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Section 1. Introduction 
 

Relevance of the work 
 

Cervical cancer is a type of cancer that arises from the cervix, due to the abnormal growth 

of cells. 99% of the cervical cancer cases have been related with the human 

papillomavirus (HPV) biologically and epidemiologically (Bosch et al., 2002), with high 

risks HPV (mostly types 16 and 18) accounting for about 70% of cancers of the cervix 

(Munoz et al., 2009).  

 

With an estimated of 266,000 deaths, cervical cancer (CC) was in 2012, the third most 

common cancer in women worldwide (the latest year for which information is available), 

accounting for 7.5% of all female cancer deaths (Ferlay et al., 2012). It became a public 

health issue because it affects young and middle-age women mainly by compromising 

their reproductive ability. Nine out of ten (87%) CC deaths occur in the less developed 

regions creating high costs of medical treatments that could be avoided with proper 

screenings (Bermeo et al., 2015). Increased awareness of cervical cancer is necessary to 

avoid such costs for governments and to reduce fertility problems and death among 

women. 

Muñoz et al. in their paper Worldwide distribution of human papillomavirus types in 

cytological normal women, 2005, describe CC and HPV infections as very regional specific 

diseases. Authors pointed this out after finding significant differences in CC prevalence 

and incidence among populations from different countries; where incidence indicates the 

new cases per year and prevalence indicates the proportion of individuals in a population 

having a particular disease or characteristic 

The demonstration that infection by certain types of HPV is not only the main cause but 

also a necessary cause of cervical cancer has led to great advances in the prevention of 

this disease along two fronts: First, prevention by the use of prophylactic HPV vaccines; 

and second, prevention by increasing the accuracy of cervical cancer screening 

procedures (Muñoz, 2012).  

In Colombia, thanks to the introduction of different CC prevention programs three decades 

ago (Min.Salud, 2013) - improving socio-economic conditions, executing effective 
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screening and treatment programs, and training the population with preventive 

procedures- CC death rate decreased from 14 per 100,000 women in 1987 to 7.08 deaths 

per 100,000 women in 2014. In spite of these efforts, CC still persists as the first cause of 

mortality for cancer in Colombia among women. This underscores the need for new 

approaches to cancer prevention and detection. 

 

Motivation of the work 

 

Some of the most effective strategies developed to reduce the impact of cervical cancer 

vary from early screening of pre-neoplastic and neoplastic lesions of the cervix, to 

counselling affected women, to the offering of services for diagnosis and appropriate and 

timely treatment.  

 

In Colombia, health care policy makers and the government have set a goal of reducing 

the mortality rate to 5.5 deaths per 100,000 by 2021 (Min.Salud, 2013), Figure 1. Some 

authors (Almonte et al.2010 and Bermeo et al. 2015) suggest that to pursue that goal 

suitable interventions for specific scenarios and proper appraisal of new technologies are 

compulsory. Services for diagnosis, also called primary screening services, appear as a 

low-cost and effective way to prevent CC development (Murillo et al., 2011). Present 

cervical screening policies could be improved by distinguishing risk factors of patients with 

different characteristics (age, medical history, etc.) and offering alternatives to overcome 

accessibility limitations.  
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Figure 1. Different mortality rates of CC. Patters seen by mortality rates of CC in different countries indicate 

specific-population dynamics. Colombia is also one of countries with the highest rates of deaths in the 

Americas. That have led the government to set the goal of reduce prevalence, incidence and mortality rates for 

2021. 

 

In this context, in 2014 Namen et al. developed a partially observable Markovian decision 

processes model (POMDP model) that determines the optimal policy of primary screening 

by maximizing the quality of life years gained by a patient (QALYs), given the lack of 

accessibility to primary screening test of low-income communities. 

 

Sensitivity analysis on the model performed by Arboleda in 2015 indicated that the cost 

and risk of the optimal policies determined by the POMDP model are associated with the 

input parameters of the model, shown in Figure 2.  

