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Abstract. Cervical cancer is one of the highest occurring cancers for women in
East Africa. Many studies have shown that disease occurrences and particularly
the number of deaths due to the disease can be reduced significantly by screening
and vaccination. East Africa and Kenya in particular are undergoing change and
taking actions to reduce disease levels. However, up until today disease level in
the different districts in Kenya is not known nor what be the prevalence of disease
when prevention actions take place. In this paper we propose a novel Bayesian
model for estimating disease levels based on available partial reports and
demographic information. The result is a simulation engine that provides
estimations of the impact of various potential prevention actions.
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Introduction

Cervical cancer remains one of the strongest threats to female reproductive health; it is
the second most common cancer worldwide and in the Sub-Saharan African region,
and is the leading cause of cancer related death among women in developing countries.
The human papillomavirus (HPV) is known to be the causative agent of a vast majority
of cervical cancers. Early detection of the virus by screening and removal of the
precancerous cells, as well as vaccination against (most of) the HPV strains that cause
the cancer have reduced the level of disease in more developed countries. Current
screening tests include the Pap test that explores changes in the cells of the cervix, the
HPYV test that detects the existence of the high risk strains of the HPV virus in the cells,
visual inspection with acetic acid (VIA), and visual inspection with Lugol's iodine
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(VILI). Not only is the cost of VIA and VILI significantly lower than the PAP test and
HPV test but these visual inspection methods also allow for treating of any detected
abnormal cells during the same visit as the screening. These 'see and treat' tests are a
better fit for countries with fewer resources and have become common in Kenya in
recent years.

Vaccinations, screening tests and appropriate treatment have become part of
national policies and guidelines formulation in many countries. The Kenyan Ministry
of Health adopted guidelines developed by the Department of Reproductive Health and
partners as a standard approach to be used by all cadres of health care workers in the
country; these guidelines address screening, diagnosis and palliative care for cervical
cancer patients. However, they have been only partially adopted and with a large
variation between different districts in Kenya due to constraint resources. Moreover the
information on such actions is not centrally gathered and it is a challenge to estimate
the current and expected disease levels. We propose a system that is based on an
innovative Bayesian model [1] that utilizes the unique freely available dataset of Kenya
called Open Kenya Data [2] and provides district level estimates of disease prevalence.

1. Methods

In this work we leverage existing models for cervical cancer progression that have been
used to estimate disease level and cost effectiveness of vaccination and screening, and
extend the models to include demographic information that in turn enables more
accurate estimates of current disease level. We infer the dependencies and values of the
parameters and random variables in the Bayesian model by performing a meta-analysis
study. To the best of our knowledge this is the first time a Bayesian model is
introduced to tie between rich demographic information and disease status using meta-
analysis in general and the first to be used for modeling Cervical Cancer prevalence
and progression.

Bayesian models are statistical models represented by acyclic graphs that capture
dependencies between random variables. In this paper we used the convention that
random variables are represented by circles, arrows stand for dependency and shaded
circles stand for random variables for which the value is considered observed. In this
paper we propose a model that stands for different characteristics of a woman in Kenya,
her particular district, whether she lives in rural or urban area, likelihood of her having
cervical cancer and so on. The random variables in this model are those characteristic
and take values from a finite set of values (also the age variable is categorized into a
few age groups). Figure 1 illustrates the model.

A number of Bayesian models have been introduced to model the progression
from HPV infection to a cervical cancer. One of the most commonly used models is the
Markov model introduced by Mayers et al[3] that captures the different stages from
infectious by the virus where the woman state is 'well' to the presence of a Low-grade
Squamous Intraepithelial Lesion ('LSIL') (cervical intraepithelial lesion 1). Such state
might progress to High-grade SIL ("HSIL'") (cervical intraepithelial lesion 2-3, including
carcinoma in situ). The woman might progress to have local than regional than distant
cancer. In Figure 1, the insert illustrates the model for such natural progression. The
model we propose captures the likelihood for a woman to be screened, and treated
given that pre-cancerous cells or cancer is detected.
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Figure 1: Dynamic Bayesian model of cervical cancer progression and monitoring

The likelihood for a screening depends on availability and accessibility of the
screening as represented by the information whether the woman has access to a
healthcare facility nearby. The likelihood for a woman living in a city to have a
healthcare facility nearby is larger than those who leave in rural areas. This is one way
by which the demographic information plays a role in the estimations of disease
prevalence. Similarly, as vaccination typically is offered to girls in school, as according
to guidelines the vaccine is most effective while administered before getting engaged in
sexual activity, information regarding school attendance can serve as a predictor of
whether or not a woman is vaccinated, and thus the likelihood of contracting the
disease. This information is also captured in our proposed model, Figure 1.

