged 9 thereafter, will reduce CC ASIR by 2090 to around 

7 per 100,000 women, compared to around 10 per 100,000 women at 90% coverage of the bivalent 

vaccine.  Twice lifetime HPV-DNA based screens, followed by a 100% effective treatment in 90% of 

those testing positive, will halve CC ASIR by 2040 (Table 8) and elimination of CC at the threshold of 

4 per 100,000 women may be achieved by 2092 (64% probability of elimination by 2120).  The 

addition of 3-yearly screens for HIV-positive women aged 25-50 will further reduce CC ASIR by 

2040 and prevent over 100,000 more CC cases between 2020 and 2040 than the status quo strategy 

(Table 8). Catch-up vaccination of HIV-positive women aged 15-24 will be beneficial for a brief 

period of time.  

 

Figure 16 - Mean model estimates of age-standardised CC incidence for the scenarios proposed by the 
WHO’s cervical cancer elimination modelling consortium (CCEMC). 
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Table 8 – Average model estimates (2.5th and 97.5th percentile) of age-standardised cervical cancer incidence (ASIR), reductions in ASIR from 2019 and the cumulative number of cases prevented (in 
thousands) for each scenario, compared to the status quo (SQ) by 2040, 2080 and 2120. 

Scenario 

2040 2080 2120 

ASIR Reduction in 
ASIR from 2019 

Cumulative 
cases 
prevented vs 
SQ (1000’s) 

ASIR Reduction in 
ASIR from 2019 

Cumulative 
cases 
prevented vs 
SQ (1000’s) 

ASIR Reduction in 
ASIR from 2019 

Cumulative 
cases 
prevented vs 
SQ (1000’s) 

Status quo (SQ) 38.5 
(26.5-51.6) 

21.3%  
(6.0-36.5%)   14.4  

(9.6-20.4) 
70.6% 
(63.2-76.9%)   11.7  

(7.8-16.8) 
76.1%  
(70.0-81.5%)   

Improvements to current screening programme   

A) Increase vaccination coverage 38.5  
(26.5-51.5) 

21.3% 
(6.0-36.5%) 0 (0-0) 12.9  

(8.6-18.4) 
73.8%  
(67.0-80.4%) 13 (-17-44) 10.0  

(6.3-15) 
79.6%  
(73.4-85.4%) 50 (-45-149) 

B) A + Appropriate schedule 36.8  
(25.9-51.1) 

24.8% 
(9.5-38.9%) 12 (-14-38) 12.5  

(8.1-18.2) 
74.5%  
(67.3-81%) 45 (-65-156) 9.8 

(6.1-14.1) 
80.2%  
(75.3-85.7%) 85 (-92-264) 

C) B + 70% Screening coverage 30.7 
 (21.5-40.5) 

37.3% 
(22.4-49.8%) 37 (9-68) 11.4 

(7.9-16.4) 
76.7%  
(70.7-82.5%) 139 (24-269) 8.9  

(5.7-13.2) 
81.8%  
(75.8-86.8%) 203 (22-405) 

D) C +  70% treated 26.4 
(18.2-34.8) 

46.1%  
(32.7-56%) 56 (26-90) 10.5  

(6.6-14.9) 
78.6%  
(72.5-84.8%) 207 (82-352) 8.1 

(5.2-11.4) 
83.5%  
(77.1-88.3%) 288 (98-509) 

E) C + 90% treated 23.0  
(15.8-30.9) 

52.9%  
(42.3-63%) 70 (37-110) 9.6  

(6.2-13.5) 
80.4% 
(75.2-85.7%) 260 (126-425) 7.2  

(4.5-11.4) 
85.3%  
(78.9-90.6%) 358 (155-601) 

Replace Pap with HPV-DNA as primary screening method 

SQ1) Treat if positive with HPV16/18, colposcopy 
triage if positive for other HR-HPV 

26.3  
(18.1-35.3) 

46.3%  
(32.2-57.2%) 79 (42-120) 12.9  

(8.4-18.5) 
73.7%  
(67.8-80.1%) 179 (57-323) 10.4 

(6.7-15.2) 
78.9%  
(72.3-85.4%) 204 (16-418) 

SQ2) Treat if positive with HPV16/18, cytology 
triage if positive for other HR-HPV 

26.0 
(17.1-34.6) 

46.9%  
(34.7-57.4%) 80 (44-121) 13.1 

(8.5-18.7) 
73.3%  
(64.2-81.4%) 176 (54-317) 10.5 

(6.6-15.3) 
78.6%  
(71.3-84.2%) 198 (10-406) 

E1) Treat if positive with HPV16/18, colposcopy triage if 
positive for other HR-HPV 

14.5  
(10.3-20.4) 

70.3%  
(64.4-75.9%) 138 (87-195) 7.5  

(4.5-10.6) 
84.7% 
(79.8-89.3%) 425 (253-638) 5.6  

(3.4-8.5) 
88.5%  
(83.7-92.7%) 561 (315-866) 

E2) Treat if positive with HPV16/18, cytology triage if 
positive for other HR-HPV 

14.9  
(10.1-20.4) 

69.4%  
(61.9-76%) 143 (92-203) 8.5  

(5.2-12.1) 
82.6%  
(77.2-88%) 412 (243-621) 6.8  

(4.1-10.5) 
86.2%  
(81.5-90.4%) 525 (285-817) 

WHO’s Cervical Cancer Elimination Modelling Consortium strategies  
F) Nonavalent vaccination for girls aged 9. Catch-up for 
girls aged 9-14 in 2020. 

37.7  
(25.7-50.8) 

23.1% 
(7.8-38.1%) 2 (-1-4) 9.7  

(6.1-14.5) 
80.1%  
(74.6-85.2%) 62 (1-129) 6.8  

(3.7-10.2) 
86.2%  
(82.4-90.6%) 172 (44-319) 

G) F + Twice in a lifetime screening with HPV-DNA test 23.6  
(15.4-32.7) 

51.8% 
(39.8-61.5%) 86 (47-129) 6.6  

(4.5-9.3) 
86.4%  
(82-89.4%) 269 (129-433) 4.0  

(2.5-5.9) 
91.8%  
(87.9-94.9%) 432 (215-693) 

H) G + Extra screening for HIV-positive women 19.5  
(12.8-27.5) 

60.1%  
(50.6-68.3%) 109 (67-158) 6.3  

(3.9-9.1) 
87.1%  
(83.0-91.2%) 325 (176-504) 3.9 

(2.3-6.1) 
92.0% 
(88.4-94.7%) 492 (266-766) 

I) H + Catch-up vaccination for HIV-positive women aged 
15-25 

18.2 
 (12.3-25.2) 

62.8%  
(54.2-70%) 113 (70-162) 6.0 

(3.4-9.0) 
87.9%  
(83.8-91.7%) 369 (216-555) 3.9  

(1.9-6) 
92.1%  
(88.5-95.8%) 538 (309-823) 
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6.5 Discussion 
 

We estimate that the implementation of the national screening policy has already prevented around 

8,500 cervical cancer cases during the last 20 years, and at current levels of screening coverage, 

linkage to pre-cancer treatment and vaccination coverage, the age-standardised cervical cancer 

incidence rate is expected to reduce to 11.7 per 100,000 women in the next century.  

However, in the absence of changes to current policy and practice, CC incidence is unlikely to decline 

substantially in the next decade. In the short term, substantial reductions in CC incidence can be 

achieved by pursuing the 90-70-90 targets set by the WHO, with a reduction of 53% from the 2019 

ASIR estimate. Achieving the 90-70-90 targets by 2030, using our current vaccination, screening and 

treatment strategy could result in elimination of CC at the 10 per 100,000 women threshold and 

prevent an additional 360,000 cancer cases compared to the status quo in the next century. While 

increasing vaccination coverage from 80% to 90% among girls aged 9 and increasing screening 

coverage might be achievable through awareness campaigns and mobile screening services, increasing 

linkage to colposcopy and treatment facilities will require substantial improvements in health system 

capacity. In the last 20 years, around 50% of women who required these services accessed the 

appropriate care, and those who did experienced lengthy delays before getting appointments (Chapter 

5, (36–39)). Increasing screening coverage to 70% by 2030 and following the national policy 

screening schedule will more than double the number of referrals by 2030, and linking those referrals 

to care will require more colposcopy facilities and doctors who can perform colposcopies. 

Due to its higher sensitivity to detect cervical disease, HPV-DNA screening will have a substantial 

impact on CC incidence in the short term if it replaces Pap smear screening. Without increasing 

screening coverage or linkage to colposcopy clinics, it will have nearly the same impact by 2040 as 

maintaining Pap smear screening, but meeting the 90-70-90 targets – 46% vs 53% reduction in cancer. 

However, the method that requires colposcopy as a triage test will increase referrals to colposcopy 

clinics by 4.6-fold compared to the status quo. The impact of the two HPV-DNA screening strategies 

are very similar (Figure 14), since initially the majority of those testing positive will be treated 

(HPV16/18) and when other HPV types start to dominate, the lower sensitivity of Pap smear to detect 

pre-cancer is offset by the low linkage to colposcopy clinics in the colposcopy triage scenario. HPV-

DNA screening, followed by Pap smear as triage method leads to substantial reductions in CC ASIR, 

while eliminating the need for colposcopy services, and with the appropriate training of doctors at 

primary care facilities, the entire cascade of screening to pre-cancer treatment could happen at these 

decentralised facilities. While this strategy seems like the optimal strategy in the short term, it will not 

lead to elimination of cervical cancer in the next century, with incidence levelling off at 10.5 per 

100,000. This underscores the importance of higher screening coverage to reach elimination targets 
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and we show that using the same strategies, but meeting the 90-70-90 targets, would reduce cervical 

cancer incidence to well below 10 per 100,000 women (Figure 15).   

The strategies proposed by the WHO’s CCEMC are aspirational scenarios that may not be 

implementable in South Africa in the near future (the price of the nonavalent vaccine is prohibitive), 

and may not be entirely realistic (treatment of pre-cancer is not 100% effective). In addition, the 

proposed strategies may lead to substantial overtreatment due to the low specificity of HPV-DNA to 

detect cervical disease (no triage methods are suggested). Nonetheless, we show the impact that these 

aspirational strategies might have on cervical cancer incidence in South Africa. The finding that two 

HPV-DNA screens (once aged 30-40 and once aged 40-50) for all women will lead to elimination of 

CC at the threshold of 4 per 100,000 women is qualitatively similar to the result for Sub-Saharan 

Africa in Brisson et al. (11). However, they predict that this threshold will be crossed sooner (before 

2080 vs after 2090 in our model) and that equilibrium CC ASIR will be 1.4/100,000 women, which is 

lower than our predicted value of 4.0 (95% CI 2.5-5.9) in 2120. Another modelling study that 

simulated a similar scenario of vaccination and treatment, and showed results for South Africa, 

estimated that cervical cancer incidence in 2100 will be 4.9/100,000 (122), similar to our estimate of 

4.4/100,000 women (95% CI 2.5-6.3). Additional screening of HIV-positive women will lead to 

further substantial reductions in the short term, but as HIV prevalence reduces and as larger fractions 

of the population are vaccinated over time, this additional benefit reduces. Adding one catch-up 

vaccination campaign of 90% of HIV-positive women aged 15-24 to the strategy of 3-yearly screening 

of HIV-positive women will prevent around 46,000 additional cumulative cases. Since the majority of 

HIV-positive women will be diagnosed and on ART (and therefore accessing health services) between 

the ages of 25 and 50, high coverage of 3-yearly screening seems achievable. However, achieving 

90% vaccination coverage of HIV-positive women aged 15-24 may be challenging, since these women 

may not be diagnosed yet or may not be accessing services.   

Our study uses a population-level dynamical model to estimate the impact of HPV vaccination and 

screening strategies on cervical cancer in South Africa. The model also dynamically simulates 

infection with HIV and its effects on the natural history of HPV. The model fits well to diagnosed 

cervical cancer incidence data from the NCR between 2000 and 2016, and the overall age-standardised 

CC incidence estimate in 2018 of 41.9 per 100,000 women (95% CI 33.3-55.7) compares well to the 

IARC estimate of 43.5 per 100,000 women (2). We show, by simulating counterfactual scenarios 

where no HIV epidemic occurred or where no ART programme was implemented, that increases in 

cervical cancer incidence at a population level are driven by HIV co-infection. If ART was not 

available, the impact of HIV on cervical cancer would have been less striking, since the majority of 

women would have died before developing cervical cancer. Instead, the ART programme has allowed 

women – who have progressed to advanced pre-cancer – to survive long enough to develop cervical 

cancer and we estimate sharp increases in incidence between 2010 and 2022. Similar to this finding, 

Hall et al. (47) estimated, using a transmission dynamic model of HIV and HPV, that ART roll-out 
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will lead to short term increases in cervical cancer incidence in Tanzania. HIV prevention will bend 

the cervical cancer incidence curve in years to come but despite this, age-standardised cervical cancer 

would have remained at levels above 30 per 100,000 women if no cervical cancer prevention 

programme was implemented. 

This study has several limitations. The majority of the data used in calibration (for estimating HPV 

infection and cervical pre-cancer parameters), as well as the data used to derive the screening 

algorithm, are from the Western Cape. The diagnosed cervical cancer incidence data used in 

calibration is collected at national level, but only includes pathology diagnosed cancer cases, and we 

had to make assumptions about the fraction of cases that only receive a clinical diagnosis and no 

pathology confirmation. We show in sensitivity analyses that although the different assumptions 

would lead to slightly different levels of CC ASIR, our findings are qualitatively similar. Our model 

estimates have wide confidence intervals, as seen in Table 8. Although this is partly due to parameter 

uncertainty, it can also be attributed to stochasticity. Due to limits in computing time, we cannot run 

the individual-based model over a period of 136 years (1985-2120) for a very large population, and 

since cervical cancer is a relatively rare disease, incidence estimates are influenced by chance. The 

findings may not be generalizable to other settings since the age-standardised cervical cancer depends 

on HIV prevalence, ART coverage and the existing prevention programmes. South Africa has the 

largest HIV epidemic in the world, with exceptionally high HIV prevalence levels, and our findings 

may therefore be less applicable to other sub-Saharan African regions, in which HIV prevalence is 

substantially lower. Policy decisions rely heavily on cost-effectiveness analyses, and this is also the 

case for cervical cancer prevention. Although this study only considers the epidemiological impact of 

different strategies, the next step in our research is to estimate the most cost-effective approaches by 

exploring combinations of screening methods, screening intervals, minimum and maximum ages of 

screening, vaccines (bivalent or nonavalent), catch-up vaccination and vaccinating boys.  

In conclusion, South Africa’s existing cervical cancer prevention programme has already prevented 

thousands of cases and – in combination with decreasing HIV prevalence – will substantially reduce 

cervical cancer incidence in the long term. Improvements in South Africa’s current screening strategy 

could prevent large numbers of new cervical cancer cases, and switching to new screening 

technologies and immediate linkage to pre-cancer treatment will have the greatest impact in the short 

term.  
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  – Discussion 
 

This thesis presents the first individual-based model that dynamically simulates sexually transmitted 

infection with both HIV and HPV, and the progression of HPV to cervical cancer in the South African 

population. Important aspects regarding the natural history of HPV in a setting with high HIV 

prevalence, and transmission dynamics between HIV and HPV are explored. After describing the 

cervical cancer cascade in the Western Cape province of South Africa and using this information to 

inform the model’s screening algorithm, the model is used to estimate cervical cancer in South Africa, 

and the impact that existing and suggested prevention strategies will have in the future.  

This chapter summarises the findings of the thesis as a combined body of work, discusses strengths 

and limitations inherent to the methods and findings, and concludes with recommendations to 

policymakers and highlights areas of future research. 

 

7.1 Summary of key findings 
 

7.1.1 HIV and HPV transmission dynamics 
This paper was prompted by the results from the CAPRISA 004 trial, which showed significant 

associations between genital HPV infection and acquisition of HIV (208). This study found that 

participants who acquired any HPV infection during follow-up were 9 times more likely to become 

HIV infected than those participants who did not acquire new HPV infections. This finding led to the 

obvious question: Would primary prevention of HPV through vaccination have HIV prevention 

benefits? In South Africa, despite major advances in HIV treatment and prevention, around 240 000 

people became infected with HIV in 2016 (209) and therefore the idea that the HPV vaccine could 

potentially prevent HIV is appealing.  

This association between HPV and HIV infection risk, and inversely between HIV and HPV infection 

risk, has been shown in several studies and summarised in meta-analyses (20,21,101,139). The two 

sexually transmitted infections share a common mode of transmission, and therefore one would expect 

this association, but estimates are adjusted by controlling for confounding variables such as self-

reported sexual behaviour (e.g., age at sexual debut, marital status, number of sexual partners), age 

and sex. In some studies, and in the meta-analyses, the risk after controlling for confounders remains 

significant and authors have suggested several biological reasons for this. However, due to possible 

biases in self-reported sexual behaviour data and the fact that study participants only report about their 

own behaviour and not that of their partners, it is plausible that the transmission associations that 

remain after controlling for confounders can be explained by residual confounding and confounding at 

the sexual network level. 
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We use our calibrated, individual-based model to explore these transmission dynamics. In the model, 

men and women can become infected with HIV and HPV and we can track their status, as well as their 

sexual behaviour and the behaviour of all their partners over time. We can therefore simulate cohort 

studies with levels of information on behaviour that are very hard to measure in the real world. For 

this analysis, we simulated cohorts that matched those of observational studies in design (by age, sex 

and time of follow-up) and analysed the resulting individual-level data using similar statistical 

methods. In the model, we assumed that there is no a priori increased transmission risk of the one 

infection in presence of the other due to biological reasons. When analysing our simulated cohorts, we 

found that we could match the empirical associations even though our model did not include 

biological factors. After controlling for the same behavioural factors as observational studies, the 

associations remained significantly greater than one. Controlling for network-level effects, such as the 

size of an individual’s sexual network (the total number of people an individual is connected to 

through sexual contact, counting their partners’ partners etc.), brought the estimated associations 

closer to the null. 

We conclude Chapter 3 by noting that the observed associations can be entirely explained by 

individual-level and network-level sexual behaviour. Although we cannot rule out that biological 

mechanisms may explain some of the increased transmission risk, it was unnecessary to include 

biological co-factors in the model in order to match observed associations. In the subsequent 

modelling studies included in this thesis, no biological mechanisms to increase the risk of HIV 

transmission in the presence of HPV infection, and vice versa, were included. One biological 

mechanism that may increase new HPV detection in the presence of HIV infection - and therefore 

exacerbate the apparent transmission association - is the reactivation of latent infections, which we 

accounted for in this analysis. 

 

7.1.2 HPV natural history structures               
The next component of the natural history of HPV that is important to explore in a context with a high 

burden of HIV infection, is reactivation of latent infections. Two cohort studies found high levels of 

new HPV detection among women who reported sexual abstinence, and among HIV-positive women 

incidence increased with decreasing CD4 counts (64,65). Additional evidence of reactivation of latent 

infection include experimental proof of reactivation of rabbit oral papillomavirus upon induced 

immunosuppression (63) and the fact that vaccine effectiveness is lower among women with evidence 

of more sexual experience (66). Models that have estimated the long-term impact of vaccines have not 

considered latency and reactivation in their natural history model structures.  

We compare different model structures by considering their fits to South African HPV prevalence 

data, assessing how well simulated vaccine RCTs match empirical studies, and predicting the long-

term impact of vaccines on HPV prevalence. Different structures include and exclude reactivation of 
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latent infections and have different assumptions about natural immunity after clearance of infection. 

We show that models with different natural history structures fit equally well to data, with those 

models that do include reactivation of latency having slightly higher total likelihood values. What sets 

the model structures apart is their ability to reproduce the results of vaccine RCTs. 

Some of the first phase III clinical trials performed to measure the efficacy of vaccines against HPV 

infection started in the early 2000s. The first trials enrolled sexually active women aged 15 to 25, 

followed by trials among women older than 25. All the trials showed very high levels of effectiveness 

against persistent HPV infection and pre-cancerous lesions. The striking finding of relevance to the 

issue of latency is that vaccine effectiveness was highest among the youngest groups of women who 

had no evidence of any previous HPV exposure (DNA- and sero-negative for all types), and that 

effectiveness was lower for women who had some evidence of previous HPV exposure (but DNA-

negative for the vaccine types at baseline). In the latter group, effectiveness was also lower at older 

ages, although antibody titres of the vaccine do not differ by age. In a meta-analysis of some of the 

vaccine RCTs, the authors state: “…some outcomes might have resulted from undetected infections 

present before vaccination” (66). We use our model, with different natural history structures, to 

simulate vaccine RCTs using the same exclusion criteria, duration of follow-up and analysis methods. 

The main finding from this analysis is that models that do not include viral latency and reactivation of 

latent infections cannot match the difference in effectiveness of the vaccines in women with no 

evidence versus some evidence of previous HPV exposure. A model that assumes a possible latent 

state with reactivation of infection for everyone and 100% prophylactic efficacy of the vaccine 

performs best at matching estimates from RCTs. 

The implication of this finding when estimating the future impact of vaccination programmes is two-

fold:  

1) Although RCTs do not always show perfect efficacy of the vaccines in studies of sexually active 

women, the vaccine itself may actually have 100% prophylactic efficacy when administered to 

sexually naïve women. If this efficacy does not wane, cohorts of sexually naïve vaccinated girls (and 

boys) may be fully protected against disease from HPV types included in the vaccines.  

2) The impact of the vaccine on reducing HPV infection as predicted by models that do not consider 

latency may be less marked in the shorter term since individuals may become DNA-positive without 

sexual contact – i.e., the effect of herd immunity may take longer to manifest.  

We show that for the South African context with high HIV prevalence (and therefore high rates of 

reactivation of latent HPV infections), models that include a latent state of HPV infection predict a 

~25% lower vaccine attributable reduction in HPV16 and -18 prevalence by 2045, than a model 

without latency. This implies that reductions in cervical cancer may be slower than anticipated. In the 

subsequent modelling study included in this thesis, we assume that males and females can become 
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latently infected and that these infections can reactivate and progress to cervical disease and cancer 

among females. 

 

7.1.3 Cervical cancer prevention in the Western Cape  
In South Africa as a whole, the record of a patient’s visit to a public health facility does not include a 

unique patient identifier. In general, this complicates individual-level care since information about the 

same person’s visits to different care facilities cannot be linked. For cervical cancer prevention in 

particular, this makes it difficult to track the screening behaviour of women and their linkage to 

treatment after an indicative screen result. Since the ultimate aim of this thesis’ modelling work is to 

estimate the impact that prevention strategies have had and will have on cervical cancer incidence in 

the future, it is important to quantify women’s screening behaviour and access to treatment. Although 

this is not currently possible at the national level, it is possible for women living in the Western Cape.  

In this province, public sector facilities offering all levels of care (primary to tertiary) have 

implemented the use of a ‘patient master index’ (PMI) since 2007 and electronic data for each 

individual accessing healthcare are stored at a centralised data centre. Using this PMI, it is possible to 

count the number of Pap smears per woman, the interval between screens, and whether the woman has 

been accessing HIV care. By linking individuals with indicative cytology results to information from 

facilities with colposcopy services or oncology departments, it is possible to quantify linkage to 

follow-up care.  