 

 

 

Figure 2. Diagram of the inputs and outputs of the POMDP model proposed by Namen in 2012. 

 

 

Factors such as the natural progression of the HPV infection and cancer development, the 

cancer state of a patient and the gain or loss in life quality given certain actions are key 

parameters which greatly affect the optimal frequency of screening provided by the model. 

As shown in Figure 3, the required information needed as input for the POMDP model was 

previously estimated using available literature that in most of the cases came from 

countries different to Colombia. 
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Literature of the 

POMDP Model 

Country 
Total 

general Colombia France Norway 
United  

Kingdom 
USA 

 CC General Info. 4% 0% 0% 0% 0% 4% 

CC General Info. 22% 0% 4% 0% 15% 41% 

OC General Info. 0% 4% 0% 4% 4% 11% 

PO/MDP General Info.  4% 0% 0% 0% 0% 4% 

POMDP/MDP 0% 0% 0% 0% 15% 15% 

Qalys 0% 0% 0% 0% 4% 4% 

Transition probabilities 15% 0% 0% 0% 4% 19% 

Vaccine 0% 4% 0% 0% 0% 4% 

Total general 44% 7% 4% 4% 41% 100% 

 

Figure 3. Literature on the POMDP model. Place from where the study was performed and the type of 

information that was collected. Transition probabilities are all estimated by literature from USA.  

Extension of the POMDP model proposed by Arboleda et al., in 2015, indicates a very 

close association between the transition probability matrix (TPM) of the natural 

progression of cervical cancer displayed in Figure 4, and the optimal actions provided by 

the POMDP model. The TPM is the matrix that provides the probability of transitioning 

between health states every six months. 

   

 

 

Figure 4. The underlining Markov chain of the true-health state of a patient used in the POMDP model. The 

states are given by the natural progression of cervical cancer and its states are cancer and Infection free (CIF), 
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infection but cancer free (ICF), and the rest are the cancer states provided by the international federation of 

gynecology and obstetrics (FIGO) under the names of cervical neoplasia in stage 1 (CN1), stage 2 (CN2), 

stage 3 (CN3) and stage 4 (CN4). The rest of the states DHT and COT, CIT, CVT, are death and treatment for 

different cancer states and are not associated with the natural progression of CC (Namen et al., 2014). 

 

In the paper Extension of the POMDP model by Arboleda (2015), six different experiments 

with a modified TPM were performed and later the optimal policies computed and 

compared in cost and risks. Important changes in the cost on the optimal screening policy 

where observed with varying the TPM input as shown in Figure 5.  

  

 

Figure 5. Accumulated costs of the optimal screening policy for different transition probabilities scenarios 

(Arboleda et al., 2015). Variations in the transition probabilities. 

 

The motivation for this research is the lack of real and representative data to estimate the 

probability of transitioning between the 6 true-health states of cervical cancer for 

Colombian women (Figure 4). Through the construction of a computational biology 

simulation model at the cellular level we reproduce the natural regression and progression 

of the CC disease and then compute the TPM. We aim to determine an estimate of the 

parameters that constitute the TPM, taking into account specific characteristics of the HPV 

infection and CC progression (e.g. incidence or prevalence) among Colombian woman. 

 

The simulation study is structured trough the following four sections. Section 2 presents 

the main biological concepts related with the natural progression of cervical cancer at the 

cellular level. Section 3, explains conceptualization of the model by translating the 
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biological dynamics of cervical cancer into the Petri net formalism, presents the 

parameters that compound the model, their calibration using Colombian women data, and 

concludes in the presentation of the verification and validation process. Section 4 explains 

the computation of the transition probability matrix using the simulation model and 

provides a cost and risk analysis of the POMDP optimal screening policies. Section 5 

presents conclusions about the results and presents the future work.  