Dynamic Bayesian models 4] allowing the state space to be represented in
factored form, instead of as a single discrete random variable. A given hypothetical
state of a woman is characterized by her age group, where she lives (in rural or urban
area), whether she is infected by HPV, if she has a cancer, and if yes in what state and
so on. The development of the state of the woman over the years is depicted by a
dynamic Bayesian model, where in Figure 1 gray arrows depict dependencies between
different variables within the same timeframe and green arrows depict the dependency
between the states in one year to the following one.

We used this innovative dynamic model by extracting real information from
Open Kenya data with respect to the demographic information on women in Kenya.
We learned dependencies between the random variables by exploiting standard meta-
analysis. The model than can serve to simulate different scenarios such as what
happens in terms of disease prevalence five and ten years ahead if a portion of the
woman are vaccinated and / or screening policy is applied.

Finally, we used existing references and meta-analysis method [5] for evaluating
the Bayesian model results with respect to current disease prevalence and prevention
actions. Search of PUBMED with the keyword “cervical cancer AND Kenya”
produced 99 related articles on which we applied our inclusion and exclusion strategy.
In addition we performed a few discussions with local nonprofit organizations and
obtained links to reports of disease status and associated studies that are not covered by
PUBMED, The initial strategy was a quick review of the abstracts/reports for a
description of the study on desired data of interest. The inclusion or exclusion of
published articles where only abstracts were accessible was based solely on whether
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data of interest are reported in the abstracts or not. This way, the initial search result list
was filtered to 24 articles. A detailed review of these articles (reading the entire paper)
revealed that some data of interest are only partially reported.

2. Results

The meta-analysis study yielded a few but significant references such as [6],[7],[8].
These reports where used to confirm the Bayesian model analysis at the country level.
The estimates we have performed where per district. There are close to 13 Million

women at age 14 and higher out of a total population of around 44 Million.
- I

Figure 2: Nunber of women (x1000) aged 35-40 (left) and 9-12 (right) per distrcit

We used the Bayesian model to simulate an estimate of mortality rate for 35-40
year old women in 10 years in three different conditions; status quo, screening and
treating as necessary 90% of all women in current year and the same but only for those
living near a health facility. Figure 3 shows these scenarios. The redder the color, the
higher the number.

Figure 3 mortality rate per 100K women aged 35-40 in 10 years. Left: status quo. Middle:
screen & treat 90% this year. Right: screen & treat 90% who live near health facility

Table 1 compares cost effectiveness of the mentioned scenarios (assuming pricing
similar to Goldie et al [9]). While vaccination of all 9-12 yo is relatively expensive and
has no immediate effects, it saves the most lives and life-years in the long run.
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Table 1: Cost-effectiveness of simulated scenarios

cancer
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cost per savingsin  lives saved  lives saved  Wle-years Ute-yoars R population
f o ¥ 4 rate in 10 rato in 30 ot

solution cost ($K) life-yoar-sav  later 10 (10-y7 pd) (30-yr pd) saved (30-yr  saved (10-yr (1000

o181y} (women)  (woman)  pd)(years)  pd years)  YOAS YOS e

a
(doNars} 100K) 100K)

25130.88 14396 4817.01 70190.06 5047.17 78.43 154.38 1194.74

3. Discussion

Our proposed system can serve agencies in making informed decisions with respect to
planned programs to launch. At the moment, health records in Kenya are very limited,
and yet they indicate a high prevalence of cervical cancer, low level of awareness of the
disease and limited access to screening among women in Kenya. A coordinated effort
is performed between different agencies to raise the awareness for the disease, increase
level of screenings, and apply vaccination programs. The system we developed can
easily integrate further information, at the form of evidence in the Bayesian model and
to provide more accurate results when more information is collected with respect to
disease level. We are working with these forces and aim at supporting further
coordinating the effort that hopefully will lead to a significant decrease of the number
of women suffering from cervical cancer in Kenya. This system can be easily extended
for usage in other disease areas.
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