We use this database to quantify screening coverage, screening intervals and linkage to treatment in 

the Western Cape, all stratified by HIV and ART status. Public sector screening coverage in South 

Africa as reported yearly using aggregated data suffer from over-counting in the numerator (women 

who had more than one screen in the reporting period are counted more than once) and in the 

denominator (women who only access private healthcare are not excluded). We find that in the WC, 

these two sources of bias cancel out, and that overall screening coverage (defined as the fraction of 

unique women screened in the last 10 years) is around 55% between 2016 and 2018 – similar to the 

estimates calculated using aggregated surveillance data (with no unique person ID) reported in the 

South African health review (35). We find that coverage among women on ART (defined as the 

fraction of unique women screened in the last 3 years) who regularly interact with healthcare has also 

been stable around 55% since 2014. Linkage to treatment was found to be dismally low – with only 

40% of HIV-negative women and around a quarter of HIV-positive women accessing colposcopy 

services within 6 months of an indicative Pap smear result. In addition, we show that guidelines for 

screening intervals are not adhered to, with almost a fifth of HIV-negative women returning for a 

routine screen following a normal Pap within 3 years.  
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We use the information obtained from this analysis to inform screening in our model. Individuals in 

the model are assigned age-, ART- and time-specific probabilities of entering screening and time to 

next screen are drawn from distributions – all informed by WC screening behaviour. Probabilities of 

accessing colposcopy services are also informed by this data. Although the public healthcare in the 

Western Cape does not necessarily compare well with healthcare in the rest of the country, aggregated 

coverage estimates for the WC are similar to national estimates in recent years and we use screening 

behaviour of women in the public sector of the WC as a proxy for that of all women in South Africa. 

 

7.1.4 The impact of prevention on cervical cancer incidence   
The main objective of this thesis is to develop an appropriate model for cervical cancer incidence in 

South Africa. Such a model can serve a number of purposes of public health significance. Firstly, it 

can provide estimates of current and historic levels of incidence. The only national level estimates of 

cervical cancer incidence are those provided by the pathology-based National Cancer Registry (NCR). 

These numbers do not reflect cases that only received a clinical diagnosis and no pathology 

confirmation, and - of course - cases that never received a diagnosis at all. More importantly, 

diagnosis of cervical cancer lags several years behind the first occurrence of cancer in a woman’s body 

and therefore an appropriate model can predict changes in diagnosis trends in the short term. 

Secondly, an appropriate model can be used as a tool to measure and evaluate the success of the 

cervical cancer prevention programme. Thirdly, an appropriate model can assist policy makers with 

difficult decisions on the optimal strategies for the prevention of cervical cancer.   

An appropriate cervical cancer model for the South African context is one that dynamically simulates 

HIV infection and prevention efforts in the population. In Chapters 3 and 4 we establish an appropriate 

model structure for the natural history of HPV infection, and its interaction with HIV. In Chapter 6, 

this model is further developed to add stages of cervical disease and cancer and a detailed screening 

algorithm based on the data analysed in Chapter 5. We fit this model to data on prevalence of type-

specific HPV infection and pre-cancer by HIV and ART status, stage at cervical cancer diagnosis and 

age-specific diagnosed cervical cancer incidence, as reported to the pathology based National Cancer 

Registry.  

By simulating counterfactual scenarios, we illustrate the massive impact that the HIV epidemic has 

had on cervical cancer incidence in South Africa. Had there been no HIV epidemic (but the screening 

programme was still scaled-up to current coverage levels among HIV-negative women), we estimate 

that age-standardised cervical cancer incidence rate (CC ASIR) would have been 27.9 per 100,000 

women (95%CI 18.5-38.3) in 2020, and consistently declining due to screening. In contrast, we 

estimate that the actual CC ASIR for 2020 is 44.9 per 100,000 women (95%CI 33.2-60.7) and that 

incidence, after gradually increasing over the years, will peak in 2022 and then start to decline. The 

scale-up of ART has increased cervical cancer by extending the life expectancy of the women at 
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highest risk of cervical cancer and because of this we estimate sharp increases in incidence between 

2010 and 2022. Due to the predicted long-term declines in HIV prevalence, we expect CC ASIR to 

decline after the peak in 2022 – with or without cervical cancer prevention. 

We estimate that – despite low coverage and low linkage to treatment – the screening programme has 

prevented around 8,600 cases between 2000 and 2019 and that – mainly due to reducing HIV 

prevalence and the sustained coverage of HPV vaccination – cervical cancer incidence will reduce to a 

quarter of its current levels in the next century. However, in the short term, we estimate that on 

average 70,000 cases of cervical cancer can be prevented by 2040 if our current screening strategy can 

be scaled up to meet the WHO’s 90-70-90 targets. This may double the number of referrals to 

colposcopy clinics – the component of the current system that is severely under strain. Currently, the 

most common strategy followed in South Africa is Pap smear screening followed by colposcopy and 

immediate treatment if colposcopy positive. A more sensitive but less specific proposed alternative 

strategy is HPV-DNA based screening, followed by immediate treatment for those testing positive for 

HPV types 16 or 18 and Pap smear triage for those testing positive for other high risk HPV types, 

followed by treatment for those with positive cytology. We estimate that even if current levels of 

screening coverage are maintained, this strategy will have nearly the same impact by 2040 as scaling 

up our current system to meet the 90-70-90 targets – almost halving cervical cancer incidence in 20 

years while eliminating the need for colposcopy clinics.   

 

7.2  Strengths and limitations 
 
The specific strengths and limitations of each analysis in this thesis were presented in the discussion 

sections of chapters 3 to 6. We will now discuss the overarching strengths and limitations of the 

complete body of work. 

The fact that this work built on an existing individual-based model to investigate HPV and HIV 

transmission dynamics, HPV natural history and cervical cancer incidence was both a strength and a 

limitation. The population demographics, sexual network and HIV infection components of the model 

were already well developed, and could be applied with little change for this project. The individual-

based model was the appropriate framework for answering the research questions of Chapters 3 and 4, 

since it involved simulation of cohorts of individuals. The individual-based approach is also ideal for 

simulating detailed screening algorithms – although this body of work did not delve into optimizing 

screening algorithms for maximum impact on cervical cancer incidence, this will be investigated in 

future work using the foundation that was established here. The limitation of the framework is that the 

individual-based approach is extremely computationally intensive and time-consuming when 

simulating incidence of cancer. Since cancer is such a rare event, the number of individuals simulated 



Chapter 7 
 

92 
 

over time needs to be large enough to generate sufficient numbers of cancer cases, while also 

considering the impact of stochasticity.   

The parameters that determine the components of the model – HPV infection, pre-cancer and cancer – 

were calibrated using data obtained by performing extensive reviews of South African data sources. 

However, the majority of the data are from the Western Cape (WC), which may raise concerns about 

the generalisability of our results to the entire country. In particular, the model’s screening algorithm 

and cancer mortality rates are based almost entirely on WC data, and only one study outside the WC 

estimated prevalence of pre-cancerous lesions. Of the 20 study estimates of type-specific HPV 

prevalence, 12 were from the WC.  

Prior distributions of parameters were determined by literature reviews, and where no data exist to 

inform distributions, we opted for relatively non-informative prior distributions. Uncertainty in our 

model estimates are driven by those parameters that are difficult to measure in empirical studies, such 

as per-sex act transmission probabilities, durations of natural immunity and latency, and progression 

and regression of advanced stages of pre-cancer.  

The modelling of HIV infection and progression in version 1 of MicroCOSM, which this thesis built 

on, has some limitations. Medical male circumcision is not simulated, although this has increased in 

South Africa in recent years and reduces risk of both HIV and HPV transmission. This limits 

projection of HIV prevalence in the long term using this model. In addition, this version of 

MicroCOSM is based on a clinical HIV staging system, rather than a CD4-based staging system, and it 

doesn’t explicitly represent HIV testing and diagnosis, or viral suppression on ART. This means that 

the model might not represent changes in the cascade of HIV care over time as realistically as we 

would have liked. The model also does not take international migration into account. To overcome 

these limitations, we reweight estimates from our model using population estimates (by age, sex, HIV 

and ART status) from the Thembisa model when projecting after 2020.  

In order to estimate the impact of HPV vaccination on cervical cancer, one has to project well into the 

future. The first cohort of girls aged 9 were vaccinated in 2014 and won’t reach the peak age of 

cervical cancer incidence before 2050. To show the cumulative, increasing impact of vaccination, we 

project cervical cancer incidence for the next century. In order to do this, we have to make 

assumptions about long-term population demographics and sexual behaviour. We also assume that 

drugs, diagnostics and treatments will have the same efficacy over time. All of these assumptions lead 

to uncertainty in our findings.  

The calibration of our main cervical cancer parameters depended on the assumed fraction of diagnosed 

cervical cancers that do not receive a pathological diagnosis, and that are therefore not included in the 

NCR database. Estimates of this fraction are very different for the two population-based cancer 

registries in South Africa and we had to make assumptions about this value at the national level. We 
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are currently working with colleagues at the WC PHDC to develop an algorithm that will identify 

women with cervical cancer using the unique patient identifier and laboratory, diagnosis, pharmacy 

and procedure codes. This will allow us to estimate the fraction of cases that did not receive a 

pathological diagnosis in the Western Cape since 2007 which, in combination with the values from the 

two small population registries, will provide a more robust estimate. 

 

7.3 Future research  
 

This study has laid the foundation for future work to determine optimal cervical cancer prevention 

strategies in South Africa. While this study considered the impact of different strategies on cervical 

cancer incidence, health system capacity was only superficially considered, and no cost-effectiveness 

analyses were performed. In our next analysis we will work closely with health economists to 

determine the optimal screening strategy in terms of cost and impact by varying vaccine choice and 

screening technologies, as well as the start and stop ages of screening and intervals between screens. 

In addition, we will perform an analysis of the balance between benefits (preventing more cases) and 

harms (unnecessary treatment) when comparing the strategies with Pap smear screening (low 

sensitivity, high specificity) to the strategies with HPV-DNA screening (high sensitivity, low 

specificity).  

MicroCOSM has been extended to include a more detailed HIV natural history, more options for HIV 

prevention (e.g. medical male circumcision) and will be extended to include smoking and obesity (risk 

factors for CC) and socio-economic factors (210).  We will implement the HPV and cervical cancer 

components in this new version of MicroCOSM and investigate the impact of medical male 

circumcision on HPV transmission, as well as the impact of smoking and obesity interventions on 

cervical cancer incidence.  

It is important to identify which sections of the population are being missed by current screening and 

treatment programmes. This thesis did not distinguish between women screened in the public and 

private healthcare sectors of South Africa, but it is likely that there are differences in screening 

coverage and access to treatment between these populations. Differences in levels of access to 

screening and treatment may also exist for women with different levels of educational attainment and 

women in urban versus rural locations (211).  The extension of MicroCOSM to include socio-

economic factors will allow us to model the impact of differences in access on cervical cancer 

incidence.  

In this thesis, we modelled HPV types as if they are independent of each other. However, it is possible 

that HPV types not covered by the existing vaccines may take the place of the vaccine types by filling 

an ecological niche (212). There is increasing evidence of this theory as vaccinated cohorts age. In a 
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recent updated meta-analysis, Drolet et al. show that 5-8 years after vaccination, the prevalence of 

non-vaccine types increased by 12-17% in studies that enrolled women from the general population in 

pre- and post-vaccination periods (213). Since type replacement could potentially change HPV 

dynamics substantially, we will estimate the impact of these findings on our model results. 

In future work, we will revisit the model’s assumptions about viral latency and reactivation of latent 

infection to consider the possibility that reactivated infections may be less likely to progress to cancer. 

We may potentially update our assumption that there is no biological interaction between HIV and 

HPV transmission if new compelling evidence is generated.  

 

7.4 Policy recommendations 
 

Three main recommendations result from this work. Firstly, to have the greatest impact on cervical 

cancer in the next twenty years, we recommend that Pap smear screening should be replaced by HPV-

DNA based screening. Since these tests can be processed by the GeneXpert machines that are 

available at nearly 200 decentralised clinics across South Africa (214), it is possible that a woman with 

HPV types 16 or 18 can be screened and treated at the same facility visit. This may require additional 

training of healthcare workers at primary care facilities to perform pre-cancer treatment procedures, 

but may significantly reduce loss to follow up. Due to the low specificity of the test to detect high-

grade pre-cancer, referring all women testing positive for other high-risk HPV types to colposcopy 

clinics may overburden the system, and we recommend Pap smear as a triage method. The loss in 

sensitivity of this method may be offset by the low linkage to colposcopy clinics, which may become 

worse with an increased number of referrals. This recommendation is based on the strategy that will 

have the greatest impact on cervical cancer incidence, and future research will focus on identifying the 

strategy that is most cost-effective. 

Secondly, if the current strategy of screening with Pap smear and referral to colposcopy is maintained, 

urgent increased access to colposcopy clinics and treatment, and decreased waiting times is required. 

This would require investment in colposcopy equipment and training of healthcare workers. Thirdly, 

we recommend better adherence to the existing policy of screening HIV-positive women every three 

years. We estimate that at current levels of screening and linkage to treatment, more than half of CC 

cases will be HIV-positive for the next 30 years. Although women who are HIV-positive but not yet 

accessing HIV care may be hard to reach, those who are on ART regularly interact with the health 

system and should be easy to reach for CC screening.  

An important topic that this thesis reinforces is the utility of a unique patient identifier in a public 

health information system. The ability to link health data from all the levels of healthcare facilities, 

laboratories and pharmacies at the individual level not only has the potential to improve patient care, 
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but enables thorough monitoring and evaluation of prevention and treatment programmes that require 

substantial government investment. This thesis illustrated the benefits of the unique identifier to 

quantify the cervical cancer screening cascade in the Western Cape but benefits of such a system will 

extend to all healthcare. A health information system with a unique identifier may also eliminate the 

need for population-based cancer registries, by enabling identification of cancer cases from laboratory 

data (contained in the current pathology-based National Cancer Registry) as well as from hospital 

(diagnosis and procedure codes) and pharmacy data (chemotherapy drugs). The Western Cape’s 

Provincial Health Data Centre has proven that the establishment of a health information system with a 

unique patient identifier is possible, and this thesis has illustrated the level of programme evaluation 

that the system enables. We therefore recommend that such a system be implemented at the national 

level. 

 

7.5  Conclusion 
 
This thesis presents an epidemiological model of HIV, HPV, and cervical cancer in South Africa. The 

research presented here advances our understanding of HIV and HPV transmission dynamics, as well 

as the natural history of HPV infection. The analysis of the Western Cape’s public sector cervical 

cancer screening and treatment data shows low coverage of screening, low linkage to treatment and 

poor adherence to screening intervals, which highlights the need for unique patient identifiers in 

routine surveillance data to monitor and evaluate the success of the prevention programme. Our model 

allows for estimation of the impact of both HIV and cervical cancer prevention on cancer incidence, 

and provides the opportunity to identify the vaccination and screening strategies with the greatest 

public health significance.  
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Appendix A – Technical Appendix 
 

This technical appendix provides more details about previously developed features of the 
MicroCOSM model (version 1) and modifications to this framework to include the transmission of 
oncogenic human papillomavirus (HPV) and its progression to cervical cancer.  

 

A.1 HIV and other sexually transmitted infections 
 

MicroCOSM simulates the natural history of human immunodeficiency virus (HIV), genital herpes, 
syphilis, gonorrhoea, chlamydia and trichomoniasis. Assumptions about transitions between disease 
states are described in detail in the online appendix of Johnson & Geffen (144). Of these STIs, only 
HIV is simulated in this study. HIV is introduced to the population in 1990 by randomly choosing a 
fraction of high-risk individuals to be HIV-positive. The parameters with greatest uncertainty driving 
the spread of HIV in South Africa were estimated in Johnson & Geffen and in this study, we will use 
the medians of the best fitting parameter combinations (Table A 1). 

 

Table A 1 - Best-fitting HIV model parameter values 
Parameter Median (IQR) 

Transmission probability per sex act   

M-to-F, non-spousal 0.81% (0.69-0.93%) 

F-to-M, non-spousal 0.36% (0.31-0.4%) 

M-to-F, spousal 0.19% (0.14-0.24%) 

F-to-M, spousal 0.17% (0.13-0.21%) 

Relative infectiousness, acute HIV 19.3 (14.9-23.1) 

Relative infectiousness, AIDS 6.9 (5.71-8.15) 

Initial prevalence in high-risk women 2.31% (1.76-2.6%) 

Bias in self-reported condom use 0.638 (0.537-0.773) 
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symptoms 

AIDS 
(untreated) 

On ART ART interrupted 

Figure A 1- Model of the natural history of HIV 
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Figure A 2 – HIV prevalence by age, sex and time. Black dots and error bars are data from the HIV 
prevalence surveys performed by the Human Sciences Research Council (HSRC), and the red lines 
are estimates from the model.  
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Figure A 3 – ART coverage and HIV prevalence over time. 

  

A.2 Sexual behaviour 
 

At birth, or in 1985, an individual is randomly assigned the static status of high-risk or low-risk based 
on the propensity for concurrent partnerships or commercial sex. All individuals become sexually 
active between ages 10 and 30. At each time step, individuals looking for sexual partners are matched 
to other individuals looking for partners. Low-risk individuals will be single, looking for one partner. 
High-risk individuals may be looking for a primary partner, secondary partner or, if male, a contact 
with a female sex worker. All single individuals will look for a short-term relationship (at rates 
determined by age, sex and risk group), which may eventually (with an average duration of six 
months) dissolve or become a long-term relationship (marital or cohabiting). When sexual 
relationships are formed, the ID of the individual is linked to the ID of the partner which allows us to 
simulate the sexual network and keep track of transmission of STIs in the population. Relationship 
dissolution or marriage is based on rates determined by age and sex. It is possible to form 
relationships with individuals in different age groups or risk groups. Condom usage and frequency of 
sex acts depend on age, sex, and relationship type. Condom usage is modelled in a similar way as in 
the Thembisa model (205), with the proportion of sex acts protected by condoms increasing as HIV 
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prevalence increases, and declining again after the scale-up of ART (Figure A 4). Male circumcision 
is not simulated in this version of MicroCOSM. Rates at which sexual behaviour related events occur 
have been estimated in previous publications (144,145) and details regarding the wide variety of data 
sources and the calibration methods to estimate the rates are documented in these publications. 

 

Figure A 4 – The proportion of sex acts protected by condoms among females aged 20-24 over time.  

 

A.3 Starting conditions 
 

As mentioned in the previous section, the simulation of individuals in MicroCOSM starts in 1985, and 
HIV is introduced in 1990. With the exception of condom usage, sexual behaviour does not change 
over time. Individuals are randomly assigned to HPV stages (for each of 13 types) in 1985 according 
to their sex, age and sexual behaviour risk category. For men, these stages are HPV naïve 
(susceptible), HPV infected, latently infected, or naturally immune. For women, the stages are the 
same as for men, but with three stages of pre-cancer (CIN1-3) and one stage for cancer (Stage I, 
undiagnosed cancer). The fraction that is assigned to each stage is determined by an iterative process:  

1) Calculate crude estimates of the fraction in each stage in 1985 by age, sex, and risk 
category by using prevalence data. 

2) Using the medians of the prior distributions of the parameters and these crude starting 
conditions, simulate HPV in the population for 50 years, assuming no HIV, no change in 
condom use and no CC screening. 

3) Calculate the fraction of individuals in each HPV stage by age, sex, and risk category at 
the end of the simulation and update the starting conditions with these values. Repeat 
steps 2 and 3 until fractions remain stable over time.  

4) Calibrate the model to data and after each calibration step, repeat steps 2 and 3 by 
replacing the medians of the prior distributions with the medians of the best fitting 
parameter values. 
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The natural history of HPV – from infection to cancer – is a process that happens over a ~30-year 
period in immune competent women. By following this process to determine starting conditions, we 
are therefore not only assuming that sexual behaviour parameters remain constant after 1985, but we 
are also implicitly assuming that they were the same in the decades preceding 1985. This is a 
limitation of our study. 

 

A.4 Screening algorithm 
 

A.4.1 Background on screening in South Africa 
The South African National Department of Health published a cervical cancer screening policy in 
2000. Before, women in the public sector typically received pap smears only for diagnostic purposes, 
with some regional exceptions. The policy allows for a pap smear every 10 years, with the first smear 
after age 30. Screening coverage estimates are published in the annual District Health Barometer 
(DHB) (181). The numerator is a count of all smears performed, excluding those collected for 
diagnostic purposes or repeat smears (e.g., following an inadequate smear). Since each woman should 
be screened once in 10 years, the target population (denominator) every year is a 10th of the 
population of women aged at least 30.  

In 2010, NDoH published HIV management guidelines that included a section on cervical cancer 
screening (182). In this document it was stipulated that all women should receive a Pap smear 
immediately after testing HIV-positive and every three years thereafter. However, HIV status is not 
captured well on cytology forms sent to NHLS, and to date the DHB estimate of cervical cancer 
screening coverage is not separated by HIV status. Therefore, this estimate is biased in at least three 
ways (Chapter 5):  

1) The same HIV-positive women can be counted 3 times in a ten-year interval, and they may be 
younger than 30.  

2) Due to the lack of a unique identifier, it is impossible to determine whether women and 
clinicians follow the ten-yearly interval policy, and some women may be screened more 
often.  

3) Only public sector Pap smears are counted, but the entire population older than 30 (public and 
private healthcare users) is used as the denominator. 

 

Screening coverage in the WC, as estimated in the DHB, has been close to the national average 
(Figure A 10) between 2006 and 2017. For this reason, we use data from the Western Cape – 
available between 2007 and 2018 – as a proxy for national level data in the derivation of the national 
population level screening algorithm in our model. 

The WC is the only province in South Africa that utilises a unique patient identifier at all levels in the 
public health care sector (188) and therefore this dataset has individual level records of Pap smears 
performed. The cytology dataset has also been linked to HIV data sources such as laboratory tests and 
ART programme data and we can estimate HIV and ART experience at the time of the smear.  

Figure A 5 shows the process of screening that is in general followed in the public health sector of 
South Africa and that we will simulate in our model. More details regarding every step are explained 
below. 
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Figure A 5 - Screening algorithm in MicroCOSM 
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A.4.2 Probabilities of entering screening 
To inform the screening algorithm in our model, we built a separate simulation model to obtain 
probabilities of entering cervical cancer screening. This simulation model is described below. 

 

A.4.2.1 Simulating the population of the Western Cape 
The first step in this individual-based model is to simulate a model population that represents the 
female population aged 15 and older in the Western Cape between 2001 and 2018. We use population 
size, all-cause mortality, migration and HIV estimates from Thembisa 4.2 (215). In the WC screening 
data, we have found that the time between routine screens is on average similar for women with 
negative or unknown HIV status and women who are HIV-positive, but ART-naïve (Chapter 5). 
Therefore, we have split the population of our screening simulation model into two parts – women 
who are ART-naïve (HIV-negative or -positive) and women who are ART-experienced. To match 
population estimates from Thembisa, we assume that women can initiate ART starting from 2005 and 
that the yearly rate of initiating ART increases linearly. This does not realistically correspond to the 
way ART has been rolled out in the last 15 years, but produces credible numbers of women on ART 
in our simple model world. These rates, by age group, are estimated as the rates that minimise the 
squared difference between the simulated population size and the Thembisa population size. Women 
on ART have different mortality rates than other women, who experience all-cause mortality rates 
(including HIV). Figure A 6 illustrates population sizes in the Thembisa data and simulation model 
for the best fitting parameters, as shown in Table A 2.  

 

Table A 2 - Least square estimate of the slopes of the linear increase in rate of ART initiation. These 
numbers can be interpreted as follows: In 2005, each woman aged between 30 and 40 initiated ART 
at a rate of 0.0029, while in 2015, this rate increased to 10*0.0029=0.029. 

Age 15-30 30-40 40-50 50-90 

Initiate ART 0.07% 0.29% 0.12% 0.02% 
 

 

Figure A 6 - The number of ART-naïve women (HIV-positive or -negative) and ART-experienced in 
each age group in the Western Cape, as estimated by Thembisa (the dots) and the screening 
simulation model (the lines). 
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A.4.2.2 Simulating cervical cancer screening in the Western Cape 
In the screening simulation model, we make some key assumptions. We assume that screening only 
happens up to the age of 60, and that HIV-negative and ART-naïve women can start screening at the 
age of 20 and women on ART at the age of 15. We assume that no one was screened before 2000 and 
that the yearly rate of entering the screening programme or receiving a first-time screen increases 
linearly from zero in 1999 and (for HIV-negative and ART-naïve women) plateaus in 2010, the year 
that the number of screens performed among these women seems to be stabilising. The exception is 
that rates of entering screening are constant for HIV-negative and ART-naïve women aged 20 to 30 – 
these women are excluded from the national recommended screening policy, but data show that they 
are screened at low frequencies. Hence, there are 4 unknown parameters: the constant rate for HIV-
negative and ART-naïve women aged 20 to 30 and a slope of the linear increase for the age groups 
30-40, 40-50 and 50-60. The yearly rate of entering screening for ART-experienced women of four 
age groups (including women aged 15 to 30) increases linearly from zero in 2004 and does not 
plateau, i.e., there are also 4 unknown parameters. The simulation model does not distinguish between 
routine screens and screens for diagnostic purposes. The rates of entering screening represent 
screening for any reason.  