 

 
13  

  

Section 2. Biological background 

The cervix is a cylinder-shaped neck that connects the vagina and uterus of a woman. 

Epithelial cells are the main structural and function unit of this important tissue. Figure 6 

shows the main structure of the cervix (divided in endocervix and ectocervix) and the 

approximate number of cells that form it. The ectocerevix is the zone that is seen from 

inside the vagina during a gynecologic examination and is the one exposed to HPV 

infection during sexual intercourses.  

 

Figure 6. Schematic figure of the cervix and the uterus 

The cervix, as many other epithelial tissues in the human body, is stratified in two main 

layers. The first layer is a thin basal-layer constituted by stem cells that provide mainly 

structural support (non-specialized cellular functions) with the following features. First, the 

potential of develop or divide into two new cells to repair and replace worn out or damaged 

tissues so-called mitosis. Second, after performing mitosis these cells could remain stem 

or differentiate into more specialized cells originating differentiated cells. When mitosis 

generates two cells of the same type (stem or differentiated) the division process is called 

symmetric. The division process could also result in the generation of one stem cell and 

one differentiated cell, called asymmetric mitosis (Figure 7). Third, under healthy cellular 

conditions stem cells lack of programed cell death, known as apoptosis. 
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Figure 7. Diagram of the different types of stem cell division: two symmetric mitosis or one asymmetric mitosis 

are possible. (Asymetric Stem Cell division in development and cancer, Caussinus et al, 2007) 

 

 

Newborn differentiated cells with specialized functions (PH regulation, mucus production, 

protection wall) lie in the supra basal or external layer of the stratified epithelium. During 

the life time of a woman internal acidity, maturation and environment in the cervix promote 

a natural turnover where matured differentiated cells are continuously destroyed and 

replaced By differentiated cells that migrate from the intermediate and supra basal layers 

of the epithelium. The epithelium is completely replaced within 3-4 weeks (Ryser et al., 

2015). Figure 8 presents a diagram of the continuous dynamics of proliferation and dead 

of cells that takes place in the cervix.  

 

 

Figure 8. Division, differentiation and dead of cells in the stratified squamous epithelium (HPV Clearance and 

the neglected roll of stochasticity, Ryser et al, 2015) 

 

During the replacement process, stem progenitor cells divide in a very tight and controlled 

manner. From one stem cell, two new daughter cells are created to guarantee long-term 

homeostasis in the number of stem and differentiated cells that constitute the tissue. 

Homeostasis maintains structure and health in the tissue preventing it from grow or shrink. 

However in some instances, infections with some forms of HPV can transform cells to 
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induce dysplastic or abnormal growth. This is the first step in the progression to 

precancerous cervical lesions. 

 

Found in 99.7% of cervical cancer cases and with more than 200 different strains, HPV 

infection is considered a necessary cause in the development of cancer (Bosch et al., 

1998). HPV infection are commonly acquired by sexual transmission. The exposure to the 

infection is age dependent; being much more common in young women (refer to Figure 

25) and men. It affects at least 80% of all people of some point of their lives, but for most 

of them the infection is asymptomatic and it clears spontaneously by the action of the 

immune system within 4 to 6 months. 

 

The reproductive life cycle of the HPV inside of the cervix, is highly linked to the natural 

dynamics of replacement of the epithelium. When differentiated cells are exposed to HPV, 

infection clears spontaneously given their continuous turnover. On the contrary, stem cells 

exposed to the virus, can persist infected up to several decades until the immune system 

recognizes and eliminates them. The immune system’s natural capacity to detect and 

destroy abnormal cells may prevent the development of many cancers. However, cancer 

cells are sometimes able to avoid detection and destruction by the immune system.  

 

Under early HPV infections no changes in the cellular processes, especially in mitosis or 

apoptosis, are observed. Nevertheless, persistent infections in stem cells, infections that 

are not cleared by the immune system, may progress to cancer. Different types of cancers, 

including cancers of the penis, vagina and back of the throat (oropharyngeal) have been 

linked to HPV exposure, especially with high-risk HPV types (HR-HPV). With time stem-

infected cells integrate the viral DNA and accumulate DNA alterations that change growth 

regulation and many other cellular processes.  

 

While infection is established into the body from weeks to months, intraepithelial neoplasia 

develops from months to years and cancer emerges from years to decades. This is why 

cancer has been recognized as a multi-step process resulting from late accumulation of 

the viral oncogenes in proliferating cells (Hannahan and Weinberg, 2000).  

 

Generalized loss of growth control exhibited by cancer cells is the net result of 

accumulated abnormalities in multiple cell regulatory pathways, like for example, 
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proliferative signaling, nutrient and oxygen acquisition, or disaggregation and migration, 

necessary to activate invasion and metastasis. Such abnormalities have been widely 

studied since the early 50’s (Foulds, 1954; Kinzler and Vogelstein, 1996; Bergers et al., 

1998; Oncogene, 1999, R. DePinho and T. E. Jacks, volume 18, pp. 5248–5362). A 

remarkable contribution to rationalize the complexities of neoplastic disease was 

presented by Hannahan and Weinberg in 2000 under the name of the “Hallmarks of 

Cancer”. The hallmarks of cancer comprise six biological capabilities acquired during the 

multistep development of tumors. Here we present a summary of the hallmarks of cancer 

and their association with the cellular changes that take place from HPV infection toward 

cervical cancer development. 

Normal stem cells have a double monitoring system that carefully controls reproduction. 

Before a cell can move from a quiescent state into an active proliferative state it must 

receive a growth signal from the external environment, and must unblock the antigrowth 

protector signals on its internal cellular machinery. In early stages of cancer, cells acquire 

the ability of produce their own growth signals -Hallmark 1- develop insensitivity to 

block/anti-growth products -Hallmark 2-. This changes result in an overall increase of their 

proliferative activity (Hannahan and Weinberg, 2011, and Tjalma et al., 2001).  

The number of cells in any tissue is tightly regulated not simply by controlling the rate 

of cell division, but also by controlling the rate of cell death. Hallmark 3 is achieved when 

differentiated cells limit programmed death by decreasing the production of apoptotic 

signals (Hannahan and Weinberg, 2000 and Borruto at el., 2012). By doing so they 

promote a microscopic accumulation of cells.  

In principle, the result of the deregulated proliferation program should suffice to enable the 

generation of vast cell population. However, research indicates that those acquired 

disruptions do not ensure expansive tumor growth (Hanahan and Weinberg, 2000). For a 

clone of cells to expand to a size that constitutes a macroscopic, life-threatening tumor, 

cells must gain a limitless replicability potential (Hallmark 4). To do so, basal layer which 

represents the only proliferative pool of stem cells must expand (Payne et al., 2011) by 

increasing the proportion of symmetric S divisions perform by stem-cells. 

With the achievement of the previous four hallmarks, cellular density of the tissue 

increases in such a way that the diffusion-driven nutrient supplies become insufficient to 

sustain cell proliferation. Stem-cell-type tumor cells with the potential to differentiate in any 

javascript:void(0);
javascript:void(0);
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specialized tissue orchestrate to produce new capillaries (Hallmark 5). This process is 

known as angiogenesis and will redirect nutrients and oxygen to the tumor location 

allowing it to expand further (Volpert et al., 1997). 

Sooner or later during the development of most types of human cancer, primary tumor 

masses move out, invade adjacent tissues, and hence travel to distant sites where they 

may succeed in founding new colonies (Hallmark 6) (Hannahan and Weinberg, 

2000). These distant settlements of tumor cells—metastases—are the cause of 90% of 

human cancer deaths (Sporn 1996). Several strategies impair the recognition of the 

mutated tumor cells by the natural killers of the immune system and promote the 

elimination of the cellular matrix that keeps the cells attached. Such mechanisms allow 

cells to travel to surrounding tissues where they will continue proliferating (Caussinus, 

2013).  