Intervals between screens are randomly drawn from two Weibull distributions – one for HIV-negative 
and ART-naïve women and one for ART-experienced women (Figure A 7). These distributions were 
derived from the WC data and represent the time between a Normal Pap smear result and the 
following smear. If an HIV-negative or ART-naïve woman receives a Normal Pap smear result after 
the age of 50, she is not screened again. 

 

 

Figure A 7 - Distributions of time between a Pap smear with Normal cytology and next routine Pap 
smear. Red dots are data from the WC NHLS cytology database and black lines are best fitting 
Weibull distributions. These figures can be interpreted as follows: In A), around 23% of HIV-negative 
and ART-naïve women have returned for a next routine screen within 3 years and in B), around 50% 
of ART-experienced women have returned for a next routine screen within 3 years. 

 

We exclude repeat smears from the WC data. These are smears performed following an inadequate 
smear (follow-up should be within 3 months) or a follow-up smear following a Pap smear result of 
lower grade lesions (follow-up should be within 1 year). We do not simulate adequacy or cytology 
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result and therefore repeat events in the WC data are represented by one event in the simulation 
model, which has yearly time steps.   

The simulation model is stochastic, but seeds are fixed in the calibration phase. We use the Nelder-
Mead algorithm to estimate the rate (for women aged 20-30 HIV-negative/ART-naïve) and slopes (for 
everyone else) that results in the smallest squared difference between the number of screens 
performed every year between 2007 and 2018 in the simulation model and the WC data. Then, 
varying the seed for the random number generator, we run the simulation a 100 times with the least-
squares estimates of the parameters (Table A 3 and Figure A 8) and show the means in Figure A 9. In 
Figure A 8 we convert rates to probabilities for ease of interpretation. 

 

Table A 3 - Least square estimate of the slopes of the linear increase in rate of entering the screening 
programme. These numbers can be interpreted as follows: ART-naïve women aged 20-30 have a 
constant rate of entering the screening programme of 0.011 per year. In 2000, each woman aged 
between 30 and 40 ART-naïve entered the screening programme a rate of 0.008, while in 2010 and 
every year thereafter, this rate is 11*0.008=0.088. 

Age 15-30 30-40 40-50 50-60 
HIV-negative and ART-naïve 0.011* 0.008 0.005 0.008 
ART-experienced 0.046 0.048 0.043 0.053 

 *Constant rate for women aged 20-30 

 

 

Figure A 8 – Yearly probabilities of entering the screening programme, by age and ART status. 
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Figure A 9 - The number of ART-naïve women (HIV-positive or -negative) and on ART in each age 
group receiving routine Pap smears in the public sector of the Western Cape, as counted from the WC 
NHLS data (the dots) and the screening simulation model (the lines).   

  

 

We calculate screening coverage from our simulated data using the same method as the estimate 
published in the District Health barometer (181) and show this estimate over time along with 
estimates from the WC and South Africa as published in the DHB (Figure A 10). Coverage estimates 
from the simulation model are slightly lower than the numbers published in the DHB, since we 
removed some additional repeat smears that were not indicated as such in the data (the authors of the 
DHB do not have access to the individual-level data and are not able to do this). We implemented this 
screening algorithm in the individual-based model that simulates the natural history of HPV 
(MicroCOSM). Coverage from this simulation is also shown in Figure A 10.  

Note that although we used the 2007 to 2018 Western Cape data to fit the model, we use this data as a 
proxy for national level data and start at a coverage of 0% in 1999. For this reason, we intended that 
the simulation data in Figure A 10 match the South African coverage from 2000 to 2006.  
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Figure A 10 - Screening coverage defined as the number of routine screens performed for women 
aged 30 and older, divided by a 10th of the population. In this definition, all screens are counted, with 
the exception of repeat smears and diagnostic smears. 

 

A.4.3 Adequacy of smears 
 

According to the Western Cape NHLS cytology dataset, around 90% of all screens were adequate for 
evaluation (contained endocervical cells) between 2007 and 2014. In 2015, after publication of the 
updated Bethesda system (89), smears without endocervical cells could also be classified as adequate, 
and the adequacy increased to 97.5% in 2018. In Limpopo, adequacy remained around 98% between 
2007 and 2010 (216). However, analyses of adequacy in South Africa as a whole, also using NHLS 
data, found very different results. Makura et al. (217) estimated the median adequacy rate over all the 
districts in the country in 2013/14 was 47% with an interquartile range of 44 to 56%. Schnippel et al. 
(218) showed that overall national adequacy declined from 80.5% in 2010 to 54.4% in 2014 and they 
argue that this decline may be attributable to the increase of Pap smear coverage. In a study performed 
in 2001/2, large discrepancies in adequacy rates were shown among three labs at different time points, 
varying from 45% to 100% (39). A national level study performed in the early 2000s showed very 
high overall adequacy in all sites of 95% and above (219). In our model, we assume that adequacy 
was 90% until 2007, linearly declined to 54.4% in 2014 and stayed constant thereafter.  

A woman with an inadequate screen should return for screening within three months. However, 
between 2007 and 2015, only 9% of women returned within 3 months in the WC. To simulate 
rescreening for women with inadequate results, we fitted a Weibull distribution through the 
proportions of women who have not returned (Figure A 11). We use the subset of women with 
inadequate smears between 2007 and 2015 to maximise follow-up time and reduce right censoring. In 
the model, a time of rescreening will be randomly drawn from this Weibull distribution.     



Appendix A 
 

122 
 

 

 

A.4.4 Screening interval following Normal smear 
 

According to South African cervical screening policy, women should be rescreened after 10 years 
following a Normal pap smear result (33) and an HIV-positive woman should be rescreened after 3 
years (182). To investigate the implementation of these guidelines, we use the individual level data 
from the WC to estimate time to follow-up screen following a Normal result, by HIV and ART status. 
We use the subset of women screened in 2007/2008 to maximise follow-up time and minimise right 
censoring and fit Weibull distributions to the proportions of women who have not returned over time. 
We fit separate distributions according to HIV and ART status and found very similar distributions for 
HIV-negative/unknown status women and for HIV-positive, but ART-naïve women (Chapter 5). For 
this reason, time to next screen is randomly drawn from the appropriate Weibull according to 
HIV/ART status as shown in Figure A 7.  

 

A.4.5 Screening interval following LSIL smear 
 

According to the policy, a woman who screens positive for a lower grade lesion should be rescreened 
after 1 year (33). If the follow-up screen is LSIL or worse, the woman will be referred to colposcopy. 
This guideline is the same for HIV-negative and positive women. To investigate the implementation 
of the guideline, we use the individual level data from the WC to estimate time to follow-up screen 
following a LSIL result.  

Figure A 11 - Distribution of time between an inadequate screen and the next screen, in three-monthly 
time steps. Red dots are data from the WC NHLS cytology database and the black line is the best fitting 
Weibull distribution. This figure can be interpreted as follows: 8.8% of women have returned for 
rescreening within 3 months and 17.8% within 6 months. 
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We use the subset of women screened in 2007/2008 to maximise follow-up time and minimise right 
censoring and fit Weibull distributions to the proportions of women who have not returned over time. 
We fit separate distributions according to ART status (Figure A 12). The distributions were similar for 
HIV-negative/unknown and HIV-positive but ART-naïve, and therefore these data were grouped.  
The average time between a LSIL and follow-up screen is 14.7 years for women who are ART-naïve 
and 5.7 years for women who are ART-experienced.  

In the model, time to next screen is randomly drawn from the appropriate Weibull according to ART 
status.  

 

 

Figure A 12 - Distributions of time between a Pap smear with ASCUS/LSIL cytology and follow-up 
Pap smear. Red dots are data from the WC NHLS cytology database and black lines are best fitting 
Weibull distributions. These figures can be interpreted as follows: In A), around 19% of women 
unknown/negative HIV status or HIV-positive but ART-naïve have returned for the follow-up screen 
within a year and in B), around 23% of women who are ART-experienced have returned for the 
follow-up screen within a year.  

 

 

A.4.6 Sensitivity and specificity of screening tests 
 

A.4.6.1 Conventional cytology  
Sensitivity and specificity of Pap smear depends on many factors. In one meta-analysis, the pooled 
sensitivity/specificity of conventional cytology to detect LSIL+/CIN1+ was 75.6%/81.2% (90). The 
nine studies included in this meta-analysis included women with recent history of abnormal smear 
which may result in higher sensitivity and false-positive rate. In another meta-analysis of 71 studies 
median sensitivity/specificity of LSIL+ cytology to detect CIN1+ was 69%/81% (6). When only 
considering studies in Nanda et al. (6) without verification bias that included only routinely screened 
non-pregnant women, sensitivity was much lower (weighted average 35%) and specificity much 
higher (weighted average 96%).   
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Three South African studies were identified that had sufficient data available to calculate sensitivity 
of Pap smear to detect each histological state (115,220,221). The overall sensitivity of a LSIL+ Pap 
smear to detect CIN1+ in these studies is higher than among the studies without verification bias in 
(6). These studies were performed among women in Cape Town, in communities with HIV 
prevalence of around 12% at the time (115,220,221). For the general screening population, regardless 
of HIV status we will use the probabilities in Table A 5 in our simulation.  

 

Table A 4 - Sensitivity and Specificity of Pap smear in three South African studies (115,220,221). 
Study Sample size Sensitivity  Specificity  Gold Standard 

Denny   2922 66.9% 94.4% 
Colposcopy for all women positive on either cytology, HPV, 
cervicogram or VIA (26%) and then colposcopy and 
biopsy/endocervical curettage 

Wright  1352 49% 96.8% 
Colposcopy for all women positive on either cytology, HPV, 
cervicogram or VIA (38.9%) and then colposcopy and 
biopsy/endocervical curettage 

Taylor 2444 64.1% 95.8% All participants received colposcopy and biopsy/endocervical 
curettage 

 

Combining the numbers for all 3 studies produced the results in Table A 5. 

 

Table A 5 - Pap smear accuracy derived from three South African studies (115,220,221).  
Histology result 

 
Normal CIN1 CIN2+ 

Cytology result 
  

Normal 6036 (95.4%) 96 (48.7%) 54 (27.8%) 

LSIL 213 (3.4%) 69 (35%) 35 (18%) 

HSIL+ 78 (1.2%) 32 (16.2%) 105 (54.1%) 

Total 6327 197 194 

 

In the model we assume that when a woman who has no cervical disease receives a Pap smear, the 
result will have a 95.4% probability of being Normal, 3.4% probability of LSIL and 1.2% probability 
of HSIL. If a woman with CIN2+ is screened, she has 54.1% probability of being correctly diagnosed 
and referred to colposcopy in the simulation and 27.8% of being diagnosed with a normal cervix, and 
therefore not referred. Eighteen percent of women with CIN2+ will be diagnosed with LSIL and will 
only be referred if the screening event is a repeat screen. Only two of the studies showed numbers for 
cervical cancer diagnoses (220) (115). Combining the small numbers from these two studies, we 
estimate that 6/17 (35%) of HSIL+ Pap results will correctly diagnose asymptomatic cervical cancer.  

 

A.4.6.2 HPV-DNA test 
A recent meta-analysis estimated that the sensitivity/specificity of a HPV-DNA test to detect CIN2+ 
is 95%/92% (222). The majority of the studies included in the meta-analysis were performed in low 



Appendix A 
 

125 
 

HIV prevalence settings. Table A 6 shows values from South African studies that estimated diagnostic 
accuracy of HPV-DNA tests to detect CIN2+.  

Table A 6 – Diagnostic accuracy of HPV-DNA testing as screening method. 
  

 Study 

HIV-negative HIV-positive 

Age 

 

test Sensitivity Specificity Sensitivity Specificity 

Kitchener 2007 (223)     100% 33% median 29 HC2 

Firnhaber 2013 (195)     92% 51% 18-65 HC2 

McDonald 2014 (14) 85% 81% 99% 52% 17-65 HC2 

Segondy 2016 (224)   92% 61% 25-50 careHPV 

Segondy 2016 (224)   98% 31% 25-50 INNO-LiPA 

Kuhn 2020 (28) 89% 87% 94% 60% 30-65 GeneXpert 

 

It is clear that HPV-DNA testing has low specificity for CIN2+ in HIV-positive women, since they 
have high levels of infection. We can see that specificity is lowest in the study where the median age 
of participants was lower than 30 and higher in the study where all the participants were older than 30.   

We assume that an HPV-DNA screening test is 95% sensitive, but 100% specific to detect infection 
with any of the 13 HPV types (regardless of HPV disease status). Using these assumptions, the 
clinical sensitivity generated by the model for detecting CIN 2+ (among women aged 30-65) is 95%, 
and specificity is 81% for HIV-negative women and 56% for HIV-positive women. 

 

A.4.6.3 HPV-DNA test with cytology triage 
Due to the low specificity of HPV-DNA testing to detect CIN2+, especially in groups with high HIV 
prevalence, the use of HPV-DNA testing as a referral test will lead to large numbers of women 
unnecessarily treated, which has psychological and fertility implications. We will investigate the 
impact of HPV-DNA testing followed by a Pap smear for women testing positive, on both CC 
incidence and relative referral rates. For South Africa, we could not find data on the diagnostic 
accuracy of Pap smear when preceded by a positive HPV-DNA test. However, the WHO Guidelines 
Development Group (2020) performed meta-analyses of studies that estimated accuracy of this 
screening method. They found that sensitivity/specificity of the finding of any atypical cells 
(ASCUS+) on the triage Pap smear to predict CIN2+ was 72%/75% in populations with low HIV 
prevalence (225) and 92%/44% among HIV-positive women [personal communication: Helen Kelly]. 
We will use these values for HIV-negative and -positive women in our simulations. 

 

A.4.7 Fraction who visit colposcopy clinics 
 

In the Western Cape, large fractions of women who should receive colposcopy services have no 
record of doing so (Chapter 5). The fractions of women who access colposcopy services within two 
years, by year and HIV/ART status is shown in Table A 7. In the model, a woman who needs 
colposcopy will have a probability of accessing this service based on the values in Table A 7 and if 
she does access the service, it will occur at six months post Pap smear. If she does not attend the 
colposcopy visit, a time to next routine screen will be drawn from the appropriate Weibull distribution 
in Figure A 7 and Section A.4.6. After 2017, percentages will stay constant at the 2017 values. 
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Table A 7 - Percentages of women who access colposcopy services within 2 years after indicative Pap 
smear.  

 
2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 

HIV-negative or unknown 33.3 28.3 28.2 29 30.1 34.8 40.9 45.1 49.6 53.7 54.4 

HIV-positive – ART-naïve  24 18.9 20.8 21.7 20.4 25.1 28.6 30.6 34.2 40 38.4 

HIV-positive – ART-
experienced 41.6 24.8 27.7 25.9 24.1 28.2 31 31.4 34.9 42 44.2 

 

It is possible that these low but increasing levels of linkage could be partly explained by poor but 
improving adherence to electronic data capture requirements (Chapter 5). However, health systems in 
the WC are generally more efficient than in the rest of the country and although these numbers may 
be an underestimate of linkage in the WC, it may be an overestimate for the rest of the country. The 
NCR provided us with a list of facilities in the country where cervical cancer was pathology 
diagnosed – i.e., an approximation of the number of facilities that could perform a colposcopy. 
Although the number of such facilities per adult woman varies widely across provinces, the number 
for the WC was close to the average. 

 

A.4.8 Colposcopy visit 
 

Although the first cervical cancer screening policy provided guidelines for referral to colposcopy 
clinics based on Pap results, the policy provided only two sentences on treatment (33): “If negative on 
colposcopy and cytology, the patient can be discharged. If positive, treat.” The most common 
treatment method for cervical pre-cancer in South Africa is the LLETZ (large loop excision of the 
transformation zone). Based on conversations with gynaecologists and medical officers at different 
colposcopy clinics in South Africa, we conclude that the “look and LLETZ” (226) approach is 
followed in most facilities. This approach implies that a LLETZ will be performed if the colposcopist 
can see a CIN2 lesion or higher, or if the indicative Pap smear was HSIL. This means that even if the 
transformation zone cannot be visualised through colposcopy, but Pap smear was HSIL, the LLETZ 
will be performed. In some clinics, HIV-positive women are treated with LLETZ even if results were 
LSIL/CIN1 (226). In other clinics, all visualised CIN1 lesions will be treated with cryotherapy or 
electrode cauterisation. To simplify our model’s algorithm, all women with CIN1+ on colposcopy 
will be treated.  

Mitchel et al. (227) performed a meta-analysis of studies comparing detection of any abnormalities by 
colposcopy to the gold standard of colposcopy directed biopsy. Based on this gold standard, 
colposcopy has high sensitivity (96%), but only 48% specificity. Cantor et al. (228) shows that the 
accuracy of colposcopy directed biopsy versus the true gold standard of biopsy for all participants has 
high sensitivity of 88%, but that the specificity is again low at 57%. Using these point estimates, we 
derive sensitivity of colposcopy to detect CIN1+ compared to the true gold standard of biopsy as 91% 
and specificity of 29%.  

In the model, 91% of women with CIN1+ will be diagnosed by colposcopy and 71% of women with 
healthy cervixes will be incorrectly diagnosed and treated. In addition, women who had a HSIL smear 
will also be treated. We assume that colposcopy has 100% sensitivity to detect cancer. Time to 
follow-up visit is drawn from Weibull distributions based on WC data in Figure A 13.  
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A.4.9 Success of treatment 
 

In the model, women with high grade abnormalities will be treated with LLETZ. According to a 
Cochrane review published in 2010, this method has a 95% success rate, defined as having no 
persistent disease 6 months after receiving the treatment (91). A review of South African studies 
shows quite different treatment success rates, as shown in Table A 8.  

Table A 8 - Success of LLETZ in South Africa 
  HIV-negative HIV-positive   

Study N % success N % success Definition of success 

Adam 2008 (226) 149 75.2% 266 30.8% Normal at follow-up Pap smear, median 4 months later 

Zeier 2012 (229) 335 73.1% 778 46.2% Normal at follow-up Pap smear 

Batra 2010 (230) 275 77.8% 219 47.9% Normal Pap at 4 months post treatment 

Noël 2015 (231)      259 41.3% Normal at follow-up Pap smear 

Smith 2017 (232)     83 19.7% Normal/ASCUS Pap 6 months after treatment 

Kabir 2012 (233)     571 35.0% Normal at follow-up Pap smear 

Weighted average  75.2%  40.0%  

 

In the model, a woman will receive treatment if diagnosed with high grade lesions on colposcopy and 
if HIV-negative has a 75.2% probability of moving to the Normal state. Based on data in Adam et al. 
(226), of the 24.8% whose treatment is not successful, half will move to CIN1 and the other half will 
remain in CIN2/3. If a woman who has CIN1 gets treated, half will move to Normal and the other half 
will remain in CIN1. We will assume that treatment with cryotherapy or electrode cauterisation has 
the same success rates. Around 15-18% of women do not clear the HPV infection after successful 
treatment (92–94). In the model, 15% of women with successful treatment will remain HPV infected, 
but without cervical disease and the other 85% will become susceptible to reinfection. After a 
colposcopy visit, it is recommended that women get a Pap smear again within 6 months. Using data 
from the WC, we draw the time to the next Pap from Weibull distributions shown in Figure A 13. 

 

Figure A 13 - Distributions of time between colposcopy visit and follow-up Pap smear. Red dots are 
data from the WC NHLS cytology database and black lines are best fitting Weibull distributions. 
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A.5 Calibration method and data 
 

The HPV infection, cervical pre-cancer and cancer components of the model were calibrated in three 
steps.  

 

A.5.1 Calibration to HPV prevalence data 
  

First, all stages of cervical disease were collapsed into an “HPV infected” stage and the main 
parameters that determine type-specific HPV prevalence were varied (more details in Section A.6). 
The parameter distributions derived in this calibration step were used for the analyses of Chapters 3 
and 4.  

The data in Table A 10 were compiled by performing a review of South African studies. All these 
studies differ in design, size, location and target population and no single study is nationally 
representative. Only studies that recruited participants from the general population, at ART clinics or 
at family planning clinics were included in the calibration process. Studies whose target populations 
were women who attended clinics (for reasons other than family planning or ART) and studies that 
only measured HPV seroprevalence were not included in the calibration (we do not simulate antibody 
response).  

Since none of the studies included in the calibration were performed at a nationally representative 
level, results may be biased if the model is fit to the point estimates of prevalence from the studies, 
without taking heterogeneity between sites into account. Johnson et al. (234) have shown that an 
approach that considers inter-study variability in the definition of the likelihood function can produce 
reasonable nationally-representative model estimates of STI prevalence. In this approach, the model 
estimate of prevalence in study 𝑖𝑖, given parameter combination 𝜑𝜑 expressed as 𝑀𝑀𝑖𝑖(𝜑𝜑) relates to the 
true prevalence θ𝑖𝑖 in the 𝑖𝑖th study population by  

𝑙𝑙𝑙𝑙 � θ𝑖𝑖
1−θ𝑖𝑖

� =  𝑙𝑙𝑙𝑙 � 𝑀𝑀𝑖𝑖(𝜑𝜑)
1−𝑀𝑀𝑖𝑖(𝜑𝜑)

� +  𝑏𝑏𝑖𝑖                                                          

Where 𝑏𝑏𝑖𝑖 is assumed to be a normally distributed random effect with zero mean and a variance of 𝜎𝜎𝑏𝑏2. 
After some rearranging, θ𝑖𝑖 can be expressed as: 

θ𝑖𝑖 =  �1 +  �
1 −𝑀𝑀𝑖𝑖(𝜑𝜑)
𝑀𝑀𝑖𝑖(𝜑𝜑)

� 𝑒𝑒−𝑏𝑏𝑖𝑖�
−1

 

Using a third-order Taylor approximation around 𝑏𝑏𝑖𝑖 = 0, the mean and variance of θ𝑖𝑖 can be 
expressed as:  

E(θ𝑖𝑖) =  𝑀𝑀𝑖𝑖(𝜑𝜑) + 𝜎𝜎𝑏𝑏2𝑀𝑀𝑖𝑖(𝜑𝜑)(1 −𝑀𝑀𝑖𝑖(𝜑𝜑))(0.5 −𝑀𝑀𝑖𝑖(𝜑𝜑)) 

𝑉𝑉𝑉𝑉𝑉𝑉(θ𝑖𝑖) = 𝑀𝑀𝑖𝑖(𝜑𝜑)2�1 −𝑀𝑀𝑖𝑖(𝜑𝜑)�2[𝜎𝜎𝑏𝑏2 + (1.5 − 8𝑀𝑀𝑖𝑖(𝜑𝜑) + 8𝑀𝑀𝑖𝑖(𝜑𝜑)2)𝜎𝜎𝑏𝑏4 

                                                                                          + 15(1
6� −  𝑀𝑀𝑖𝑖(𝜑𝜑) + 𝑀𝑀𝑖𝑖(𝜑𝜑)2)2𝜎𝜎𝑏𝑏6]       (1) 

We assume that the number of positive cases (𝑦𝑦𝑖𝑖) in study 𝑖𝑖 of size 𝑛𝑛𝑖𝑖 are binomially distributed and 
if θ𝑖𝑖 was known, the likelihood function could be expressed as: 

𝑝𝑝(𝑦𝑦𝑖𝑖| θ𝑖𝑖 , 𝑥𝑥𝑖𝑖) =  �
𝑛𝑛𝑖𝑖
𝑦𝑦𝑖𝑖� θ𝑖𝑖

𝑦𝑦𝑖𝑖(1 − θ𝑖𝑖)𝑛𝑛𝑖𝑖−𝑦𝑦𝑖𝑖, 
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where 𝑥𝑥𝑖𝑖 are covariates such as time, study type and age range. The unknown true prevalence θ𝑖𝑖  is 
assumed to be beta distributed: 

 

𝑝𝑝(θ𝑖𝑖|𝜑𝜑∗, 𝑥𝑥𝑖𝑖) =  Г(𝛼𝛼𝑖𝑖+𝛽𝛽𝑖𝑖)
Г(𝛼𝛼𝑖𝑖)Г(𝛽𝛽𝑖𝑖)

θ𝑖𝑖
𝛼𝛼𝑖𝑖−1(1 − θ𝑖𝑖)𝛽𝛽𝑖𝑖−1  

where 𝜑𝜑∗ is the combination of the model parameters and the variance of the random effect 𝜎𝜎𝑏𝑏2. The 
likelihood of observing the data is then: 

 𝑝𝑝(𝑦𝑦𝑖𝑖| 𝜑𝜑∗, 𝑥𝑥𝑖𝑖) =  ∫ 𝑝𝑝(𝑦𝑦𝑖𝑖| θ𝑖𝑖 , 𝑥𝑥𝑖𝑖)
1
0 𝑝𝑝(θ𝑖𝑖|𝜑𝜑∗, 𝑥𝑥𝑖𝑖)𝑑𝑑θ𝑖𝑖                                                                          

                                                                  =  �
𝑛𝑛𝑖𝑖
𝑦𝑦𝑖𝑖� ∫

Г(𝛼𝛼𝑖𝑖+𝛽𝛽𝑖𝑖)
Г(𝛼𝛼𝑖𝑖)Г(𝛽𝛽𝑖𝑖)

1
0 θ𝑖𝑖

𝛼𝛼𝑖𝑖+𝑦𝑦𝑖𝑖−1(1 − θ𝑖𝑖)𝛽𝛽𝑖𝑖+𝑛𝑛𝑖𝑖−𝑦𝑦𝑖𝑖−1𝑑𝑑θ𝑖𝑖  

                                                                  ∝  Г(𝛼𝛼𝑖𝑖+𝛽𝛽𝑖𝑖)
Г(𝛼𝛼𝑖𝑖)Г(𝛽𝛽𝑖𝑖)

Г(𝛼𝛼𝑖𝑖+𝑦𝑦𝑖𝑖)Г(𝛽𝛽𝑖𝑖+ 𝑛𝑛𝑖𝑖−𝑦𝑦𝑖𝑖 )
Г(𝛼𝛼𝑖𝑖+𝛽𝛽𝑖𝑖+ 𝑛𝑛𝑖𝑖)

                                                                    (2) 

Using the properties of the beta distribution, the mean and variance of θ𝑖𝑖 are E(θ𝑖𝑖) = 𝛼𝛼𝑖𝑖 (𝛼𝛼𝑖𝑖 + 𝛽𝛽𝑖𝑖)⁄  
and 𝑉𝑉𝑉𝑉𝑉𝑉(θ𝑖𝑖) = 𝛼𝛼𝑖𝑖𝛽𝛽𝑖𝑖 �(𝛼𝛼𝑖𝑖 + 𝛽𝛽𝑖𝑖)2(𝛼𝛼𝑖𝑖 + 𝛽𝛽𝑖𝑖 + 1)�⁄ . By setting these equations equal to the equations in 
(1), the values for 𝛼𝛼𝑖𝑖 and 𝛽𝛽𝑖𝑖 in (2) can be derived and the likelihood calculated.  

Parameter combinations from the prior distributions in Table A 12 are randomly sampled 500,000 
times and model estimates of prevalence for each study 𝑀𝑀𝑖𝑖(𝜑𝜑∗)  are simulated for each parameter 
combination. The total likelihood for each of the 500,000 parameter combinations over all 20 studies 
in Table A 10 is then calculated by multiplying all 20 values of Equation (2). Each parameter 
combination is assigned a weight by taking the exponent of the difference between the log-likelihood 
value and the maximum of all the log-likelihood values, and normalising these values to sum to one. 
The parameter combinations are then resampled 500 times, with replacement, using these values as 
sampling weights. These parameter combinations are samples from the posterior distributions of each 
parameter (146). 

This approach is only appropriate when using a test with perfect diagnostic accuracy. For HPV 
infection, we assumed that the DNA tests used in the studies have perfect sensitivity and specificity to 
detect infected cells from the sample tested when the individual is actively infected (but not when the 
individual is latently infected, since latent infection is by definition undetectable by current assays). 
The assumption of perfect sensitivity and specificity has been made in the absence of studies that have 
evaluated DNA tests relative to a superior gold standard. 

 

A.5.2 Calibration to cervical pre-cancer data 
 

For the second calibration step, we fix the HPV infection parameters for all 13 high-risk HPV types at 
the medians of the posterior distributions and vary the main parameters that determine cervical pre-
cancer (described in Section A.6.2). Parameter distributions derived in this step were used only in 
Chapter 6 of this thesis.  

We use the prevalence data shown in Table A 9 and Table A 10 for this calibration step. We include 
type-specific HPV prevalence data in this step, since the progression parameters should result in type-
specific prevalence in the model that is consistent with data.  We define prevalence of cervical pre-
cancer in three ways: 1) prevalence of abnormalities of any grade, 2) prevalence of high-grade lesions, 
given any abnormalities were found and 3) prevalence of high-grade lesions.  
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For cervical disease diagnosis, a biopsy is considered to be the gold standard. In routine and study 
settings, a biopsy is rarely performed on a woman who is HPV-DNA, cytology, and colposcopy 
negative. The studies in Table A 9 performed biopsies on all participants. Several routine and study 
data sources are available where cervical disease status was determined using a Pap smear. This 
diagnostic test has extremely variable levels of sensitivity and specificity (6,235) and for this reason 
we did not use cytological data in model calibration. 

The likelihood for this calibration step is derived in the same way as in Section A.5.1. Parameter 
combinations (PCs) from the prior distributions are randomly sampled 100,000 times. Due to small 
numbers in the modelled population, each PC is used to run 3 simulations, and the results are 
aggregated across the 3 simulations to obtain a model estimate 𝑀𝑀𝑖𝑖(𝜑𝜑∗)  of prevalence for each study, 
for each PC. The total log-likelihood for each PC, over all the studies, is then calculated by summing 
all log-likelihood values of Equation 2. The 100 PCs that produced the highest total log-likelihoods 
were chosen as best fitting, and further analyses were performed using these 100 PCs. 
 

Table A 9 - Prevalence of cervical pre-cancer 
Study HIV status Year Location Outcome Age range N Prevalence 

McDonald (14) positive 2000 Khayelitsha CIN2+ 17-30 512 9.6% 

McDonald positive 2000 Khayelitsha CIN2+ 30-40 582 10.3% 

McDonald positive 2000 Khayelitsha CIN2+ 40-65 277 6.5% 

McDonald negative 2000 Khayelitsha CIN2+ 17-25 884 2.5% 

McDonald negative 2000 Khayelitsha CIN2+ 25-30 662 2.1% 

McDonald negative 2000 Khayelitsha CIN2+ 30-35 666 3.6% 

McDonald negative 2000 Khayelitsha CIN2+ 35-40 2272 2.9% 

McDonald negative 2000 Khayelitsha CIN2+ 40-45 1400 3.1% 

McDonald negative 2000 Khayelitsha CIN2+ 45-50 982 3.1% 

McDonald negative 2000 Khayelitsha CIN2+ 50-55 617 2.1% 

McDonald negative 2000 Khayelitsha CIN2+ 55-65 567 1.4% 

Cronje (196) not tested 2001 Free State CIN1+ 21-65 1093 34.9% 

Cronje  not tested 2001 Free State CIN2+|CIN1+* 21-65 382 23.6% 

Denny (115) not tested 1996 Khayelitsha CIN1+ 35-65 2922 6.1% 

Denny  not tested 1996 Khayelitsha CIN2+|CIN1+ 35-65 178 46.6% 

Kuhn (28) negative 2015 Cape Town CIN1+ 30-65 378 12.7% 

Kuhn negative 2015 Cape Town CIN2+|CIN1+ 30-65 48 41.7% 

Kuhn not on ART 2015 Cape Town CIN1+ 30-65 67 37.3% 

Kuhn not on ART 2015 Cape Town CIN2+|CIN1+ 30-65 25 56.0% 

Kuhn on ART 2015 Cape Town CIN1+ 30-65 263 28.9% 

Kuhn on ART 2015 Cape Town CIN2+|CIN1+ 30-65 76 55.3% 

*CIN2 or worse given any abnormality (CIN1+) 
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Table A 10 – Type-specific HPV prevalence  
 

Study HIV status 

Date 

ti Location 

Number 

ni 

Prevalence 

i 16 18 31 33 35 39 45 51 52 56 58 59 68 

 General population data - females  

1 McDonald (14) negative 2000* Khayelitsha 8050 2.7% 1.5% 1.3% 1.3% 2.9% 0.8% 1.8% 1.3% 1.6% 0.9% 1.9% 1.0% 1.3% 

2 McDonald (14) positive 2000* Khayelitsha 1371 8.2% 6.2% 4.1% 4.3% 8.5% 3.7% 5.7% 5.1% 5.4% 3.7% 7.9% 3.3% 6.2% 

3 Giuliano (236) negative 2012 Kraaifontein 391 14.1% 6.4% 4.9% 1.8% 9.0% 4.4% 6.1% 8.7% 11.3% 3.3% 10.0% 7.2% 6.4% 

4 Snyman (237) not tested 2011 Tshwane 253 5.7% 4.9%                       

5 Snyman (238) not tested 2012 Tshwane 160 4.4% 5.7%                       

6 Adler (239) negative 2013 Masiphumelele 50 6.0% 4.0% 0.0% 0.0% 2.0% 4.0% 0.0% 6.0% 4.0% 0.0% 2.0% 2.0% 6.0% 

7 Adler (239) positive 2013 Masiphumelele 35 20.0% 14.3% 2.9% 2.9% 14.3% 5.7% 25.7% 8.6% 11.4% 5.7% 2.9% 2.9% 20.0% 

8 Mbulawa (240)  negative 2014 Masiphumelele 148 10.8% 6.8% 6.1% 1.4% 6.1% 4.1% 6.8% 10.8% 6.1% 4.1% 13.5% 6.1% 8.1% 

9 Mbulawa (240) negative 2014 Soweto 143 12.6% 8.4% 2.1% 1.4% 7.7% 4.9% 1.4% 7.0% 6.3% 1.4% 7.0% 7.0% 6.3% 

10 Mbulawa (241) positive 2006 Gugulethu 277 11.2% 8.7% 4.0% 4.3% 7.6% 5.1% 9.7% 7.2% 11.2% 4.7% 10.5% 5.1% 7.2% 

11 Mbulawa (241) negative 2006 Gugulethu 207 3.4% 2.4% 2.9% 1.4% 4.8% 2.9% 0.5% 1.4% 3.9% 0.5% 4.3% 2.4% 2.4% 

12 Denny (242) positive 2002 Cape Town 311 16.3% 8.9% 5.6% 5.6% 11.5% 6.7% 7.0% 7.8% 13.3% 8.1% 10.0% 8.9% 8.5% 

13 Liebenberg (208) negative 2007 KZN 779 10.8% 7.1% 6.2% 6.8% 9.4% 5.4% 5.5% 9.8% 6.0% 3.0% 9.0% 6.2% 5.3% 

 General population data - males  

14 Vardas (243) negative 2005 Soweto 538 4.4% 4.4% 1.4% 1.6% 3.1% 2.1% 2.9% 4.3% 5.2% 4.1% 3.5% 3.3%   

15 Mbulawa (241) positive 2006 Gugulethu 277 13.3% 7.0% 3.8% 3.2% 9.5% 7.0% 15.2% 9.5% 7.6% 2.5% 10.1% 11.4% 9.5% 

16 Mbulawa (241) negative 2006 Gugulethu 207 5.8% 3.8% 1.9% 1.3% 1.9% 3.5% 3.5% 5.4% 5.1% 1.3% 2.9% 4.2% 4.8% 

17 Chikandiwa (244) positive 2015 Johannesburg 283 13.0% 7.0% 2.0% 5.0% 13.0% 5.0% 7.0% 10.0% 7.0% 5.0% 7.0% 9.0% 8.0% 

ART clinics (initiating ART)                                  

18 Moodley (245) positive 2007 Cape Town 109 13.8% 15.6% 5.5% 8.3% 4.6% 10.1% 15.6% 12.8% 9.2% 5.5% 17.4% 7.3% 11.0% 

19 Firnhaber (246) positive 2009 Johannesburg 147 29.9% 18.4% 7.5% 8.2% 19.7% 8.8% 16.3% 13.6% 13.6% 15.0% 9.5% 10.9% 8.2% 

 Family planning clinics 

20 Mbulawa (247) not tested 2015 5 provinces 330 7.0% 6.1% 2.1% 1.2% 4.8% 6.7% 7.6% 6.7% 3.0% 3.0% 7.6% 4.8% 3.0% 
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A.5.3 Calibration to cervical cancer data 
 

For the third calibration step, we fix the HPV infection parameters for all 13 high risk HPV types and 
the cervical pre-cancer parameters at the medians of the posterior distributions obtained in the first 
two steps and vary the parameters that drive cervical cancer incidence and diagnosis (described in 
Section A.6). For this step, we use two sources of data: 1) Pathology confirmed cervical cancer 
incidence as reported by the National Cancer Registry, and 2) studies on the proportion of cervical 
cancer diagnoses in different stages.  

 

A.5.3.1 Diagnosed cervical cancer incidence 
Public and private laboratories in South Africa report cytology and histology confirmed cervical 
cancer cases to the National Cancer registry. Data are cleaned to remove duplicates, and a woman is 
only counted at first diagnosis of cervical cancer. Although this a nationally representative data 
source, the data suffer from the limitation that women who only receive a clinical diagnosis (no 
pathology), or never receive a diagnosis, will not be included in this estimate of cervical cancer 
incidence. In the Eastern Cape (EC) population-based cancer registry, which includes all cancers 
diagnosed in health care settings, 14% of diagnosed cervical cancer cases in the 2008-2012 period 
were only diagnosed clinically (202). This registry covers a rural area with a population of around 1 
million people. In the Ekurhuleni population-based cancer registry, 7% of CC cases were only 
clinically diagnosed in 2018 (201). This registry covers an urban area with a population of around 3 
million people. 

We calibrate the model to overall crude and age-specific NCR incidence data between 2000 and 2016. 
Although estimates have been published since 1994, numbers of cases per 5-year age group were only 
published since 2000. We will fit our model under different assumptions about under-reporting: 
assuming that on average 7%, 10% or 14% of diagnosed cases are not captured in the pathology-based 
NCR, or that under-reporting decreases linearly from 25% in 2000 to 7% in 2018 (combining 
estimates from EC (202) and Ekurhuleni (201)). 

Since cervical cancer is a rare disease, with age-standardised incidence rates around 30 per 100,000 
women per year, model results are severely affected by stochasticity. To get around this problem, and 
stay within reasonable computing time, we follow this approach: 

1) We run 50 simulations for each of 30,000 parameter combinations and aggregate results 
across the 50 simulations to have around 750,000 adult women in the aggregated model 
population in 2016.  

2) We smooth the time series of incidence estimates by fitting a Poisson regression model to the 
model results.        
 

𝑙𝑙𝑙𝑙𝑙𝑙�𝐶𝐶𝐶𝐶𝑖𝑖𝑖𝑖� =  𝛽𝛽0 + 𝛽𝛽1𝑡𝑡𝑖𝑖 + 𝛽𝛽2𝑡𝑡𝑖𝑖2 +  𝛽𝛽3𝑗𝑗𝑎𝑎𝑎𝑎𝑒𝑒𝑖𝑖𝑖𝑖 +  𝛽𝛽4𝑗𝑗𝑎𝑎𝑎𝑎𝑒𝑒𝑖𝑖𝑖𝑖𝑡𝑡𝑖𝑖 + 𝛽𝛽5𝑗𝑗𝑎𝑎𝑎𝑎𝑒𝑒𝑖𝑖𝑖𝑖𝑡𝑡𝑖𝑖2  
 
For each of the 30,000 parameter combinations, 𝐶𝐶𝐶𝐶𝑖𝑖𝑖𝑖 is the model estimate of diagnosed CC 
incidence per 100,000 women aged 𝑗𝑗 (age groups 20-24 to 70-75) at time 𝑖𝑖 (2000 to 2016).  
An example of the model estimates (black dots), regression estimates (dashed line) and data 
(red line) for one parameter combination is shown in Figure A 14. 

3) We then calculate likelihood values by assuming that the difference between the log-
transformed Poisson regression estimate and the log-transformed observed incidence is 
normally distributed.  
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Figure A 14 - Cervical cancer incidence per 100,000 women as estimated by one parameter 
combination (black dots). The dashed line shows the fit of a Poisson regression through the black dots 
and the red line shows the crude estimate calculated using NCR data, adjusted by assuming that 10% 
of diagnosed CC only receives a clinical diagnosis (no pathology). 
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A.5.3.2 Stage at diagnosis 
 

Cervical cancer is diagnosed as one of four stages of severity, according to the International 
Federation of Gynecology and Obstetrics (FIGO) classification (50). The disease progression model 
we are assuming is shown in Figure A 16 in Section A.6.2.7.  In order to inform diagnosis rates, we 
performed a review of South African reports on the stages of CC diagnosis, shown in Table A 11. In 
all of these studies, the disease stage at the time of treatment initiation is shown, and we make the 
simplifying assumption that the stage of diagnosis is the same as the stage at which cervical cancer 
treatment is started. In Groote Schuur Hospital (GSH), the proportion of women treated in each stage 
has stayed fairly stable over the period 1984-2013, with slight increases in early stage diagnosis and 
decreases in late stage diagnosis. It is notable that a larger fraction of women is diagnosed in early 
stages of disease than in other hospitals, likely due to higher levels of screening in the Western Cape.  

 

Table A 11 - The proportion of women diagnosed in each stage of cervical cancer 

 
Year N Stage I Stage II Stage III Stage IV Sample 

GSH 
2000-
2004 741 18.5% 23.5% 44.5% 13.5% 

All women treated in GSH in 
2000-04 

GSH 
2005-
2009 839 19.2% 19.3% 48.6% 12.9% 

All women treated in GSH in 
2005-09 

GSH  
2010-
2013 747 24.8% 24.2% 39.2% 11.8% 

All women treated in GSH in 
2010-13 

Lomalisa (197) 2000 836 8.4% 35.6% 41.0% 15.0% 
All women treated in 
Johannesburg hospital 1997-8 

Mbodi (199) 2013 104 8.4% 22.1% 59.7% 9.6% 

Sample of women treated in 
Chris Hani Baragwanath 
hospital 2013 

Snyman (198) 2011 85 7.0% 17.6% 58.9% 16.5% 
Sample of women treated in 
Kalafong hospital in 2011 

Sabulei (200) 2015 153 5.2% 44.4% 49.7% 0.7% 

All women treated in an 
academic hospital in Gauteng 
in 2017 

 

We calculate the likelihood of observing the proportions of women in each stage found in the model, 
given the data in Table A 11, by using a Dirichlet-multinomial distribution. For each parameter 
combination 𝝋𝝋, the model produces the fraction of women diagnosed in each stage which we will 
express as 𝜋𝜋𝑖𝑖(𝑡𝑡𝑗𝑗 ,𝝋𝝋), where 𝑖𝑖 represents one of four stages and 𝑡𝑡𝑗𝑗 is the year of the 𝑗𝑗𝑡𝑡ℎ study. The 
number of women diagnosed in each stage 𝑖𝑖 in the 𝑗𝑗𝑡𝑡ℎ study in Table A 11 can be expressed as 𝑛𝑛𝑖𝑖𝑖𝑖, 
and we can assume that these values are multinomially distributed with likelihood function 

�
𝑛𝑛𝑗𝑗  

𝑛𝑛1𝑗𝑗   𝑛𝑛2𝑗𝑗   𝑛𝑛3𝑗𝑗   𝑛𝑛4𝑗𝑗
� 𝜋𝜋1�𝑡𝑡𝑗𝑗 ,𝝋𝝋�𝑛𝑛1𝑗𝑗𝜋𝜋2�𝑡𝑡𝑗𝑗 ,𝝋𝝋�𝑛𝑛2𝑗𝑗𝜋𝜋3�𝑡𝑡𝑗𝑗 ,𝝋𝝋�𝑛𝑛3𝑗𝑗𝜋𝜋4�𝑡𝑡𝑗𝑗 ,𝝋𝝋� 𝑛𝑛4𝑗𝑗  

where 𝑛𝑛𝑗𝑗 is the total number of CC cases in study 𝑗𝑗. This model assumes that the fractions of women 
diagnosed in each stage is the same everywhere in South Africa. We know this is not the case, due to 
differences in knowledge, and access to healthcare and screening. To account for possible variation in 
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fractions diagnosed in the four stages in different settings, we define the true fraction of individuals in 
stage 𝑖𝑖 from population 𝑗𝑗 as 𝜌𝜌𝑖𝑖𝑖𝑖 and assume that these terms are Dirichlet distributed: 

𝑝𝑝�𝝆𝝆𝑗𝑗�𝝅𝝅�𝑡𝑡𝑗𝑗 ,𝝋𝝋�,𝜃𝜃� =  Г(𝜃𝜃)��𝜌𝜌𝑖𝑖𝑖𝑖
𝜃𝜃𝜋𝜋𝑖𝑖�𝑡𝑡𝑗𝑗,𝝋𝝋�−1� /Г �𝜃𝜃𝜋𝜋𝑖𝑖�𝑡𝑡𝑗𝑗 ,𝝋𝝋��

4

𝑖𝑖=1

 

From the properties of the Dirichlet distribution, we know that  

𝐸𝐸�𝜌𝜌𝑖𝑖𝑖𝑖� =  𝜋𝜋𝑖𝑖�𝑡𝑡𝑗𝑗 ,𝝋𝝋� 

𝑉𝑉𝑉𝑉𝑉𝑉�𝜌𝜌𝑖𝑖𝑖𝑖� =
𝜋𝜋𝑖𝑖�𝑡𝑡𝑗𝑗 ,𝝋𝝋� �1 − 𝜋𝜋𝑖𝑖�𝑡𝑡𝑗𝑗 ,𝝋𝝋��

𝜃𝜃 + 1
 

and therefore the 𝜃𝜃 parameter controls the variability in proportions diagnosed in each stage, between 
studies. We estimate this parameter by making the simplifying assumption that the proportions are 
constant over time and using the data to calculate maximum likelihood estimates of  𝜃𝜃 and the 
constant proportions. We use this maximum likelihood estimate (𝜃𝜃� = 30.0) as a fixed value in the 
likelihood function: 

𝑝𝑝�𝒏𝒏𝑗𝑗�𝝅𝝅�𝑡𝑡𝑗𝑗 ,𝜑𝜑�,𝜃𝜃� = ∫ 𝑝𝑝�𝒏𝒏𝑗𝑗�𝝆𝝆𝑗𝑗�𝑝𝑝(𝝆𝝆𝑗𝑗
𝝆𝝆𝑗𝑗�𝝅𝝅�𝑡𝑡𝑗𝑗 ,𝝋𝝋�,𝜃𝜃�𝑑𝑑𝝆𝝆𝑗𝑗,  

a Dirichlet-multinomial likelihood function which reduces to (248):  

𝑝𝑝�𝒏𝒏𝑗𝑗�𝝅𝝅�𝑡𝑡𝑗𝑗 ,𝜑𝜑�,𝜃𝜃� =
Г(𝜃𝜃)

Г(𝑛𝑛𝑗𝑗 + 𝜃𝜃)
�

𝑛𝑛𝑗𝑗  
𝑛𝑛1𝑗𝑗   𝑛𝑛2𝑗𝑗   𝑛𝑛3𝑗𝑗   𝑛𝑛4𝑗𝑗

��
Г(𝑛𝑛𝑖𝑖𝑖𝑖 + 𝜃𝜃𝝅𝝅�𝑡𝑡𝑗𝑗 ,𝝋𝝋�)
Г(𝜃𝜃𝝅𝝅�𝑡𝑡𝑗𝑗 ,𝝋𝝋�)

4

𝑖𝑖=1

 

In order to find the parameter combinations 𝝋𝝋 that maximises this likelihood function, we can 
maximise the log-likelihood and leave out the terms that are independent of 𝝋𝝋. Summing over all 
studies to obtain the total log-likelihood, we therefore aim to maximise: 

���log �Г �𝑛𝑛𝑖𝑖𝑖𝑖 + 𝜃𝜃𝝅𝝅�𝑡𝑡𝑗𝑗 ,𝝋𝝋��� − log �Г �𝜃𝜃𝝅𝝅�𝑡𝑡𝑗𝑗 ,𝝋𝝋����
4

𝑖𝑖=1

7

𝑗𝑗=1

 

Finally, for each parameter combination (PC), the log-likelihood value from the stage-at-diagnosis 
data is added to the log-likelihood value from the diagnosed incidence data, and we choose the 100 
PCs with the highest total log-likelihoods as a sample from the posterior distributions of the 
parameters. We then run simulations for each of these 100 PCs and aggregate results to show fits to 
the data and validation data in Section A.8. 
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A.6 Prior distributions of parameters 
 

A.6.1 HPV infection parameters 
 

Prior distributions assigned to the HPV natural history model parameters are given in Table A 12. 
Each parameter is discussed in Sections A.6.1.1 to 3. Except in the case of the HPV infection duration 
parameter, the prior distribution assigned to each parameter is the same for all HPV types. However, 
parameter combinations are sampled from these prior distributions for each HPV type separately.  