 

Figure 9. Diagram of the six biological capabilities required to progress from HPV infection to cervical cancer 

as expoused by Hannahan and Weinberg in 2000 under the name of the Hallmarks of cancer. 

Hallmarks of cancer describe cellular changes underlying the process of tumorigenesis. 

Nevertheless, the macroscopic changes that result from the aggregation of cancer cells 

are the ones that are possible to observe by primary screening of the cervix. Cervical 

neoplastic states which refer to those macroscopic changes are categorized by the 

International Federation of Gynecology and Obstetrics (FIGO), based on the size and 

location of the abnormal growing. Stages of cervical cancer vary from intra epithelial 

javascript:void(0);
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neoplasia in stages as 0 or CIN 0, for carcinoma in situ, to cervical intraepithelial neoplasia 

in stage 4 or CIN 4, for invasive cancer.  
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Section 3. Modeling the natural progression of cervical cancer 

 

Over the years, a vast number of approaches have been proposed for looking at the 

problem of modeling infectious diseases. According with Siettos et al., 2013, the most 

common approaches are statistical methods for the surveillance of outbreaks and 

identification of spatial patterns in real epidemics, mathematical models within the context 

of dynamical systems to forecast the evolution of an epidemic’s spread, and machine 

learning methods for the forecasting of the evolution of an epidemic. 

Based on several studies where cancer progression has been modeled using simulation 

models (The Wisconsin Breast Cancer Epidemiology Simulation Model by Dennis et al. in 

2006 or Estimating the Unknown Parameters of the Natural History of Metachronous 

Colorectal Cancer Using Discrete-Event Simulation by Erenay et al. in 2011), we decided 

to use similar approach to achieve our goal by mimicking the cellular composition of a 

portion the cervix and analyzing the cellular alterations induced by HPV infection and the 

progression of cervical cancer. 

For the development and analysis of the simulation model we chose to follow the 

methodology proposed by Jerry Banks (Figure 10). This methodology consists of eleven 

steps 1) Problem formulation, 2) Setting the objectives, 3) Model conceptualization, 4) 

Data collection, 5) Model simulation, 6) Verification, 7) Validation, 8) Experimental design, 

9) Production run and analysis, 10) Documentation and reporting and finally 11) 

Implementation.  This section explains the development of steps 1 to 7. 
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Figure 10. Banks 1998 methodology to perform a simulation study 

 

Problem formulation 

 

Our goal is to determine an approximation of the POMDP transition probability matrix 

through a computational biology model at the cellular level. Since there is a lack of 

representative data and the real computation of the transition probability matrix between 

cervical cancer states would require years of follow up and unpleasant screening 

procedure of women among several stages of neoplasia. Even if high costs could be 

affordable some transitions would not be possible to observe, given that once they have 

been identified should be immediately treated (e.g. CIN 3 to CIN 4).  

  

Objectives of the model 

 

The aim of our model is to provide a solution to the lack of real data on this respect by 

conceptualizing, modeling and simulating the natural progression of CC of a woman.  By 

means of using parameters associated with the specific characteristics of the HPV 

infection and cervical cancer in Colombia (e.g incidence and prevalence), but 

concentrating in general cellular dynamics.   
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Model conceptualization 

 

We model progression of CC under the conceptualization of three different models. The 

first model describes the natural replacement dynamics (mitosis/proliferation and 

apoptosis/death processes). The second module deals with the infection acquisition 

process and its respective elimination by the immune system while the third model 

describes the mutation acquisition and elimination by the immune system on each of the 

mentioned hallmarks of cancer. The construction of the model was done by layers, 

meaning that model 3 (layer 3) incorporates several instances of model 2, and model 2 

(layer 2) was construct by reproducing module 1 with additional features (layer 1). Model 

architecture is presented in Figure 11. 