Table A 12 - Prior distributions of the HPV parameters in the model 

Section Parameter 

HPV 16 HPV 18 Other types 
Uniform prior distributions 
range range range 

A.6.1.1 Transmission probability (per sex act)       
     Male to Female 0 - 1 0 - 1 0 - 1 
     Female to Male 0 - 1 0 - 1 0 - 1 
A.6.1.2 Relative HPV duration in HIV infection (65,135) 
     Latent HIV vs HIV-negative 1 - 2 1 - 2 1 - 2 
     Acute HIV/late HIV/recent ART* vs HIV-negative 1 - 3 1 - 3 1 - 3 
A.6.1.3 Time to reactivation (in years) if HIV-negative       
     Males 0 - 30 0 - 30 0 - 30 
     Females 0 - 30 0 - 30 0 - 30 
A.6.1.3 Proportion who become latently infected after clearance 0 - 1 0 - 1 0 - 1 
A.6.1.3 Relative HPV reactivation rate (64,65) 
     Latent HIV vs HIV-negative 1 - 5 1 - 5 1 - 5 
     Acute HIV/late HIV/recent ART* vs latent HIV 1 - 3 1 - 3 1 - 3 
A.6.1.3 Duration of immunity  (in years)       
     Males 0 - 30 0 - 30 0 - 30 
     Females 0 - 30 0 - 30 0 - 30 
  Gamma prior distributions 
A.6.1.2 Duration of HPV infection (in months) if HIV-negative mean (sd) mean (sd) mean (sd) 
     Males  18 (9) 9 (9) 9 (9) 
     Females  18 (9) 18 (9) 18 (9) 
 Standard deviation of study effect 0.55 (0.24) 0.55 (0.24) 0.55 (0.24) 

*Recent ART is defined as ART initiation within last 2 years. People who have been on ART for longer than two years are assumed to be 
the same as HIV-negative people. 
 

A.6.1.1 Transmission probabilities 
Susceptible individuals in the model acquire HPV from infected sexual partners through a per sex act 
transmission probability. This value has not been empirically estimated and estimates from other 
modelling studies vary widely, for example for HPV-16 the value ranges from 6.9% per sexual 
contact (both sexes) in Matthijsse et al. (STDSIM) (61) to almost 100% for male to female 
transmission in Van de Velde et al. (HPV-ADVISE) (169). For these reasons, uniform prior 
distributions ranging between zero and one were assumed. HIV status does not influence per sex act 
HPV transmission probabilities and vice versa. 
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A.6.1.2 Duration of infection 
Prior distributions for the duration of infection are based on a review of studies that estimated the type 
specific median duration of incident HPV infections in females (Table A 13). Studies that used 
baseline prevalent HPV infections in the calculation of duration were excluded. In the model, 
infections clear at a constant rate, therefore the median durations are assumed to be generated from 
exponential distributions. The corresponding means of type 16 and 18 infection duration were 
calculated and an overall mean, weighted according to overall sample size, was calculated. The mean 
of an exponential distribution is 1/ln(2) (roughly 1.5) times the value of the median. The standard 
deviation of the prior distribution was assumed large enough to include the upper and lower 95% 
confidence limits for each study. The median durations of the eleven other high risk (HR) HPV types 
were assumed to be one year and the confidence limits include the confidence limits of all the study 
estimates. This assumption was made due to low prevalence of other types in the studies - sample 
sizes to calculate the type-specific durations were small and confidence intervals were very wide.  

 

Table A 13 - Studies included in estimating the average HPV infection duration in women. 

Paper 

Duratio
n of 

study 
(years) 

Interval 
between 

visits 
(months

) 

Sampl
e size Age Definition of 

clearance 

Median duration (months) (95% 
CI) 

HPV-16 HPV-18 

Trottier (249) 5 4 - 6 2500 all ages One negative 7.3 (6.3-10.7) 6.9 (6-12) 

Richardson 
(250)  2 6 621 universit

y One negative 19.4 (11.4-27.5) 9.4 (4.8-14) 

Ho (251) 3 6 608 universit
y One negative 11 (7-12) 12 (6-17) 

Woodman (252) 4 6 1075 15-19 One negative 10.3 (6.8-17.3) 7.8 (6-12.6) 

Goodman (253) 5 4 972 all ages One negative 9.7 (4.5-24.2) 14.3 (4.9- ) 

Munoz (254) 2.5 6 1610 13-85 One negative 13.7 (8.4-18.8) 11.9 (9.1-16.6) 

Insinga (255) 4 6 1203 16-23 Two 
negatives 13.2 (12-17.6) 13.2 (11.7-17.7) 

Insinga (256) 4 6 1788 16-23 Two 
negatives 17.1 (15.1-20.2) 12.4 (11-17.7) 

Jaisamrarn 
(257) 2 6 4825 15-25 Two 

negatives 17.1 (7.8-30.3) 11.8 (6.2-23.1) 

Weighted average of corresponding means 18.9 15.5 

 

Only one study estimated duration of type specific HPV infection in men (258).  The median duration 
estimates for types 16 (12.2 months (95% CI 7.4-20.2)) and 18 (6.3 months (6.0-12.7)) were used to 
calculate prior means using the assumption of exponentially distributed durations, i.e. 
means=medians/ln(2). A median of half a year for the other oncogenic HPV types (9 of the 11 other 
types had median duration of ~6 months) was assumed, or roughly a mean of 9 months. The standard 
deviations of the prior distributions were the same as for the female prior distributions.  
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In the model, durations of HPV infections depend on the stage of an individual’s HIV infection. 
Individuals in the latent stage of HIV clear HPV infections at a lower rate than HIV negative 
individuals (prior range for relative duration: 1 to 2), and those in the acute phase, late phases (pre-
AIDS or AIDS) or on ART for less than two years could clear HPV at a lower rate (prior range, 
relative to HIV negative: 1 to 3) (65,135). People who have been on ART for longer than 2 years are 
assumed to clear HPV infection at the same rate as HIV-negative people. The average duration of 
HPV is assumed to be the same for all age groups, since results from studies estimating age 
differences in durations are inconsistent (249,251,253,254,259).   

 

A.6.1.3 Natural immunity to re-infection and reactivation of latent infections 
Individuals in the latent stage of HIV are assumed to reactivate HPV infections at a higher rate than 
HIV negative individuals (prior range for relative reactivation rate: 1 to 2), and those in the acute 
phase, late phases (pre-AIDS or AIDS) or on ART for less than two years clear HPV at a rate that is a 
multiple of the rate in the latent phase, with this multiple being between 1 and 2 (64,65). People who 
have been on ART for longer than 2 years are assumed to reactivate HPV infections at the same rate 
as HIV-negative people. 

Uniform prior distributions are assigned to represent the uncertainty around the average durations of 
immunity and viral latency. Since no data on these durations exist, the range was chosen to be 
between zero and thirty years. Prior distributions for males and females are the same, but parameters 
for males and females are sampled separately.  

It is uncertain whether reactivated infections have sufficient viral loads to contribute to transmission 
and lead to persisting infections. We assume that reactivated infections are as infectious and persistent 
as new infections.  

 

A.6.2 Cervical pre-cancer and cancer parameters 
 

Prior distributions assigned to the parameters of the cervical disease components of the model are 
given in Table A14. Each parameter is discussed in Sections A.6.2.1 to 6.2.7. During cervical pre-
cancer calibration, the HPV infection parameters were kept fixed at their posterior medians, and the 
cervical cancer parameters were kept fixed at the prior means. During the cervical cancer calibration, 
the HPV infection and cervical pre-cancer parameters were kept fixed at the posterior medians. Other 
parameters that have fixed values in our model are the proportion that clears HPV infection during 
CIN1 regression (discussed in Section 6.4), parameters of progression through cancer stages and 
cancer mortality by stage of diagnosis (discussed in Section 6.7).  
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Table A14 - Prior distributions of cervical pre-cancer and cancer parameters. Means (standard 
deviations) are shown for beta, normal and gamma distributions and ranges are shown for uniform 
distributions. In some cases, the parameter for HPV-16 is gamma/beta distributed and the parameters 
for HPV-18/other HR are uniformly distributed multipliers of the HPV-16 parameter (indicated with 
an asterisk). 

Section Cervical pre-cancer parameters Distribution Type 16 Type 18  

Other  

HR-HPV 

A.6.2.1 Multiplier for duration of HPV among women Uniform 0.2 - 1 0.2 - 1 0.2 - 1 

A.6.2.2 Proportion that will progress from HPV infected 
to CIN1 Beta 0.26 (0.1) 0.14 (0.1) 0.5 – 1* 

A.6.2.3 Annual progression rate from CIN1 to CIN2 Gamma 0.09 (0.05) 0 – 1* 0 – 1* 

A.6.2.3 Annual regression rate from CIN1 to Normal Gamma 0.43 (0.2) 1 – 2* 1 – 2* 

A.6.2.3 Annual regression rate from CIN2 to CIN1 (aged 
<30) Gamma 0.458 (0.04) 1 – 2* 1 – 2* 

A.6.2.3 Regression multiplier for women aged 30 or older Uniform 0.45 – 0.75 

A.6.2.4 HIV multiplier for CIN1 progression Uniform 2 – 5.32  

A.6.2.4 ART multiplier for HIV progression multiplier Uniform 0.55 – 0.9  

A.6.2.4 HIV multiplier for CIN1/2 regression Uniform 0.56 – 0.82  

A.6.2.4 ART multiplier for HIV multiplier for CIN1/2 
regression Uniform 1.3 – 2  

 Cervical cancer parameters   

A.6.2.3 Annual progression rate from CIN2 to CIN3 
(aged <30) Gamma 0.058 (0.03) 0 – 1* 0 – 1* 

A.6.2.3 Multiplier for women aged 30 or older (a) Uniform 2 – 3 

A.6.2.3 Multiplier for (a) for women aged 50 or older Uniform 1 – 2 

A.6.2.4 HIV: multiplier for CIN2 progression Uniform 1.1 – 1.6  

A.6.2.6 CIN3 duration: scale (years) Uniform 5 – 20 

A.6.2.6 CIN3 duration: shape Uniform 1.5 – 3 

A.6.2.7 Annual probability of getting diagnosed in Stage 
I ** Uniform 0 – 0.03 

A.6.2.7 Annual probability of getting diagnosed in Stage 
II  Uniform 0 – 0.2 

A.6.2.7 Annual probability of getting diagnosed in Stage 
III  Uniform 0.4 – 0.8 

A.6.2.7 Annual probability of getting diagnosed in Stage 
IV  Uniform 0.7 – 1.0 

*Multiplier for HPV-16 
** In a process separate from routine screening. 
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A.6.2.1 Multiplier for duration of HPV among women 
In the first stage of model calibration, the duration of type-specific HPV was estimated by calibrating 
to type-specific HPV prevalence data and “HPV prevalent” included all cervical disease stages. In the 
second stage of calibration, we need to estimate the duration of disease-free HPV infection for 
women. We will use the median value of type-specific HPV duration estimated in the first stage of 
calibration, multiply this value with a fraction to estimate the disease-free type-specific infection 
duration. We set the Uniform prior distribution of this multiplier between 0.2 and 1. 

 

A.6.2.2 Proportion moving from HPV infected to CIN1 
To estimate these parameters, we use data from two studies performed by Insinga et al. in the United 
States in 2007 and 2011 (255,260). Participants in the 2007 study were 2400 women in the placebo 
arm of an HPV-16 vaccine trial, and participants in the 2011 study were 1800 women in the placebo 
arm of a quadrivalent vaccine trial. These studies showed the proportions of those HPV positive at 
baseline that cleared, persisted, or progressed at 12, 24 and 36 months. We grouped all three stages 
CIN stages as “disease” and therefore have three health states: Cleared, persistent infection and 
diseased. We fitted exponential distributions to the 3 data points of the fractions in cleared and 
diseased to estimate the rate of clearance and rate of progression and use these rates to estimate the 
proportion that ever progress (Table A 15). By using the lower and upper estimates of the 95% 
confidence intervals in the same fitting procedure, we estimate lower and upper estimates of the 
proportion that progress. To use this method, we assume that women only clear, persist or progress 
during the three-year period, and do not for example fluctuate between infected and diseased or 
fluctuate between uninfected and infected.  

The two studies found different, but overlapping proportions of HPV-16 progression, and we will set 
the mean of our beta prior distribution to the weighted average of the two studies (26%), with enough 
uncertainty to include the lower and upper estimates of both studies. The mean of our beta prior 
distribution for HPV-18 progression will be set to 14%, with standard deviation large enough to 
include the lower and upper estimates. The proportion of people progressing from infection with other 
HPV types to CIN1 will be expressed as a fraction of the proportion of HPV-16 infections who 
progress. Other studies that estimated the proportion of women who progressed during follow-up (due 
to any HPV types) found mean values ranging from 11-25% (251,257,261,262).  
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Table A 15 - Proportions that progress from HPV to CIN1 
Type N Clearance 

rate 
Progression 
rate 

Total 
rate 

Proportion 
progress 

Lower 
estimate 

Upper 
estimate 

Insinga 2011 (260) 

16 273 0.38 0.11 0.50 23% 11% 38% 

18 113 0.55 0.09 0.64 14% 4% 31% 

31 157 0.38 0.11 0.50 23% 7% 44% 

33 57 0.55 0.06 0.61 10% 1% 34% 

35 52 0.63 0.08 0.71 11% 1% 39% 

45 77 0.61 0.05 0.66 8% 1% 23% 

52 173 0.44 0.06 0.50 13% 3% 27% 

58 109 0.40 0.08 0.49 17% 3% 43% 

59 172 0.87 0.03 0.90 4% 1% 9% 

Insinga 2007 (255) 

16 142 0.37 0.17 0.54 32% 12% 55% 

18 62 0.48 0.08 0.56 14% 1% 42% 

 

A.6.2.3 Progression and regression from CIN1 and CIN2 
To our knowledge, no South African study has estimated these values. We rely on meta-analyses of 
studies to estimate these rates (263,264). The studies included in the meta-analyses typically enrolled 
women who, at baseline, had either CIN1 or CIN2. The women were followed over time, and the 
fractions who have regressed, persisted, or progressed are reported at different time points. These 
values are not cumulative fractions, and may be biased because women may move in and out of states 
multiple times. In addition, left-censoring at baseline and interval-censoring at each subsequent visit 
may bias estimates. We use the fractions (𝑝𝑝) who progressed/regressed at 24 months and assume that 
these processes happen at constant yearly rates (𝑟𝑟). We approximate the rate using the formula 

𝑝𝑝 = 1 −  exp (−2 ∗ 𝑟𝑟).  

In Liu et al. (264), studies of different duration were included in the meta-analyses, and we did an 
analysis using only the studies with 24 month follow-up. Overall, 16.4% of women progressed from 
CIN1 to CIN2 after 2 years, and 57.4% regressed from CIN1. This translates to rates of 0.09 and 
0.427 per year, respectively. Uncertainty was estimated using values from the individual studies.   

Tainio et al. performed a meta-analysis of studies on regression and progression from CIN2 (263). In 
this study, they showed that there are differences in rates by age. Although there were no studies in 
the meta-analysis that only included women older than 30, the authors performed the analysis by first 
only using studies where all the participants were younger than 30, and then including studies where 
participants could be older than 30 (proportions 𝑝𝑝 in Table A 16). We used the estimates of rates for 
women younger than 30 to inform our priors for progression and regression of CIN2. The rates in the 
two analyses in Table A 16 are not independent, but for the prior of the multiplier of regression 
among women older than 30 we are guided by the ratio 0.29/0.458=0.63 and the ratios of the 
intervals. For the prior of the multiplier for progression among women aged 30 and older we were 
again guided by the ratio of 0.131/0.058=2.3. Rates of progression of CIN2 in women older than 30 
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were further disaggregated in our model into rates for women aged 30-50 and women older than 50 
(44,52,265,266).  

 
Table A 16 – Regression and progression of CIN2 by 24 months from Tainio et al. (263) 

  

Regression of CIN2 to CIN1  

by 24 months 

Progression of CIN2 to CIN3 

 by 24 months 

  𝑝𝑝 𝑟𝑟 𝑝𝑝 𝑟𝑟 

Only studies where max age <=30 

0.6  

(0.57-0.63) 

0.458  

(0.422-0.497) 

0.11  

(0.05-0.19) 

0.058  

(0.026-0.105) 

Including studies where max age 
>30 

0.44  

(0.36-0.52) 

0.29 

(0.223-0.367) 

0.23  

(0.12-0.37) 

0.131 

(0.064-0.231) 

 

A.6.2.4 HIV multipliers for progression and regression of disease 
Since both HIV and HPV are sexually transmitted infections, we expect incidence of cervical 
abnormalities to be higher among HIV-positive than HIV-negative women and relative incidence 
rates have been estimated in many studies (18). However, it has also been shown that the level of 
immunosuppression plays a role in this incidence ratio and that abnormalities are less likely to regress 
and more likely to progress among HIV-positive women than among HIV-negative women. These 
associations are summarised in a meta-analysis by Liu et al. (139), which we will draw from in this 
study. A meta-analysis of studies comparing progression and regression of cervical disease in HIV-
positive women by ART use showed that, although beneficial effects from individual studies are not 
always significant, the pooled estimates show stronger beneficial effects of ART in terms of both 
progression and regression (22). However, no study to our knowledge directly compared rates for 
women on ART to HIV-negative women. As shown in Rohner et al. (23), cervical cancer incidence 
among women on ART in South Africa is almost 10-fold higher than among their European and 
North-American counterparts and in South Africa, incidence does not depend on duration of ART use. 
The authors propose that this may be due to ART initiation at late stages of HIV disease in South 
Africa and that women have already progressed to non-reversible stages of cervical pre-cancer by the 
time of ART initiation.  The meta-analysis by Kelly et al. also highlights the CD4 count at ART 
initiation as a modifier of impact of ART (22).  

 

HPV to CIN1: The relative risk for progression for untreated HIV+ vs HIV- women estimated in Liu 
et al. (139) of 3.73 (95% CI 2.62-5.32) were derived from two studies in the late 1990s. In Kelly et al. 
(22) it was estimated that women on ART had 0.7 (95% CI 0.55-0.9) times the risk of progression in 
women not on ART. We will assume that women who start ART in late stages of disease will have 
the same risk of progression in the first two years of ART use as women not on ART, and thereafter 
the same risk as women who started ART early. The prior ranges for the multiplier for women not on 
long-term ART will be between 2 and 5.32, and the range for women on long-term ART will be 
between 0.55 and 0.9 times the multiplier for women not on ART.     

Progression after CIN1: For later stages of CIN and progression between cervical cancer stages, we 
use the relative risk of progression to HSIL from Liu et al of 1.32 (95% CI 1.1-1.58). In Kelly et al. it 
was estimated that women on ART had 0.74 (95% CI 0.61-0.9) times the risk of progression from 
CIN1 to higher stages than women not on ART. The prior ranges for the multiplier for women not on 
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long-term ART will be between 1.1 and 1.6. Since the ART relative risk for this parameter is very 
similar to that of the previous parameter, the same value drawn from 0.55 to 0.9 above will be 
multiplied by the value drawn from 1.1 to 1.6. This product will have a minimum of 1 so that women 
on ART are not less likely to progress than HIV-negative women.     

CIN1 and CIN2 regression: The relative risk for regression for HIV+ vs HIV- women estimated in 
Liu is 0.67 (95% CI 0.56-0.82) and the relative risk of regression for women on ART vs not on ART 
estimated in Kelly is 1.62 (95% CI 1.32–1.99). The prior ranges for the multiplier for women not on 
ART will be between 0.56 and 0.82, and the range for women on ART will be between 1.3 and 2 
times the multiplier for women not on ART. This number will have a maximum of one, so that 
women on ART are not more likely to regress than HIV-negative women.    

  

A.6.2.5  Proportion that clears HPV infection during CIN1 regression 
In a study by Nobbenhuis et al. (267), 79 of 87 women (90.8%) who regressed from lower grade 
lesions also cleared their HPV infections during the 5 years of follow-up. In Schiffman et al. (268), 
this fraction was 447/534 (83.7%) during 2 years of follow-up. Two other studies showed short mean 
time differences of less than three months between regression of lower grade lesions and HPV 
clearance (269,270). In the model, 90% of women are assumed to clear the HPV infection at the same 
time that CIN1 regression takes place.  

 

A.6.2.6 Duration of CIN3 
In the model, women who develop CIN3 cannot naturally regress from this state. When a woman 
progresses to CIN3, we draw a time of progression to cancer from Weibull distributions. The prior 
distribution for the scale parameter of this Weibull distribution is chosen as uniform between 5 and 20 
years. The prior distribution of the shape parameter is uniform between 1.5 and 3. HIV-positive 
women will have a shorter duration of CIN3, determined by multiplying the scale parameter by the 
inverse of the multiplier for rate of progression of higher-grade pre-cancer as discussed in Section 6.4.  

 

Figure A 15 – Cumulative probability function of a Weibull distribution with scale of 10 years and 
shape of 2.5. This curve represents the cumulative probability that an HIV-negative woman who has 
CIN3 will progress to cancer over time.    
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A.6.2.7 Progression, diagnosis and mortality of cervical cancer 
Since we aim to calibrate our model to the incidence of diagnosed cancer, we simulate the progression 
through stages of cancer severity, and diagnosis at each stage. Figure A 16 illustrates this process in 
the model.

 

 

Figure A 16 – Progression and diagnosis of cervical cancer in our model. Undiagnosed women 
progress through all the stages before dying of cancer, while mortality in diagnosed women depends 
on the stage at diagnosis. 

 

Data on natural progression through cancer stages are not available, since women are treated upon 
diagnosis. We will use (for HIV-negative women) the same progression rates that the majority of 
cervical cancer modelling studies use, as shown in Table A 17 (51). A more recent analysis of the 
American National Cancer Institute’s data found very similar estimates (271). We will not include 
these parameters in uncertainty analyses, but will vary them in sensitivity analyses. HIV-positive 
women will progress at increased rates, using the same multiplier for progression of higher grade 
lesions as discussed in Section 6.4. Although there are no studies that investigated increased rates of 
cancer progression among HIV-positive vs negative women, two studies showed that in the pre-ART 
era in South Africa, HIV-positive women were diagnosed at more advanced stages of disease than 
HIV-negative women (30,272).  

In the model, a woman can be diagnosed through two separate processes: 1) Via the screening 
algorithm through either routine Pap-smear screening or follow-up colposcopy visit or 2) Diagnosis 
after seeking health care due to cancer symptoms. Prior distributions for the yearly probabilities of 
diagnosis with cancer symptoms were originally informed by Myers et al. (51), but the point estimates 
from this study resulted in distribution of stage at diagnosis that is inconsistent with South African 
data (Table A 11). In particular, the fraction of cases diagnosed in the early stages was too high. We 
therefore used prior ranges for diagnosis in Stages I and II that were lower than the estimates in Myers 
et al. (51). 
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To obtain mortality rates by stage of cancer diagnosis, cause of death information from the Groote 
Scguur Hospital (GSH) database was analysed. We make the simplifying assumption that the stage of 
diagnosis is the same as the stage at which cervical cancer treatment is started. We use the Weibull 
accelarated failure time model in the survival package in R to estimate survival probabilities, and 
these values (for the first five years after treatment was started) are shown in Figure A 17 (the black 
lines). In the model, we randomly draw time to death from these Weibull distributions, by stage at 
diagnosis  (parameters in Table A 17). After five years, the probability of cancer death is very small, 
and in the model we assume that a woman dies of CC in the first five years after diagnosis, or dies of 
other causes. 

A woman who does not get diagnosed with CC will progress through the stages and die from Stage 
IV. On average, women who were diagnosed at GSH with stage IV cancer and received only 
palliative care, lived 3 months. We will assume that women in stage IV will either get diagnosed and 
experience mortality as shown in Table A 17, or live on average 6 months.  

Table A 17 – Rates of cancer progression, and parameters for Weibull survival distributions.  
Stage Progression rate per year Shape  Scale (year) 

I 0.225 0.61 126.5 

II 0.3 0.67 16.28 

III 0.45 0.56 3.91 

IV NA 0.78 0.53 

 

 

Figure A 17 – Cervical cancer survival probailities over time after treatment was started, by stage of 
diagnosis. The crosses represent the Groote Schuur Hospital data, while the black lines represent 
Weibull survival distributions.  
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A.7 Posterior distributions of parameters 
Table A 18 - Type specific medians (and interquartile range) of the 500 samples from the posterior distributions of the HPV infection and transmission parameters in the model 

  16 18 31 33 35 39 45 51 52 56 58 59 68 

Transmission probability (per sex act) 

    Male to Female 0.6 (0.31-
0.77) 

0.4 (0.18-
0.7) 

0.54 (0.28-
0.8) 

0.18 (0.07-
0.48) 

0.48 (0.24-
0.74) 

0.44 (0.21-
0.68) 

0.19 (0.06-
0.5) 

0.53 (0.26-
0.77) 

0.46 (0.21-
0.75) 

0.15 (0.05-
0.48) 

0.54 (0.27-
0.77) 

0.46 (0.23-
0.73) 

0.37 (0.17-
0.64) 

    Female to Male 0.09 (0.04-
0.25) 

0.38 (0.18-
0.68) 

0.28 (0.14-
0.54) 

0.31 (0.1-
0.54) 

0.2 (0.07-
0.51) 

0.23 (0.08-
0.56) 

0.24 (0.08-
0.56) 

0.33 (0.12-
0.59) 

0.41 (0.21-
0.69) 

0.56 (0.3-
0.77) 

0.32 (0.11-
0.64) 

0.28 (0.12-
0.58) 

0.57 (0.32-
0.8) 

Relative HPV duration in HIV infection  

    Latent HIV vs HIV-negative 1.3 (1.1-1.6) 1.3 (1.1-1.5) 1.3 (1.1-1.5) 1.3 (1.2-1.6) 1.4 (1.2-1.6) 1.3 (1.1-1.6) 1.4 (1.2-1.7) 1.3 (1.1-1.6) 1.4 (1.2-1.7) 1.4 (1.2-1.6) 1.3 (1.1-1.5) 1.4 (1.2-1.6) 1.4 (1.2-1.7) 

    Acute HIV/late HIV/recent   ART* vs HIV-
negative 2.2 (1.8-2.6) 2.1 (1.6-2.6) 1.6 (1.2-2) 2 (1.5-2.4) 2 (1.6-2.5) 1.8 (1.4-2.3) 2.1 (1.6-2.5) 1.9 (1.5-2.4) 2.1 (1.6-2.5) 2.3 (1.7-2.6) 1.8 (1.4-2.4) 1.8 (1.4-2.4) 2.1 (1.7-2.6) 

Average time to reactivation (in years) if HIV-negative 

    Males 17.5 (9.4-
23.2) 

16.5 (10.8-
23.7) 18.8 (10-23) 

16.2 (9.3-
22.5) 12.4 (7-20.5) 

13.7 (8.7-
20.7) 13.9 (8-21.5) 

14.4 (7.4-
21.7) 

15.7 (7.7-
23.6) 

20.1 (12.6-
24.5) 

13.9 (8.1-
19.6) 

13.8 (5.8-
21.9) 

17.2 (9.4-
24.9) 

    Females 19.4 (13.9-
24.1) 

18.5 (13.6-
24.5) 20.8 (13-26) 

17.7 (10.5-
25.4) 

19.8 (11.3-
25.6) 

17.2 (12.4-
24.3) 

17.9 (12.5-
23.9) 

17.6 (11.4-
23.8) 

18.8 (13-
24.4) 

18.5 (12.8-
24.6) 

19.1 (11.6-
24.9) 

18.2 (11.7-
23.6) 

19.5 (12.7-
24.5) 

Proportion who become latently infected after 
clearance 

0.56 (0.42-
0.74) 

0.65 (0.48-
0.81) 

0.3 (0.16-
0.52) 

0.51 (0.28-
0.72) 

0.5 (0.32-
0.72) 

0.66 (0.39-
0.82) 

0.73 (0.58-
0.85) 

0.58 (0.37-
0.77) 

0.44 (0.27-
0.62) 

0.54 (0.34-
0.69) 

0.62 (0.4-
0.78) 

0.51 (0.34-
0.71) 

0.36 (0.2-
0.53) 

Relative HPV reactivation rate  

    Latent HIV vs HIV-negative 2.4 (1.8-3.4) 2.1 (1.5-3) 2.3 (1.5-3.1) 2.2 (1.5-3.5) 2.4 (1.7-3.6) 1.8 (1.3-2.6) 2.5 (1.7-3.6) 2 (1.4-3) 2.5 (1.7-3.6) 2.7 (1.8-3.6) 2 (1.4-2.9) 1.9 (1.4-3.2) 2.7 (1.7-3.8) 

    Acute HIV/late HIV/recent ART* vs latent 
HIV 2.1 (1.6-2.5) 1.9 (1.6-2.5) 1.7 (1.4-2.3) 1.9 (1.5-2.5) 2 (1.4-2.4) 1.8 (1.4-2.4) 2 (1.5-2.5) 1.9 (1.4-2.5) 2 (1.5-2.5) 1.9 (1.5-2.3) 2 (1.4-2.4) 1.9 (1.4-2.5) 2 (1.5-2.4) 

Average duration of immunity  (in years) 

    Males 16.6 (9.3-
22.9) 

10.5 (5.8-
15.6) 9.1 (4-12.7) 9 (4.6-13.3) 

6.3 (2.1-
11.3) 

9.5 (4.3-
14.2) 

10.1 (4.6-
14.9) 

9.9 (5.3-
14.8) 

11.5 (6.5-
15.4) 

11.2 (6.7-
15.2) 8 (3.6-13.2) 

8.4 (3.9-
14.6) 

11.9 (7.2-
15.6) 
 

    Females 15.7 (9.4-
22.3) 

17.5 (9.5-
24.2) 

16.5 (11.5-
22.4) 

16.1 (9.1-
24.3) 

17.3 (9.8-
23.6) 

18.8 (11.1-
26) 

17.7 (10.3-
25.1) 

18.1 (11.3-
25.1) 

16.2 (9.2-
23.2) 

16.5 (8.5-
22.7) 

17.4 (10.8-
23.6) 

19.6 (11.7-
24.8) 

19 (11.2-
24.7) 

Average duration of HPV infection (in months) if HIV-negative 

    Males  12.1 (8.9-
16.1) 5.6 (4.1-7) 3.3 (2.4-4.7) 3.3 (2-4.8) 5.2 (3.5-8) 4.6 (3.1-6.7) 5.3 (3.6-7.6) 8 (5.3-10.8) 6.8 (5.1-9.5) 3.2 (2.5-4.3) 4.7 (3.1-6.8) 7.6 (5.2-11) 

9.6 (7.2-
12.2) 

    Females  11.4 (9.9-
13.4) 

9.7 (8.2-
11.7) 7.8 (6.6-9.9) 7 (4.9-10.4) 10 (8.4-11.9) 

8.5 (6.5-
10.9) 

10.5 (7.9-
14.3) 

9.3 (7.6-
11.1) 

8.5 (7.1-
10.2) 

7.3 (5.3-
11.7) 

11.5 (9.5-
13.8) 6.8 (6-8.3) 7.5 (6.3-9) 

*Recent ART is defined as ART initiation within last 2 years. The same parameters are used for people who have been on ART for longer than two years and HIV-negative people. 
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Table A 19 – Medians and 95% percentile intervals for 100 best fitting parameter combinations 

Cervical pre-cancer parameters Type 16 Type 18  
Other  

HR-HPV 

Multiplier for duration of HPV among women 0.53 (0.23-0.94) 0.64 (0.28-1.0) 0.65 (0.43-0.95) 

Proportion that will progress from HPV infected to 
CIN1 0.23 (0.11-0.34) 0.17 (0.08-0.3) 0.15 (0.08-0.27) 

Progression rate from CIN1 to CIN2 0.15 (0.1-0.24) 0.07 (0-0.17) 0.11 (0.05-0.16) 

Regression rate from CIN1 to Normal 0.66 (0.31-1.01) 0.91 (0.43-1.64) 1.02 (0.51-1.66) 

Regression rate from CIN2 to CIN1 (<=30) 0.44 (0.38-0.52) 0.67 (0.46-0.89) 0.61 (0.43-0.9) 

Multiplier for regression in women older than 30 0.59 (0.46-0.73) 

HIV: multiplier for CIN1 progression 2.54 (2.01-4.79) 

ART: multiplier for HIV progression multiplier 0.72 (0.57-0.88) 

HIV multiplier for rate of CIN1/2 regression in HIV-
negative women 0.76 (0.61-0.82) 

ART multiplier for rate of CIN1/2 regression in HIV-
negative women 1.0 (0.97-1.0) 

Cervical cancer parameters*   

Progression rate from CIN2 to CIN3 (<=30) 
0.041 (0.024-
0.072) 

 

0.015 (0.001-
0.047) 

 

0.008 (0.005-
0.013)) 

Multiplier for women aged 30-50 2.48 (2.04-2.93) 

Multiplier for women aged 50+ 3.77 (2.5-5.38) 

HIV: multiplier for CIN2 progression 
1.21 (1.12-1.42) 

 

CIN3 duration: scale (years) 16.45 (11.8-19.5) 

CIN3 duration: shape 2.55 (2.1-2.9) 

Yearly probability of getting diagnosed in Stage I  0.023 (0.002-0.049) 

Yearly probability of getting diagnosed in Stage II  0.12 (0.06-0.19) 

Yearly probability of getting diagnosed in Stage III  0.61 (0.41-0.79) 

Yearly probability of getting diagnosed in Stage IV  0.93 (0.86-1) 

*The assumption that 10% of cervical cancer cases do not receive pathological diagnosis led to the best fits 
to data, and the values of the cervical cancer parameters shown here are for this scenario. 
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Figure A 18 – Prior and posterior distributions of cervical pre-cancer parameters. Red lines represent prior 
and black lines represent posterior distributions. 
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Figure A 19 - Prior and posterior distributions of cervical cancer parameters. Red lines represent prior and 
black lines represent posterior distributions. 
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A.8 Model fits to data 
 

A.8.1 HPV prevalence  
In Figures A 20 to 21, the model fits to type specific HPV prevalence data are shown. The red dots and 
error bars represent the data in Table A10 (number on the x-axis matches study number in the table) 
and the black dots and error bars represent the mean prevalence estimate produced by the sample of 
500 parameter combinations from the posterior distributions.  

Figure A 20 - Model fits to HPV types 16, 18, 31, 33, 45, 52, 58 (vaccine types)   
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Figure A 21 - Model fits to HPV types 35, 39, 51, 56, 59, 68 (non-vaccine types) 
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Figure A 22 - The mean overall high risk HPV prevalence in 2000 from 500 populations simulated 
using the sample of parameter combinations from the posterior distributions (solid lines). The 
confidence bands (2.5th and 97.5th percentiles) around these estimates are shown in dashed lines. 
Data points (in closed circles) represent HPV prevalence results from a population level study in 
Khayelitsha, Cape Town (273). 

 

 

A.8.2 Cervical pre-cancer 
Table A 20 and Figure A 23 show the model fits to the data in Table A 9. Although the data on HIV-
positive women in the McDonald study (14) were grouped during calibration, we show disaggregated 
estimates here.  

Table A 20 – Model fits to cervical pre-cancer data 

Study HIV Measure Ages Sample size Observed prevalence  Model prevalence 

Cronje (196) Not tested CIN1+ 21-65 1093 34.9 (32.1-37.8) 15.2 (12.2-18.2) 

Cronje  Not tested CIN2+|CIN1+* 21-65 382 23.6 (19.3-27.8) 27.6 (23.2-35.5) 

Denny (115) Not tested CIN1+ 35-65 2922 6.1 (5.2-7) 11.2 (8.9-13.4) 

Denny  Not tested CIN2+|CIN1+ 35-65 178 46.6 (39.3-54) 24.3 (19.5-32.1) 

Kuhn (28) Negative CIN1+ 30-65 378 12.7 (9.3-16.1) 8.5 (6.5-10.6) 

Kuhn  Negative CIN2+|CIN1+ 30-65 48 41.7 (27.7-55.6) 34.1 (27.2-40.7) 

Kuhn  No ART CIN1+ 30-65 67 37.3 (25.7-48.9) 41.1 (32.7-49) 

Kuhn  No ART CIN2+|CIN1+ 30-65 25 56 (36.5-75.5) 39.8 (33.5-47) 

Kuhn  On ART CIN1+ 30-65 263 29 (23.4-34.4) 34.5 (26.7-43.8) 

Kuhn  On ART CIN2+|CIN1+ 30-65 76 55 (44.1-66.5) 43.7 (35.7-51.6) 

*CIN2 or worse given any abnormality (CIN1+) 
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Figure A 23 – CIN2+ prevalence by age and HIV status (red=HIV-negative and blue=HIV-positive) 
from McDonald et al. (14) 

 

A.8.3 Cervical cancer 
As described in Section A.5.3, to fit to cervical cancer data, we used the medians of the posterior 
distributions of the HPV and cervical pre-cancer parameters and sampled 30,000 parameter 
combinations from the prior distributions of the cervical cancer parameters. The total population size 
was around 750,000 women in each simulation in 2016. We calibrated the model using 4 different 
assumptions regarding the fraction of cervical cancer cases that only receive a clinical diagnosis (no 
pathology), as described in Section A.5.3. Of the four, the assumption about a linear decrease in the 
fraction of cases who receive only a clinical diagnosis did not fit well to data. The other three 
scenarios fit equally well to the data, and the 100 best fitting parameter combinations for the 7% and 
14% scenarios overlapped by 89% and 82% with the 10% scenario. The scenario where 10% of cases 
do not receive a pathology diagnosis had a marginally higher mean total log-likelihood value than the 
7% and 14% scenarios, and for this reason we use this scenario in further analyses. Figure A 24 shows 
the model fit to the age specific cervical cancer data that were used in calibration, using the 100 best 
fitting parameter combinations and assuming that 10% of CC cases only receive a clinical diagnosis 
(at all ages).  
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Figure A 24 – Age specific diagnosed cervical cancer incidence per 100,000 women as calculated 
from NCR data (red lines) and the 100 best fitting parameter combinations (black lines show mean of 
100 estimates, dashed lines show 95% percentile intervals).  

 

Figure A 25 shows the model fit to the other sources of data that were used in calibration – the fraction 
of cases that get diagnosed in each of four stages of cancer (Table A 11). In this figure, model 
estimates are plotted against the fraction of cases diagnosed in each stage in Groote Schuur Hospital 
(solid red lines) and the other data points included in the calibration (red dots). The model did not in 
all cases fit well to the three studies in 2011, 2013 and 2015 with the smallest sample sizes (Table A 
11), but this is not a major cause for concern.  
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Figure A 25 – The fraction of cervical cancer cases diagnosed in each stage of the disease. The black 
lines show mean model estimates and the dashed lines show 95% percentile intervals. The red lines 
represent GSH data and red dots represent data as shown in Table A11 (Lomalisa 2000, Snyman 
2011, Mbodi 2013, Sabulei 2015). 

 

In Figure A 26 (A), we show the model fit to the age-standardised incidence rate (ASIR) that we 
calculated using crude and age-specific incidence data from NCR (the same data that we calibrated the 
model to) between 2000 and 2016, as well as age-standardised incidence published in Olorumfemi et 
al. (206) between 1994 and 1999. Age-specific incidence was not available for this period and was 
therefore not included in the calibration. All NCR data were inflated by 10% corresponding to the best 
fitting assumption about under-reporting. Our model under-estimates diagnosed cervical cancer 
incidence in the early years, and in Figure A 24 it seems that this under-estimation is concentrated 
among older women. This may be because our model’s starting conditions (Section A.3) make the 
implicit assumption that sexual behaviour have always remained constant, while it is likely that people 
behaved differently in the pre-HIV era and that fractions of women in the pre-cancer stages might 
have been higher in 1985. Unfortunately, we have no data to validate these claims.  

Figure A 26 (B) shows the CC mortality to incidence ratio. We calculated CC mortality in our model 
as the number of women who die of diagnosed cervical cancer. We divide the age-standardised 
mortality rate with the age-standardised diagnosed cancer incidence to calculate the model’s mortality 



Appendix A 
 

156 
 

to incidence ratio (MIR). We compare this to the MIR as calculated from the data in the appendix of 
Olorumfemi et al.(41). They show the pathology diagnosed ASIR from NCR, as well as the age-
standardised mortality rate obtained from cause of death data from Statistics South Africa between 
2004 and 2013.  

 

Our mean model estimates (black line) are slightly lower than the MIR calculated from the data shown 
in Olorumfemi (red line). Since CC survival probabilities in the model at this stage depends solely on 
data from GSH, a hospital with above average resources in South Africa, it is possible that our model 
under-estimates mortality. On the other hand, by taking the ratio of data in Olorunfemi et al. to reflect 
the true MIR of CC in South Africa, we are essentially assuming that under-reporting in the NCR and 
Stats SA is similar. It is mandatory to register all deaths in South Africa and therefore under-reporting 
of CC deaths may happen to a lesser extent than the under-estimation of CC by the pathology-only 
NCR, and this ratio may be an over-estimate of mortality to incidence.  

 

 

Figure A 22 – Diagnosed ASIR and mortality to incidence ratio using 100 best fitting parameter 
combinations. The black line represents the mean and the dashed lines represent the 95% percentile 
intervals. Red lines and points represent data from Olorumfemi et al.(41). 

 

In Denny et al. (274), 65.7% of 300 cervical cancer cases had HPV 16/18 infections, while 83.4% had 
HPV16/18/31/33/45/52/58 infections (red dots in Figure A 27). In a study by Van Aardt et al. (275), 
prevalence of HPV16/18 among cancer patients was 63.2% (red dot in Figure A 27). Our average 
model estimates for the same time-period (2008-9) are 63.9% (95% CI 56.2-71.1%) and 79.8% (95% 
CI 74.7-84.4%) respectively. In the model, we measure the fraction of cancer cases that was caused by 
each type, while in the studies they cannot determine the causal HPV type. Since women in the model 
can be infected with more than one HPV type, the fraction of cancer cases infected with e.g. 
HPV16/18 will be higher than the fraction caused by HPV 16/18.  

On average in 2018, 54.8% (95% CI 46.9-65.6%) of women with cervical cancer in the model were 
co-infected with HIV. In a recent analysis, Stelzle et al. (276) performed a meta-analysis of the 
relative risk of cervical cancer among women living with HIV and used the pooled relative risk, the 
GLOBOCAN estimates of cervical cancer incidence and UNAIDS estimates of HIV prevalence to 
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estimate the fraction of cervical cancer cases who are living with HIV. Their estimate for South Africa 
is 63.5% (red dot in Figure A 27).   

 

 

 

Figure A 27 – Fractions of CC cases that was caused by HPV16/18, HPV16/18/31/33/45/52/58, and 
fraction of CC cases who were co-infected with HIV. Boxplots represent model estimates and red 
points represent data. Data are from Denny et al. (274) and Van Aardt et al. (275) for cancer caused 
by HPV16/18, from Denny et al. (274) for cancer caused by other vaccine types, and from Stelzle et al. 
(276) for the fraction of cases who are HIV positive. 

 

As another final model validation, we show the mean age of cancer diagnosis by HIV status in Table 
A 21. Model results are in line with those from studies. 

Table A 21 – The average age at cancer diagnosis, by HIV stage 

  
Study sample size Study average Model average (95% CI) 

Study Year HIV-negative HIV-positive HIV-negative HIV-positive HIV-negative HIV-positive 

Lomalisa (197)  1997 776 60 53 44 56 (54-59) 38 (30-48) 

Moodley (272) 1999 522 138 55.2 39.8 56 (54-60) 39 (33-43) 

Moodley (277) 2000 457 29 46 40 56 (53-58) 40 (35-45) 

Van Aardt (275) 2008 154 77 55.8 41.3 57 (55-59) 43 (40-46) 

Van Bogaert (31) 2009 905 143 59.1 41.3 57 (55-60) 43 (40-47) 

 

Figure A28 shows model estimates (in black) compared to estimates from the WHO’s International 
Agency for Research on Cancer (IARC), also known as the GLOBOCAN estimates (2) (in red). 
Although these estimates are widely relied on as a credible source, they are calculated using 
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assumptions that are not always context specific. For example, the 2018 estimates were calculated 
using the overarching assumption that the mortality to incidence ratio of cervical cancer in South 
Africa is the same as the mortality to incidence ratio among black Americans. In addition, the shape of 
the GLOBOCAN age-specific curve was not informed by South African data. Instead, the shape of 
age-specific incidence curves of low HIV burden countries was equally adjusted at all ages, to reflect 
the higher cervical cancer burden in South Africa [personal communication: Jacques Ferlay]. This 
does not take into account that a large proportion of cervical cancer cases in South Africa are among 
HIV-positive women, who develop cancer at much earlier ages than HIV-negative women.  

 

 

Figure A 28 – Age-standardised and age-specific cervical cancer incidence as calculated by 
GLOBOCAN (2) (red) and the 100 best fitting parameter combinations (black line show mean of 100 
estimates, dashed lines show 95% percentile intervals).  
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Appendix B – Supplementary material to Chapter 3 
 

B.1 HIV and HPV transmission associations 
 

Associations, unadjusted for any behavioural factors, are calculated using the simulated data and are 
compared to unadjusted estimates from independently published longitudinal studies. The approach of 
comparing crude estimates is followed since studies adjusted for different demographic and STI 
information and sexual behaviour indicators were defined differently. For this reason, only studies that 
showed unadjusted estimates are included in the comparison. The model only simulates high risk 
HPV, and where possible, study results relating to high-risk HPV are used. For the association 
between HPV infection and HIV acquisition, studies were identified from two meta-analyses (20,21) 
and later studies that cited these meta-analyses. Appropriate studies that estimated the association 
between HIV status and new HPV detection were identified using a keyword search in Google Scholar 
and the citations of and references in identified studies. Tables B1 and B2 show the same information 
as Figures 5 and 6 in Chapter 3, with some extra details.     

 

Table B 1 - Associations between HPV status and HIV acquisition. The reference category is HPV 
uninfected in every case, unless otherwise noted. 