 

Figure 11. Diagram of the layers that compound the model 

 

To conceptualize and model the cellular dynamics present in CC development we use 

stochastic Petri nets. Petri nets are a graphical formalism coupled with a considerable 

amount of scientific and technical fields, among them being Systems Biology. An 

introduction to this formalism is presented in (Mura, 2011).  

 

Petri Net models consist of four types of elements: 

 Places, depicted as hollow circles (O) that represent variables of the model;  

 Tokens, depicted as black dots contained in places, provide the numerical value 

associated with a variable;  
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 Transitions that represent events affecting the variables with a respective 

stochastic firing time. They are depicted as a solid bars (l) if its firing time is 0 or as 

empty bars in any other case (); and  

 Arcs () linking transitions to places and places to transitions that carry 

multiplicities (/) defining the numerical change on variables as a result of transitions 

firings. Incoming arcs to a place add tokens to the place, whereas outgoing arcs 

remove tokens.  

 

Because Petri net easily lend themselves to represent state/transition models, there is 

quite an immediate mapping between processes of biological systems and places, arcs 

and transitions. 

 

Replacement dynamics  
 

Based on the conceptualization of the replacement of the epithelial tissue described in the 

biological background (section 2), we model the cervix epithelium, composed out of two 

cell types, Stem (S) cells and Differentiated (D) cells. Here, S cells reproduce at a rate  

𝑑𝑎𝑦𝑠−1 in a symmetric way (two possible ways) in 𝑟% of the cases and asymmetrically in 

(1 − 2𝑟)% of the cases. D cells live approximately 1/ 𝑑𝑎𝑦𝑠. The Petri net associated with 

this process is presented in Figure 12. 

 

Figure 12. Epithelial replacement dynamics modeling S cells reproduce (rate l days-1), symmetrically (two 

possible ways) and asymmetrically, and D cells live approximately 1/G days 

 

Infection by HPV  
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Based on the conceptualization of the HPV-Infection provided in the biological 

background, we suppose that epithelial cells acquire the infection of HPV at an age-

dependent rate 𝛼(𝑡)Stem cells can be healthy (S) or infected (S*) and Differentiated cells 

can be healthy (D) or infected (D*).  But since infection persist only if S cells become 

infected we do not modelled infections events associated to D cells. S* cells proliferation 

and death are governed by the same replacement dynamic associated with S cells. The 

model associated to this dynamic is shown in Figure 13. 

 

Figure 13. In the second layer, we reproduce a new replacement dynamic for the infected cells and model 

infected cells proliferation and dead and immune system response dynamic. 

 

The association between S, D S* and D* cells is depicted in Figure 14 by the relationship 

between the dynamics of replacement in the healthy tissue and the dynamic of 

replacement and infection on the infected tissue. From this point on, the different types of 

cells will use similar dynamics independent from other cell types and with specific 

variations in their firing times (under the assumption that they are exponentially 

distributed). 

 

Figure 14. First and second layers of the model. 
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Mutations towards cervical cancer 
 

The third layer refers to the mutation dynamics. Based on the conceptualization of the 

transformation of a cell into tumorigenic cell described in the biological background, we 

model the fact that persistent infections by HPV types determine subsequent changes in 

cell gene expression, enabling mutations that modify the replacement dynamics.  

Hallmark 1 and Hallmark 2 are represented in our model under the name of Mutation 1. 

Normal cells carefully control their growth, but after 1/ days of persistent infection on 

average, cells tend to increase their proliferative rate. S* cells that acquire the capability of 

growing of an increased rate 1 are called M1. They replicate, differentiate into M1D cells 

and die following the replacement dynamics structure. The Petri net that models this 

process is presented in Figure 15. 