Study HPV types Measure 
Unadjusted estimate 
 (95% CI) 

Model estimate  
(95% CI) 

Effect of HPV prevalence at baseline 

Auvert (147) High risk Hazard ratio 1.5 (1.1-2.1)* 1.3 (1.1-1.4)* 

Smith-McCune (151)   High risk Hazard ratio 1.8 (1.1-2.9) 2.5 (2.0-3.1) 

Tobian (152) All Odds ratio 3.9 (1.7-8.8) 2.5 (1.8-3.3) 

Veldhuizen (133)  High risk Odds ratio 4.9 (1.2-19.7) 1.7 (1.2-2.4) 
Effect of HPV prevalent at visit t-1 

Gallagher (132)  Only high risk Odds ratio 1.2 (0.7-2.0) 1.8 (1.2-2.5) 

Rositch (153)  High risk Hazard ratio 2.7 (1.7-4.8) 2.4 (1.8-3.0) 
Effect of Clearance of an HPV type between visits t-1 and t 

Gallagher (132)   High risk Odds ratio 1.3 (0.8-2.1) 1.3 (0.6-2.6) 

Smith-McCune (151)   High risk Hazard ratio 2.0 (1.5-4.0)** 1.9 (1.3-2.5)** 

Rositch (153)    High risk Hazard ratio 2.8 (1.4-5.4) 1.8 (1.2-2.6) 

Tobian (152)   High risk Odds ratio 4.1 (1.6-10.4) 1.9 (1.0-3.2) 
 * For every unit increase in number of HR-HPV types present. 
** Reference category includes those in whom HPV persisted. 
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Table B 2 - Associations between HIV status and new HPV detection 

Study HPV types Measure Unadjusted estimate 
 (95% CI) 

Model estimate 
 (95% CI) 

HIV-positive at baseline  
Adhieh (135)   High risk Incidence rate ratio 1.8 (1.3-2.7) 2.1 (1.4-2.8) 

Mbulawa  
(females) (17)    

All Incidence rate ratio 3.0 (2.1-4.3) 2.1 (1.4-2.8) 

Minkoff (137)  High risk Incidence rate ratio 2.7 (1.6-4.4) 2.1 (1.4-2.8) 

Blitz (136)  High risk Hazard ratio 2.3 (1.1-4.8) 2.4 (2.1-2.7) 

Strickler (65)   All Hazard ratio  (1.7-5.0)* 2.4 (2.1-2.7) 

Whitham (148)   All Hazard ratio 1.6 (1.3-1.9) 1.7 (1.4-2.0) 

Mbulawa  
(males) (17) 

All Incidence rate ratio 2 (1.5-2.7) 2.2 (1.4-3.2) 

Recent HIV  
Nowak (138)   All Odds ratio 2.8 (1.4-5.5)** 2.8 (1.9-4.0) 

Wang (16)  All Hazard ratio 4.4 (2.5-7.6) 2.9 (2.5-3.3) 

 *Point estimates for different stages of HIV infection 
**For one HPV type, at three months after first HIV detection  
 

As described in the main manuscript, model results were adjusted for sex, age, number of new sexual 
partners in the preceding 6 months and marital status. These are variables that epidemiological studies 
typically control for. Our adjusted results remained significantly greater than 1 (Chapter 3 and Table B 
3). In further analysis, we adjusted our results for the index of concurrency in the sexual network, a 
measure of the size of an individual’s current sexual network (149). Epidemiological studies will not 
be able to accurately measure the size of each individual’s sexual network, but in simulated cohorts 
this can be calculated exactly.  

Amongst the 500 simulated cohorts, the mean hazard ratio for the association between an oncogenic 
HPV type at vd - 1 and HIV acquisition at vd, adjusted with the index of concurrency in addition to 
other variables, is 1.3 (95% CI 1.1–1.6). The corresponding mean hazard ratio for the association 
between HPV status at baseline and subsequent HIV acquisition is 1.2 (95% CI 1.0-1.5). The 
association between HPV clearance and HIV acquisition between vd - 1 and vd is 1.1 (95% CI 0.8-1.3).  

The mean unadjusted hazard ratio for the association between HIV status at baseline and newly 
detected HPV, adjusted with the index of concurrency in addition to other variables, is 1.7 (95% CI 
1.4–1.9). The corresponding mean hazard ratio for the association between new HIV detection at vd - 1 
and new HPV detection at vd is 1.7 (95% CI 1.5-1.9). 

As expected, this further adjustment brought the model results closer to the null, but only the 
association between HPV clearance and HIV acquisition did not remain significantly greater than one. 
The index of concurrency thus accounts for much – but not all – of the observed association between 
HIV and HPV when individual-level risk factors are controlled for.  
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Table B 3 - Associations between HIV and HPV in the general population aged 15-49 

Association Unadjusted 
HR (95% 
CI) 

Adjusted 
HR* (95% 
CI) 

Adjusted 
HR** (95% 
CI) 

HPV at vd - 1 and HIV acquisition at vd 2.6 (2.2-3.1) 1.7 (1.4-2.1) 1.3 (1.1-1.6) 
HPV at v0 and HIV acquisition at vd 2.4 (2.0-3.0) 1.6 (1.3-2.0) 1.2 (1.0-1.5) 
HPV clearance between vd - 1 and vd and HIV 
acquisition at vd 

1.9 (1.4-2.4) 1.3 (1.0-1.7) 1.1 (0.8-1.3) 

HIV at v0  and new HPV detection at vd 2.5 (2.2-2.8) 2.1 (1.8-2.3) 1.7 (1.4-1.9) 
HIV acquisition at vd-1 and new HPV detection at vd 2.9 (2.5-3.3) 2.2 (1.8-2.5) 1.7 (1.5-1.9) 

*   Adjusted for sex, age, number of new sexual partners in the preceding 6 months and marital status. 
** Adjusted for sex, age, number of new sexual partners in the preceding 6 months, marital status, and index of concurrency. 
 

B.2 Sensitivity analysis 
 

B.2.1 HPV natural history 
Different HPV natural history model structures were considered. In the base model, a proportion of 
individuals will acquire natural immunity (with an exponentially distributed duration) upon clearance 
and the remaining proportion becomes latently infected and can reactivate infection (this model 
structure corresponds to the methods and results of Chapter 3). As a sensitivity analysis, the latency 
assumption of this model was changed in three ways:  1) no-one enters a latent state, 2) everyone can 
enter a latent state, but only HIV-positive individuals can reactivate and 3) only women can enter and 
reactivate from the latent state. 

Then, keeping the base assumption of latency, two different natural immunity processes were 
considered: 1) a proportion of individuals have lifelong natural immunity, and a proportion are 
immediately susceptible to new infection upon clearance and 2) all individuals have a lifelong reduced 
risk of re-infection. Due to time constraints on computing time, the model for each structure was 
calibrated to the HPV prevalence data using 120,000 simulations and the 100 best fitting (highest 
likelihoods) parameter combinations were used to simulate 100 cohorts. Table B 4 shows the 
unadjusted mean hazard ratios (and standard deviations) for both sexes in the general population for 1) 
HIV acquisition following detection of an oncogenic HPV type and 2) new detection of HPV by 
baseline HIV status. 

 

Table B 4 - Mean hazard ratio (standard deviation) of 100 cohorts simulated using the best fitting 
parameter estimates for 5 different HPV natural history structures. 

Model Structure 

Effect of HPV infection at 
visit prior to HIV 
acquisition 

Effect of HIV infection at 
study enrolment on new 
HPV detection 

Waning immunity, reactivation for all (base model) 2.6 (0.3) 2.5 (0.2) 

Waning immunity, no latency 3.6 (0.3) 2.2 (0.1) 

Waning immunity, reactivation for HIV+ people 3.1 (0.3) 3.3 (0.3) 

Waning immunity, latency and reactivation only for 
women 2.5 (0.2) 2.5 (0.2) 

Proportion lifelong immunity, reactivation for all 2.2 (0.2) 2.5 (0.2) 

Partial lifelong immunity, reactivation for all 2.3 (0.2) 2.7 (0.2) 
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Although the results vary for the different model structures, all the models show substantial relative 
risks of the one infection in the presence of the other, without biological transmission effects. This 
confirms that network level sexual behaviour effects can explain associations between the infections, 
regardless of the HPV natural history assumptions. Reducing or removing the extent of latency leads 
to stronger associations between HPV infection and HIV acquisition because the HPV infections are 
more likely to have been recently acquired in these scenarios and thus HPV infection is a stronger 
marker of recent risky behaviour. Removing latency from the base model leads to a weaker association 
between HIV infection and new HPV detection since HIV-positive individuals had higher reactivation 
rates than HIV-negative individuals. This association is however still greater than one. 

 

B.2.2 Parameter uncertainty 
 

To check sensitivity of the results due to parameter uncertainty, cohorts were simulated using 1) the 
medians of the best fitting HIV parameters from Johnson & Geffen (144) and the means of the sample 
from the posterior distributions of the HPV parameters. These parameter estimates were then increased 
or decreased by 50%, one at a time. Similarly, the degree to which individuals randomly select 
between high and low risk partners and the parameter that corrects for bias in reporting of condom use 
is increased and decreased by 50%. In each case, the mean estimate of association, with its standard 
deviation, is shown in Table  B5. Note that only 10 cohorts were simulated for each change, since 
stochastic variation is the only source of variability in this case.   
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Table B 5 - Mean hazard ratio (standard deviation) of 10 cohorts simulated using the means of all the 
parameters and then halving or doubling the mean estimates for each parameter one at a time, but for 
all 13 HPV types simultaneously.   

  

Effect of HPV 
infection at visit prior 

to HIV acquisition 

Effect of HIV infection 
at study enrolment on 

new HPV detection 

All means 2.4 (0.16) 2.5 (0.04) 

  50% 150% 50% 150% 

HIV parameters         

   Increased infectiousness during acute phase 2.2 (0.16) 2.4 (0.2) 2.4 (0.05) 2.5 (0.09) 

   Increased infectiousness during late phase 2.4 (0.17) 2.2 (0.13) 2.5 (0.03) 2.4 (0.07) 

   F-to-M transmission probability (non-spousal) 2.1 (0.33) 2.4 (0.14) 2.3 (0.06) 2.5 (0.07) 

   F-to-M transmission probability (spousal) 2.3 (0.13) 2.4 (0.14) 2.4 (0.06) 2.5 (0.08) 

   M-to-F transmission probability (non-spousal) 2.3 (0.16) 2.4 (0.15) 2.5 (0.05) 2.5 (0.07) 

   M-to-F transmission probability (spousal) 2.4 (0.07) 2.2 (0.13) 2.5 (0.04) 2.5 (0.06) 

HPV parameters         

   Transmission probabilities (per sex act) 2.7 (0.17) 2.3 (0.15) 2.6 (0.07) 2.4 (0.04) 

   Increase in HPV duration during acute/late HIV 2.3 (0.19) 2.5 (0.2) 2.4 (0.05) 2.4 (0.04) 

   Increase in HPV duration during latent HIV 2.4 (0.14) 2.4 (0.15) 2.4 (0.05) 2.4 (0.03) 

   Duration of viral latency 2.3 (0.21) 2.4 (0.23) 2.3 (0.04) 2.4 (0.06) 

   Proportion that progress to latency 2.6 (0.26) 2.1 (0.1) 2.1 (0.08) 2.8 (0.05) 

   Increase in reactivation of HPV during latent HIV 2.3 (0.16) 2.5 (0.14) 2.1 (0.04) 2.7 (0.06) 

   Increase in reactivation of HPV during acute/late HIV 2.4 (0.16) 2.4 (0.18) 2.2 (0.05) 2.6 (0.05) 

   Duration of natural immunity 2.6 (0.13) 2.3 (0.18) 2.5 (0.04) 2.4 (0.04) 

   Duration of HPV infection 2.7 (0.25) 2.3 (0.27) 3.2 (0.11) 2.2 (0.06) 

Sexual Behaviour parameters         

   Sexual mixing between risks group 2.6 (0.23) 2.1 (0.15) 2.7 (0.07) 2.3 (0.08) 

   Bias in reporting of condom use 2.3 (0.1) 2.2 (0.23) 2.5 (0.08) 2.5 (0.06) 

 

Similar to the changes in model structure, changing the parameters that control the extent of and 
reactivation rate of viral latency leads to changes in the association between HIV status and new HPV 
detection. Reducing the proportion of individuals who acquire viral latency upon clearance of 
detectable infection leads to a weaker association and increasing this proportion leads to a stronger 
association, since confounding through reactivated infections influences the association less or more, 
respectively. Reduction in the duration of HPV infections leads to a much stronger association 
between HIV status and new HPV detection, presumably since individuals clear HPV infections at a 
higher rate (more so for HIV-positive individuals), i.e. more individuals enter the latent phase in the 
cohort time frame and reactivate infections (also at higher rate for HIV-positive individuals).
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 Increasing the degree of sexual mixing, which has the effect of reducing the heterogeneity in HIV 
acquisition risks and network effects, leads to weaker, but still significant associations. 

 

B.2.3 Increased susceptibility and infectivity 
 

Since our results without any co-factors match empirical studies well and we would like to avoid 
recalibration of the HIV parameters, we use a constant co-factor value along with parameter 
combinations from the calibrated model. Cohorts were simulated with 1) infectivity of HIV doubled in 
the presence of HPV infection; 2) susceptibility to HIV doubled in the presence of HPV; 3) infectivity 
of HPV doubled in the presence of HIV and 4) susceptibility to HPV doubled in the presence of HIV.  

The choice of the co-factor value of two is based on meta-analyses (20,21) that estimated the effect of 
HPV infection on HIV acquisition. No meta-analysisb has been performed for the effect of HIV on 
new HPV detection, but we chose the value two since the estimated effect in the studies we included 
are close to two. 

The mean of the unadjusted hazard ratios of HIV acquisition following detection of an HPV type 
calculated for each simulated cohort is 2.6 (95% CI 2.2–3.1) in the model without co-factors. When 
HIV infectivity is doubled in the presence of an HPV infection, the mean hazard ratio increases to 3.3 
(95% CI 2.7-3.9) and to 4.6 (95% CI 3.8-5.4) when the susceptibility to HIV is doubled in the 
presence of an HPV infection. Figure B 1 shows that although the estimates of the models that include 
co-factors are higher than the model that does not, the estimates are in most cases still comparable to 
study estimates.     

The mean of the unadjusted hazard ratios for the effect of HIV on newly detected HPV is 2.5 (95% CI 
2.2–2.8) in the model without co-factors. When HPV infectivity is doubled in the presence of HIV, the 
mean hazard ratio is 2.5 (95% CI 2.2-2.9) and 2.6 (95% CI 2.3-3.0) when the susceptibility to HPV is 
doubled in the presence of HIV. Figure B 2 shows that the estimates of the models that include co-
factors are very similar to those of the model that does not. 



Appendix B 
 

165 
 

 

 

Figure B 1 - Associations between HPV status and HIV acquisition. Results shown are study estimates 
(Study), estimates using the model without co-factors (Model_None), estimates using the model where 
infectivity of HIV in presence of HPV was doubled (Model_Inf) and estimates using the model where 
susceptibility to HIV in presence of HPV was doubled (Model_Sus). 

 

Figure B 2 - Associations between HIV status and new HPV detection. Results shown are study 
estimates (Study), estimates using the model without co-factors (Model_None), estimates using the 
model where infectivity of HPV in presence of HIV was doubled (Model_Inf) and estimates using the 
model where susceptibility to HPV in presence of HIV was doubled (Model_Sus). 
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Appendix C – Supplementary material to Chapter 4 
 

C.1 Posterior distributions of HPV16/18 parameters 
Table C 1 - HPV 16:  the mean and interquartile range of the 500 samples from the posterior distributions for each parameter, for each model structure.  

Parameter Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

Transmission probability (per sex act)             

    Male to Female 0.6 (0.31-0.77) 0.4 (0.16-0.67) 0.47 (0.18-0.74) 0.46 (0.23-0.72) 0.48 (0.25-0.7) 0.47 (0.25-0.67) 

    Female to Male 0.09 (0.04-0.25) 0.06 (0.03-0.19) 0.06 (0.03-0.1) 0.07 (0.04-0.21) 0.09 (0.04-0.22) 0.09 (0.04-0.28) 

Relative HPV duration in HIV infection              

    Latent HIV vs HIV-negative 2.2 (1.8-2.6) 2.5 (2.2-2.7) 2.2 (1.8-2.6) 2.2 (1.7-2.6) 2.1 (1.6-2.5) 2 (1.6-2.6) 

    Acute HIV/late HIV/recent ART* vs HIV-negative 1.3 (1.1-1.6) 1.5 (1.2-1.8) 1.3 (1.1-1.6) 1.4 (1.2-1.7) 1.3 (1.1-1.5) 1.3 (1.1-1.6) 

Time to reactivation (in years) if HIV-negative             

    Males 17.5 (9.4-23.2)   18.8 (11.1-23.2)   17.3 (11.2-23.1) 18.6 (13-24) 

    Females 19.4 (13.9-24.1)   20.1 (16.1-25) 19.4 (13.6-25) 21.5 (17.1-26.6) 22.5 (17.7-26.9) 

Proportion who become latently infected after clearance 0.56 (0.42-0.74)   0.37 (0.23-0.51) 0.67 (0.47-0.82) 0.67 (0.52-0.81) 0.73 (0.56-0.87) 

Relative HPV reactivation rate              

    Latent HIV vs HIV-negative 2.4 (1.8-3.4)   2.1 (1.7-3.1) 2.3 (1.6-3.5) 2.3 (1.6-3.1) 1.8 (1.4-2.2) 

    Acute HIV/late HIV/recent ART* vs latent HIV 2.1 (1.6-2.5)   1.9 (1.4-2.6) 2 (1.6-2.5) 2.1 (1.6-2.6) 2 (1.6-2.5) 

Duration of immunity (in years)             

    Males 16.6 (9.3-22.9) 11.2 (4.9-17.1) 15.2 (9.8-23.1) 12.5 (6.8-20.2) 16.3 (7.9-22.8) 16.1 (6.6-21.6) 

    Females 15.7 (9.4-22.3) 8.3 (5-13.6) 14.6 (8.6-20.9) 17 (10.7-23.2) 13.7 (6.3-22.1) 14.5 (6.2-23) 

Duration of HPV infection (in months) if HIV-negative             

    Males  12.1 (8.9-16.1) 17 (11.9-23.1) 15.8 (12.6-19.1) 17 (11.9-22) 10.8 (8.3-14.7) 10.9 (7.5-15.3) 

    Females  11.4 (9.9-13.4) 14 (10.7-17.4) 15.8 (13.6-18.3) 11.6 (9.9-13.5) 11.1 (9.3-13) 9.8 (8.3-11.8) 

Standard deviation of study effect 0.16 (0.11-0.2) 0.19 (0.15-0.24) 0.16 (0.13-0.2) 0.16 (0.11-0.21) 0.18 (0.12-0.22) 0.15 (0.11-0.2) 
 
*Recent ART is defined as ART initiation within last 2 years. People who have been on ART for longer than two years are assumed to have the same HPV duration as HIV-negative people. 
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Figure C 1 - HPV 16: Prior and posterior distributions of parameters 
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Table C 2 - HPV 18: the mean and interquartile range of the 500 samples from the posterior distributions for each parameter, for each model structure.  

Parameter Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

Transmission probability (per sex act)             

    Male to Female 0.4 (0.18-0.7) 0.29 (0.09-0.51) 0.38 (0.14-0.75) 0.46 (0.23-0.74) 0.44 (0.19-0.71) 0.5 (0.2-0.78) 

    Female to Male 0.38 (0.18-0.68) 0.32 (0.1-0.62) 0.3 (0.1-0.48) 0.26 (0.09-0.57) 0.3 (0.16-0.54) 0.33 (0.13-0.67) 

Relative HPV duration in HIV infection              

    Latent HIV vs HIV-negative 2.1 (1.6-2.6) 2.6 (2.2-2.8) 2.3 (1.9-2.7) 2.2 (1.7-2.6) 2 (1.7-2.5) 1.9 (1.5-2.4) 

    Acute HIV/late HIV/recent ART* vs HIV-negative 1.3 (1.1-1.5) 1.4 (1.2-1.6) 1.2 (1.1-1.4) 1.3 (1.1-1.6) 1.3 (1.1-1.5) 1.3 (1.1-1.6) 

Time to reactivation (in years) if HIV-negative             

    Males 16.5 (10.8-23.7)   16.2 (10.8-22)   16.7 (10.1-26.1) 17.8 (13.2-24.9) 

    Females 18.5 (13.6-24.5)   19.4 (13.2-25.8) 19.6 (14.2-24.2) 22.1 (16.8-25.7) 21.3 (17.4-25.2) 

Proportion who become latently infected after clearance 0.65 (0.48-0.81)   0.33 (0.18-0.51) 0.67 (0.49-0.82) 0.76 (0.63-0.87) 0.74 (0.59-0.88) 

Relative HPV reactivation rate             

    Latent HIV vs HIV-negative 2.1 (1.5-3)   2.2 (1.7-3.2) 2.3 (1.6-3.2) 1.7 (1.3-2.5) 1.7 (1.4-2.2) 

    Acute HIV/late HIV/recent ART* vs latent HIV 1.9 (1.6-2.5)   2.1 (1.5-2.6) 2 (1.6-2.5) 2.2 (1.7-2.6) 1.8 (1.4-2.5) 

Duration of immunity (in years)             

    Males 10.5 (5.8-15.6) 5.8 (3.4-8.2) 11.5 (5.5-18.5) 7.5 (4.1-11.2) 9.6 (4.3-15.7) 9.1 (5-15.4) 

    Females 17.5 (9.5-24.2) 9.1 (5.7-16.7) 16 (8.7-22.2) 15.8 (8.2-22.7) 15.5 (8.9-23) 14.1 (7-21) 

Duration of HPV infection (in months) if HIV-negative             

    Males  5.6 (4.1-7) 6.2 (4.1-9.2) 6.5 (4.4-8.9) 7.4 (5.6-10.7) 4.7 (3.7-6.8) 4.5 (3.2-5.9) 

    Females  9.7 (8.2-11.7) 12.9 (10.4-17.6) 12.9 (11.1-15.3) 8.9 (7.5-11.2) 9.2 (7.5-10.7) 8.4 (7.1-10.7) 

Standard deviation of study effect 0.13 (0.1-0.18) 0.17 (0.13-0.22) 0.15 (0.12-0.19) 0.12 (0.09-0.17) 0.15 (0.09-0.17) 0.13 (0.09-0.19) 
*Recent ART is defined as ART initiation within last 2 years. People who have been on ART for longer than two years are assumed to be the same as HIV-negative people. 
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Figure C 2 - HPV 18: Prior and posterior distributions of parameters 
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C.2 Model fits to prevalence data 
 

Table C 3 shows the means of the 500 log-likelihoods generated by the posterior sample. Models 1 
and Model 4 have the highest mean log-likelihood and Model 2 has the lowest, indicating that models 
with latency fit better to the data.   