 

Figure 15. Transformation of a S* Cell into a M1 Cell and its replacement dynamics  

 

Hallmark 3 is modelled under the name of Mutation 2. After 1/ days persistent M1 cells 

accumulate DNA mutations that decrease their apoptotic rate. M1 cells that acquire the 

capability of dying in a decreased rate 2 are called M2 cells. They replicate, differentiate 

into M2D cells and die with the same replacement dynamic. The immune system 

recognizes and eliminates M2 or M2D cells with rate  following homeostatic principle.  

The Petri net associated with this process is presented in Figure 16. 
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Figure 16. Transformation of a M1 Cell into a M2 Cell and its replacement dynamics  

 

Hallmark 4 is modelled under the name of Mutation 3. After 1/ days persistent M2 cells 

accumulate DNA mutations that allow the basal turnover to expand to upper layers. M2 

cells that acquire the capability of increasing their probability of symmetric-S division r to 

increase the basal turnover are called M3 cells. They replicate, differentiate into M3D cells 

and die with the same replacement and immune recognition and elimination dynamics. 

The Petri net associated with this process is presented in Figure 17. 

 

Figure 17. Transformation of a M2 Cell into a M3 Cell and its replacement dynamics  

 

Hallmark 5 is modelled under the name of Mutation 4. After 1/ days and with a sufficient 

big population, persistent M3 cells orchestrate new capillary growth (angiogenesis) to 

increase their growth rate. M3 cells that acquire the capability of inducing angiogenesis to 

grow to an augmented rate of 4 are called M4 cells. They replicate, differentiate into M4D 

cells and die with the same replacement.The Petri net associated with this process is 

presented in Figure 18. 
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Figure 18. Transformation of a M3 Cell into a M4 Cell and its replacement dynamics  

  

Lastly, Hallmark 6 was modelled under the name of Mutation 5. After approximately 1/5 

days from the first infection, cells that acquire the four different mutations turn into M5 cells. 

M5 cells have the capability of growing indefinitely and without any control after they lost 

cohesion from the cellular matrix and after they migrate to surrounding tissues. Hence, M5 

cells replicate following only symmetric S division and do not differentiate. The Petri net 

associated with this process is presented in Figure 19. 

 

Figure 19. Transformation towards a fully mutated M5 or cancer cell. Replacement dynamics has been 

eliminated for uncontrolled proliferative dynamics 

 

The action of the immune system 
 

To prevent the development of the cancer, the immune system is constantly alert to detect 

and destroy abnormal cells. Infected or mutated cells are eliminated by the immune 

system with an exponentially distributed rate , and according with the homeostasis 

principle that prevents shrinking of the tissue. Cell removal generates proliferative signals 

that would reach healthy, infected or partially mutated cells in the tissue (up to M3) to 

induce its replication. Nevertheless, this signals would not be released by M4 or M5 cell 
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elimination since their appearance have already disrupt the natural balance in the 

composition of the tissue.  

Elimination of an infected or partially mutated stem cell must trigger only the replication of 

a cell with the same replicative potential, S, S*, M1, M2 or M3 (Figure 20). Whereas 

elimination of differentiated cells could trigger the replacement of stem or differentiated 

cells, S, S*, D, D*, M1, M1D, M2, M2D, M3 and M3D (Figure 21). The type of cell that 

proliferates after immune system removal depends on the HPV type (healthy or abnormal) 

and the number of cells of each cell line (S, S*, M1, M2 or M3). 

 

Figure 20. Homeostasis control trigger by immune system elimination of cells with replicability potential. 

Elimination of stem cells triggers the replacement of S, S*, M1, M2 and M3 only. 

 

Figure 21. Homeostasis control trigger by immune system D-cell-type elimination. Elimination of differentiated 

cells triggers the replacement of any cell type S, S*, D, D*, M1, M1D, M2, M2D, M3 and M3D 
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Data collection 
 

The parameters needed to build the model were taken from the literature. Some of them 

however were not explicitly found, so we resorted to some strategies for estimation. The 

model of the natural progression of cervical cancer comprises 1) the dynamics of tissue 

replacement, 2) the dynamics of HPV infection and the immune system elimination, and 3) 

the dynamics of the acquisition of the six cancer capabilities as summarize Figure 22.  