 

Table C 3 - Mean log-likelihood of 500 samples from posterior distributions 

  Type 16 Type 18 

Model 1 -2794.4 -2020.42 

Model 2 -2796 -2022.54 

Model 3 -2795.14 -2022.48 

Model 4 -2794.57 -2020.34 

Model 5 -2795.02 -2020.58 

Model 6 -2794.45 -2020.65 

 

 

 

In Figures C 3 and C 4, the fits to HPV-16 and -18 data are shown for each of the six model structures. 
The mean prevalence estimate produced by the sample of 500 parameter combinations from the 
posterior distributions is shown, along with the 2.5th and 97.5th percentiles of the prevalence estimates. 
The number of each box represents the study number as shown in the first column of Table A 10. 
Although the models do not always match the data closely, this is to some extent because of inter-
regional and inter-study variation in HPV prevalence, which is allowed for through the inclusion of 
random effect terms in the specification of the likelihood function. It is also worth noting that no 
model structure stands out as being clearly preferable to the others in terms of overall goodness of fit 
criteria. 
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Figure C 3 - Model fits to Type 16 data. The solid horizontal lines represent the point estimate of 
prevalence from each study, while the dashed horizontal lines represent the confidence intervals.  
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Figure C 4 - Model fits to Type 18 data. The solid horizontal lines represent the point estimate of 
prevalence from each study, while the dashed horizontal lines represent the confidence intervals. 
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Figure C 5 - The mean overall high risk HPV prevalence in 2000 using the sample of 500 parameter 
combinations from the posterior distributions of each model structure (solid lines). The confidence 
bands (2.5th and 97.5th percentiles) around these estimates are shown in dashed lines. Data points (in 
closed circles) represent HPV prevalence results from a population level study in Khayelitsha, Cape 
Town (273). Type specific HPV prevalence in this study (for all ages combined) was used to calibrate 
the model (Table A 10). In this figure HPV types are aggregated, but age groups are disaggregated. 
The figure therefore serves as a validation of the modelled age pattern of overall oncogenic HPV 
prevalence. 
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C.3 Simulation of RCTs 
 

In this individual-based model, we can “survey” characteristics of each individual in any week 
between 1985 and the end of the model run. To simulate the RCTs, we vaccinate in the first week of 
2014, at random, half of the 15-25 year old women in the model or a quarter of the women older than 
25. We enrol the women in our model in the first week of 2014. The women who are included in the 
analysis match the following characteristics of the women enrolled in the empirical RCTs. 
 
In the 15-25 analysis: 

• HPV status: HPV-16 and -18 DNA negative at enrolment 
• HIV status: no one HIV-positive at enrolment  
• Lifetime partners: six or less (in additional analyses, this exclusion was not applied)   

 
In the 25+ analysis: 

• HPV status: 15% of women could have evidence of previous HPV 16/18 (DNA- or 
seropositive) 

• HIV status: no one HIV-positive at enrolment  
• Age: Only 10% of women in the analysed sample are older than 45  
• Lifetime partners: 75% of sample had less than 6 (in additional analyses, this exclusion was 

not applied) 
 
Women’s characteristics are saved every six months from January 2014 for four years, resulting in 
longitudinal datasets similar to those produced by empirical studies. The saved longitudinal variables 
are: the model identification number, age, type-specific HPV status (13 types), HIV status, total 
lifetime number of sexual partners (LTP) and vaccination status. We simulate 500 datasets for women 
aged 15-25 using the 500 parameter combinations from the posterior distributions and then 500 
datasets for women older than 25, vaccinating only the group of interest for each set of simulations. 
  

C.4 Estimated HPV-16 and -18 prevalence in 2014 
 

Table C 4 - Mean, 2.5th and 97.5th percentiles of HPV-16 and -18 prevalence (ages 15+) in 2014 

 Type 16 Type 18 
  Female Male Female Male 
Model1 5.7 (4.5-7.3) 5.4 (3.2-8.6) 4.3 (3.3-5.6) 3.1 (1.7-4.9) 
Model2 5.4 (4.0-6.8) 5.2 (2.9-8.0) 3.8 (2.8-5.1) 2.8 (1.5-4.7) 
Model3 5.1 (4.1-6.4) 4.6 (2.8-7.6) 3.7 (2.8-4.8) 2.5 (1.3-4.3) 
Model4 5.6 (4.3-6.8) 5.5 (3.3-8.4) 4.1 (3.1-5.3) 3.2 (1.8-5.2) 
Model5 5.2 (4.0-6.5) 5.0 (3.0-7.6) 3.8 (2.8-4.8) 2.8 (1.5-4.3) 
Model6 5.9 (4.6-7.3) 5.7 (3.3-8.8) 4.3 (3.2-5.7) 3.0 (1.8-5.0) 
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C.5 Long-term vaccine impact sensitivity analyses 
 

We perform three additional analyses to confirm the robustness of our conclusion. In our base model, 
we assume 100% lifelong prophylactic efficacy, for those who stay HIV-negative and those who 
become HIV-positive. We assess long-term impact of the vaccine for three independent changes to the 
base model: 

• 95% of women vaccinated have lifelong protection and the other 5% have no protection 
(Figure C 6). 

• 100% of women are protected for a period that is randomly drawn from a Weibull distribution 
with scale of 30 years and shape such that 95% of women are still protected after 10 years 
(Figure C 7).  

• 20% of women lose protection following HIV seroconversion (Figure C 8). 
 

 

 

Figure C 6 - Mean percentage reduction in HPV16/18 prevalence in 2045 for individuals aged 15+ 
with lifelong protection for 95% of vaccinated women. Vaccination coverage of 9-year-old girls is 
assumed constant between 2014 and 2045 at 90%. 
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Figure C 7 - Mean percentage reduction in HPV16/18 prevalence in 2045 for individuals aged 15+ 
with prophylactic vaccine efficacy of 100% for a period that is randomly drawn from a Weibull 
distribution. Vaccination coverage of 9-year-old girls is assumed constant between 2014 and 2045 at 
90%.   

Figure C 8 - Mean percentage reduction in HPV16/18 prevalence in 2045 for individuals aged 15+ 
with lifelong prophylactic vaccine efficacy of 100%. Twenty percent of individuals lose protection 
after becoming HIV infected. Vaccination coverage of 9-year-old girls is assumed constant between 
2014 and 2045 at 90%. 
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C.6 Natural history sensitivity analysis 
 

Tables C5 and 6 show that this chapter’s findings relating to vaccine efficacy are robust to changes in 
the model’s structure, from simulating on HPV infection stages, to simulating these stages and cervical 
disease stages.  
 

Table C5 - Vaccine effectiveness against persistent HPV 16 or 18 infection among women aged 15-25. Shown 
here are results for Models 1 and 2, comparing natural history structures with and without cervical disease. 
Mean effectiveness among the 500 simulated trials is shown, along with the 2.5th and 97.5th percentiles.  

Model 
Structure 

  <=6 Lifetime partners No limit on number of lifetime partners 

  m-TVC n-TVC* n-TVC** m-TVC n-TVC* n-TVC** 
Kreimer 
(66) 

89.1 
(86.8;91.0) 

93.6 
(91.2;95.5) 

93.6 
(91.2;95.5) 

89.1 
(86.8;91.0) 

93.6 
(91.2;95.5) 

93.6 
(91.2;95.5) 

Harper 
(173)   96.0 

(75.2;99.9) 
96.0 
(75.2;99.9)   96.0 

(75.2;99.9) 
96.0 
(75.2;99.9) 

100% prophylactic efficacy against HPV16/18 infection 

Only HPV Model 1 95.9 
(90.1;99.3) 

97.2 
(91.7;100) 

98.5 
(94.6;100) 86 (72.5;95) 90 (78.3;97.7) 94.4 

(86.2;99.2) 
HPV and 

CC   96 (90.8,99.4) 97.5 
(93.4,100) 

98.6 
(95.1,100) 

87.5 
(76.7,95.4) 91.8 (82,97.7) 95.5 

(89.4,99.2) 
Only HPV Model 2 100 (100;100) 100 (100;100) 100 (100;100) 100 (100;100) 100 (100;100) 100 (100;100) 

HPV and 
CC   100 (100;100) 100 (100;100) 100 (100;100) 100 (100;100) 100 (100;100) 100 (100;100) 

95% prophylactic efficacy against HPV16/18 infection 

Only HPV Model 1 91.3 
(85.4;96.5) 92.6 (86.5;98) 93.9 

(88.5;98.3) 
81.9 
(68.6;91.4) 

85.7 
(74.8;94.2) 

89.9 
(82.1;96.3) 

HPV and 
CC   91.5 

(84.5,96.3) 
92.9 
(86.2,97.3) 94 (88.5,98.1) 83.4 

(73.2,91.8) 
87.5 
(76.9,94.8) 

91.1 
(83.5,96.7) 

Only HPV Model 2 95.5 
(91.1;98.8) 

95.5 
(90.8;99.2) 

95.5 
(90.8;99.2) 

95.4 
(92.5;97.9) 

95.4 
(90.7;98.9) 

95.4 
(90.7;98.9) 

HPV and 
CC   95.4 

(91.0,98.4) 
95.3 
(90.9,99.3) 

95.3 
(90.9,99.3) 

95.3 
(92.4,97.9) 

95.3 
(91.6,98.9) 

95.3 
(91.6,98.9) 

 

Table C6 - Vaccine effectiveness against persistent HPV 16 or 18 infection among women aged 25 and older. 
Shown here are results for Models 1 and 2, comparing natural history structures with and without cervical 
disease. Mean effectiveness among the 500 simulated trials is shown, along with the 2.5th and 97.5th 
percentiles. 

Model 
Structure 

  Matching LTP distribution No limit on number of LTP 

  TVC n-TVC* n-TVC** TVC n-TVC* n-TVC** 
Skinner 
(74) 

47.0 
(25.4;62.7) 

82.9 
(53.8;95.1) 

82.9 
(53.8;95.1) 

47.0 
(25.4;62.7) 

82.9 
(53.8;95.1) 

82.9 
(53.8;95.1) 

100% prophylactic efficacy against HPV16/18 

Only HPV  Model 1 48.4 (-
16.2;88.2) 

56.3 (-
21.4;100) 

72.4 (-
5.3;100) 

40.2 
(13.4;66.3) 

46.9 
(14.0;78.1) 

62.6 
(22.6;88.1) 

HPV and 
CC   45.8 (-47.3,92) 59.1 (-

35.9,100) 74.1 (-4,100) 35.7 (6.7,62.1) 46.4 
(12.6,77.1) 62.7 (23.1,89) 

Only HPV  Model 2 80.2 
(21.4;100) 100 (100;100) 100 (100;100) 76.3 

(57.2;90.3) 100 (100;100) 100 (100;100) 

HPV and 
CC   72.5 

(1.5,100.0) 100 (100,100) 100 (100,100) 68.8 (46.7, 
85.4) 100 (100,100) 100 (100,100) 

95% prophylactic efficacy against HPV16/18 

Only HPV  Model 1 46.4 (-
19.1;87.6) 

53.5 (-
24.5;100) 

68.6 (-
16.3;100) 

38.4 
(12.2;64.7) 

44.8 
(11.5;74.1) 

59.7 
(18.5;85.3) 

HPV and 
CC   43 (-56.6,91.1) 56.2 (-

44.6,100) 
69.3 (-
30.8,100) 33.9 (4.9,59.9) 44.3 

(10.7,73.6) 
59.9 
(20.3,87.1) 

Only HPV  Model 2 76.8 
(18.9;100) 

95.9 
(63.4;100) 

95.9 
(63.4;100) 

73.0 
(54.1;87.6) 

95.6 
(86.2;100) 

95.6 
(86.2;100) 

HPV and 
CC   68.7 (-8.2,100) 94.2 

(47.1,100) 
94.2 
(47.1,100) 

65.3 
(41.4,83.1) 

94.8 
(79.3,100) 

94.8 
(79.3,100) 
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Appendix D – Supplementary material to Chapter 5 
  

D.1 Additional screening information 
 

Table D 1 - Total number of Pap smears performed and cytological results by year. The fraction of 
smears with no result changed substantially after implementation of the Bethesda 2014 classification 
system, in which smears without an endocervical component is defined as adequate. Also shown in this 
table are the fractions of women who attended screening services because of symptoms (i.e., not 
routine) and the fractions of smears that could not be linked to a PMI. 

Yea

r Total 

Symptomati

c screening 

Not 

linke

d to 

PMI Normal 

ASCUS/LSIL

* 

ASCH/HSIL

* Cancer Inadequate 

200

7 74476 32.1% 

12.4

% 51424 (69%) 

12100 

(16.2%) 3153 (4.2%) 

149 

(0.2%) 7650 (10.3%) 

200

8 95482 32% 

10.5

% 67022 (70.2%) 

13092 

(13.7%) 3842 (4%) 

171 

(0.2%) 

11355 

(11.9%) 

200

9 

10298

4 31% 9.4% 72128 (70%) 

14289 

(13.9%) 4533 (4.4%) 

163 

(0.2%) 

11871 

(11.5%) 

201

0 

11771

0 31.1% 6.3% 83171 (70.7%) 

16645 

(14.1%) 4851 (4.1%) 

160 

(0.1%) 

12883 

(10.9%) 

201

1 

12057

0 30.9% 5.6% 86757 (72%) 

15563 

(12.9%) 4513 (3.7%) 

138 

(0.1%) 

13599 

(11.3%) 

201

2 

12040

0 30.5% 5% 86036 (71.5%) 14453 (12%) 5047 (4.2%) 

156 

(0.1%) 

14708 

(12.2%) 

201

3 

13004

3 29.5% 3.2% 92733 (71.3%) 

15287 

(11.8%) 5540 (4.3%) 

176 

(0.1%) 

16307 

(12.5%) 

201

4 

13290

2 29% 2.6% 96324 (72.5%) 

15176 

(11.4%) 5570 (4.2%) 

190 

(0.1%) 

15642 

(11.8%) 

201

5 

12824

6 24.7% 2.8% 99928 (77.9%) 

13698 

(10.7%) 5291 (4.1%) 

200 

(0.2%) 9129 (7.1%) 

201

6 

13716

5 23.7% 2.3% 

115009 

(83.8%) 12605 (9.2%) 5872 (4.3%) 

167 

(0.1%) 3512 (2.6%) 

201

7 

13123

3 21.7% 1.6% 

109000 

(83.1%) 11057 (8.4%) 5654 (4.3%) 

130 

(0.1%) 5392 (4.1%) 

201

8 

12898

8 21.4% 1.3% 

107409 

(83.3%) 11190 (8.7%) 7004 (5.4%) 

212 

(0.2%) 3173 (2.5%) 

*ASCUS - Atypical squamous cells of undetermined significance; LSIL – low grade squamous 

intraepithelial lesions; HSIL – high grade squamous intraepithelial lesions; ASCH - Atypical 

squamous cells, HSIL cannot be ruled out. 
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D.2 The Thembisa model 
 
The Thembisa model is a deterministic compartmental model that simulates the population 
demographics and HIV epidemic of South Africa. The model provides estimates at the national and 
provincial level, and the methodology of the model at both scales is described in detail in technical 
documents available for download at www.thembisa.org. Its contributions to the South African 
HIV Investment Case helped to identify the most cost-effective HIV interventions, which has 
been the basis for government’s decision to provide lifelong ART to all HIV-positive South 
Africans from September of 2016 (278). South African HIV estimates for the official 
UNAIDS reports have been based on Thembisa output since 2017 (279). For the analyses in 
Chapter 5 we use population and HIV estimates from the Western Cape and for the analyses in 
Chapter 6 we use national level estimates. At the time we performed these analyses, Thembisa version 
4.2 was the latest available version. 
 
The model population is stratified by sex and 5-year age groups and stratification for sexual behaviour 
is similar to that of MicroCOSM (Appendix A.2), except that men can have sexual relationships with 
other men. All adults are classified according to their HIV testing history (never tested, ever tested, 
and ever diagnosed positive) and according to CD4 count, initiation of ART and ART duration if they 
are HIV positive. HIV prevention methods simulated include condom use, male circumcision, pre-
exposure prophylaxis and ART (to prevent mother-to-child transmission and general transmission). 
The use of a wide range of different data sources in the model calibration, and the extensive validation 
of the model, make it the most reliable and informative model for assessing the impact of HIV in 
South Africa. 
 

http://www.thembisa.org/
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Appendix E – Supplementary material to Chapter 6 
  

E.1 Age standardisation 
 

We use two world- standard populations in this paper. To be consistent with the method followed by 
the National Cancer Registry and IARC, we age-standardise cancer incidence according to the SEGI 
world population (2,41). To be consistent with the Brisson et al. paper, we age-standardise according 
to the United Nations Development Programme’s 2015 (UNDP 2015) world population (11).  These 
standard populations are shown in Table E 1. 

 

Table E 1 – World standard populations used in this study. 

Age Group SEGI UNDP 2015 

00-04 12000 8895 

05-09 10000 8508 

10-14 9000 8082 

15-19 9000 7850 

20-24 8000 7974 

25-29 8000 8191 

30-34 6000 7444 

35-39 6000 6756 

40-44 6000 6565 

45-49 6000 6198 

50-54 5000 5510 

55-59 4000 4701 

60-64 4000 4115 

65-69 3000 3092 

70-74 2000 2249 

75-79 1000 1763 

80-84 500 1154 

85+ 500 954 

Total 100000 100000 
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Figure E 1 shows three different estimates of cervical cancer incidence. The red and black lines show 
mean model estimates of cervical cancer incidence calculated using the two world standard 
populations given in Table E1. Since the UNDP 2015 population gives more weight to women in older 
age groups who experience higher rates of CC incidence, this estimate is consistently higher than the 
estimate using the SEGI world population.  

 

The blue line shows the mean model estimates of diagnosed cervical cancer incidence. Since the 
majority of cervical cancer cases in South Africa are diagnosed in advanced stages (Table A 11), there 
is a long delay between cancer incidence and diagnosis. However, the curves of incidence and 
diagnosed incidence are not similar in shape or scale, with a much slower increase in diagnosed 
incidence and lower overall levels. This happens because women are diagnosed in an age-category 
that carries less weight in the standard population, leading to a lower age-standardised estimate. In 
addition, a small fraction (~5%) of cervical cancer cases in the model die without receiving a diagnosis 
(from other causes or from undiagnosed cervical cancer). 

 

 

Figure E 1 – Diagnosed and incident cervical cancer calculated using different world standard 
populations. 

 

E.2 Additional screening assumptions 
 

When simulating the screening strategies suggested by the WHO’s CCEMC (Scenarios G) to I) in 
Table 7), we need to make extra assumptions regarding screening. If our baseline screening is abruptly 
stopped in 2020 and replaced by an HPV-DNA screen at ages 35/45 or 3-yearly for HIV-positive 
women between the ages of 25 and 50, cervical cancer incidence may initially increase in those age 
groups not receiving Pap smear screening any more, and not receiving HPV-DNA based screening. 
We therefore follow the following steps: 
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E.2.1 Twice in a lifetime screening with HPV-DNA test 
This scenario suggests one screen for all women aged 35 and one screen for all women aged 45. We 
assume that one of these two HPV-DNA screens can happen at any time between ages 30 and 40 and 
the other one at any time between ages 40 and 50. Women younger than 30 can still enrol in Pap 
smear screening at the same rates as the status quo, but won’t receive any Pap smears after 30. Women 
aged 50-60 can still receive Pap smear screening at the same rate as the status quo, but this rate 
linearly decreases to zero over ten years, by which time all women who had the opportunity to receive 
an HPV-DNA test will be aged 50-60. Rates of Pap smear screening are dependent on ART status and 
age, as described in Appendix A.4.2. Initial rates of HPV-DNA screening are chosen so that coverage 
of screening among women aged 30-50 (by ART status) does not reduce after 2020, and these rates 
linearly increase to 70% coverage in 2030 and 90% in 2045.  

 

E.2.2 Extra screening for HIV-positive women 
This scenario suggests one screen for HIV-negative women aged 35; one screen for HIV-negative 
women aged 45 and three-yearly screens for HIV-positive women aged 25 to 50. Our assumptions for 
HIV-negative women are the same as in the previous scenario. HIV-positive women aged between 15 
and 25 can receive Pap smear screening at the same rates as the status quo, but won’t receive any Pap 
smears after 25. HIV-positive women aged 50-60 can still receive Pap smear screening at the same 
rate as the status quo, but this rate linearly decreases to zero over ten years, by which time all women 
who had the opportunity to receive an HPV-DNA test will be aged 50-60. 

 

E.3 Sensitivity analyses 
 

E.3.1 Fraction who receives only clinical diagnosis 
 

As described in Appendix A.5.3.1 and A.8.3, data on the fraction of cervical cancer cases who only 
receive a clinical diagnosis (no pathology) are inconsistent and scarce, and our model fits only 
marginally better to the assumption that 10% do not receive a pathological diagnosis, compared to 7% 
or 14%. In Figure E2 we show that although the 3 scenarios lead to different estimates of CC ASIR, 
the impact of scaling up our current prevention programme will be similar across the three scenarios. 
Under all three assumptions, CC ASIR will reduce by 76% between 2019 and 2120 if vaccination, 
screening, and linkage to treatment are maintained at current levels, and with all three assumptions CC 
ASIR will reduce by 85% if the 90-70-90 targets are met by 2030.  
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Figure E 2 – Mean model estimates of age-standardised cervical cancer incidence assuming three 
different fractions of clinically diagnosed cases. Estimates are shown for the status quo (current levels 
of vaccination, screening and linkage to treatment) and the scenario where our current prevention 
programme is scaled-up to meet the 90-70-90 targets by 2030. 

 

E.3.2 Vaccine efficacy 
 

In the main analysis of Chapter 6, we assume that all vaccinated women (regardless of the number of 
doses) receive 100% life-long protection against infection with HPV types 16 and 18, as well as 
against types 31/33/45 in 50% of women. Although there is currently no evidence that suggests lower 
efficacy or waning effectiveness of a one-dose schedule (66,203,204), we show here projections for 
the worst case scenario: that women who receive only one dose will have no protection against 
infection. We assume that one-dose coverage of 9-year-old girls will remain at 80%, and two-dose 
coverage at 60%. In Figure E4, “80% vaccinated” implies 80% coverage of one dose that gives 100% 
lifelong protection and “60% vaccinated” implies 60% coverage of two doses that give 100% lifelong 
protection, and that women with only one dose receive no protection.  

In the best-case scenario (80% protected lifelong and some cross-protection), mean CC ASIR is 
estimated to be 11.7 per 100,000 women in 2120 (95% CI 7.8-16.8). In the worst-case scenario 
(assuming those with only one dose have zero protection, and no cross-protection), mean CC ASIR is 
estimated to be 16.7 per 100,000 women (95% CI 11.3-24.7) in 2120.  
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Figure E 4 – Mean model estimates of age-standardised cervical cancer incidence under different 
assumptions about vaccine efficacy.  

 

E.3.3 HIV prevention 
 

We reweight the population totals in our model using the projected population demographics of the 
Thembisa model, on the assumption that the Thembisa model estimates future HIV and demographic 
trends more realistically. The status quo HIV prevention efforts will lead to 96% of HIV-positive 
individuals diagnosed in 2030, 77.6% of diagnosed individuals on ART, 91.4% of those on ART 
virologically suppressed, and 76% of men aged 15-49 circumcised. As sensitivity analyses, we 1) 
increased ART coverage to reach 90% by 2030 and stay constant after (‘90-90-90 targets’ Scenario in 
Figure E5), and 2) kept all levels of coverage at 2020 levels (93-73-91, and 59% circumcised).  

The curves in Figure E5 show that the impact of scaling up our current cervical cancer prevention 
programme to meet the 90-70-90 targets is not dependent on assumptions about HIV prevention.  
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Figure E 5 – Mean model estimates of age-standardised cervical cancer incidence under different 
assumptions about future HIV prevention efforts.  

 

E.3.4 Viral latency and reactivation of latent infections 
 

In Chapter 4 we showed that natural history structures with and without viral latency and reactivation 
of latent infection can fit equally well to data, but that models without reactivation of latency do not 
match the difference in vaccine effectiveness between different risk groups. For this sensitivity 
analysis, we fit a model without viral latency and reactivation of latent infection to the cervical pre-
cancer and cancer data. We use the same prior distributions of parameters as in Table A14, and 
calibrate to the same data and using the same method as described in Section A.5. This model does not 
fit well to cancer incidence at the older age groups (Figure E6) and predicts lower levels of cervical 
cancer incidence over time when assuming the status quo vaccination, screening, and treatment 
scenario (Figure E7).  
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Figure E6 – Age specific diagnosed cervical cancer incidence per 100,000 women as calculated from 
NCR data (red lines) and the 100 best fitting parameter combinations for the model that assumes no 
viral latency and reactivation of latent infection (black lines show mean of 100 estimates, dashed lines 
show 95% percentile intervals).  
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Figure E7 – Mean model estimates (and 95% percentile intervals) of age-standardised cervical cancer 
incidence including/excluding a state for viral latency and reactivation of latent infections in the 
natural history of cervical cancer. 
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