 

Figure 22. Diagram of the layers that compound the model 

 

To better understand the data collection we organize this section following layer structure 

of the model. 

First layer: replacement dynamics 
 

The first layer of the model is associated with the natural replacement of the tissue and 

has three parameters: ,  and r. Ryser et al. in 2015 presented modeling approach for 

stochastic dynamics of cell replacement in the paper HPV Clearance and the Neglected 

Role of Stochasticity in Cervical Cancer by Ryser et al.in 2015, nevertheless other authors 

have also used a similar architecture, Jilkine et. in 2014 in Effect of Dedifferentiation on 
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Time to Mutation Acquisition in Stem Cell-Driven Cancers and Simon et al. in 2011 in 

Strategies for homeostatic stem cell self-renewal in adult tissues.  

 

Ryser et al. 2015 present an estimated for the numerical values for the proliferative and 

death rates on their publication Supporting Information to Manuscript HPV Clearance and 

the Neglected Role of Stochasticity in Cervical Cancer. The authors estimated the 

parameters for replacement dynamics using a real database - between 1996–2000, the 

REACH study followed 578 HIV-infected and HIV-uninfected adolescents (ages 13–18) in 

13 US cites. Using this information and under the assumption that the rates of transitions 

between basic biological processes (growing, death, immune system recognition) don’t 

vary significant among countries, the parameters we use for the first layer of our model are 

shown in Table 2. 

 

Parameter 

Name 
Description Source Country 

𝛌 
Average rate of mitosis of an S cell (0.3 

days-1) 

 

Ryser et al. 

in 2015 

 

USA 
𝚪 

Average rate of migration to upper 

layers and dead of a Differentiated D 

cell (0.048 days-1) 

𝐫 

Probability that the mitosis is performed 

in a symmetrical way (0.05) 

 

 

Table 2. Parameters of the first layer of the model 

 

Second layer: HPV infection and immune response dynamics 
 

The second layer of the model is associated with the HPV infection and the recognition 

and elimination of infected cells by the immune system. This layer uses parameters 

proliferationrate), death rate), r (probability of symmetric division), immune system 

recognition), (t) (infection rate), pi (probability that elimination by immune system triggers 

the proliferation of an infected cell) and g (probability of acquiring a HR-HPV infection). As 
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proliferation and cellular death are not affected by early HPV infections the first parameters 

,  and r are the same for the first and the second layer, parameter (t) and g were 

estimated, pi was calibrated and is also provided by Ryser et al. in 2015. 

Parameter 

Name 
Description Source Country 

𝜶(𝐭) 

Average rate of HPV exposure per 

day (Age dependence given by a 

cubic function) 

Muñoz et al. in 

2004 

 

 

 

Colombia 

 

 

 

𝒑𝒊(𝑿) 

Probability that the removal of an 

infected cell triggers division in an 

infected cell. This parameter is 

HVP type dependent (X) 

(0.4 for LR-HPV and 0.9 for HR-

HPV) 

𝒈 
Probability of acquiring a HR-HPV 

infection 

Molano et al., 

2003 

𝝁 

Average rate at which the immune 

system recognizes and destroys an 

infected cell (0.001 days-1) 

Ryser et al. in 

2015 

 

USA 

 

 

 

Table 3. Parameters of the second layer of the model 

The parameter (t), the age-dependent infection rate, was estimated with the information 

provided in the paper Incidence, duration and determinants of human papilloma infections 

in a cohort of Colombian by Munoz et al. in 2004. The authors followed and screened 

women every 180 days to detect new HPV infections during 5 years. With this information 

we set an HPV-exposure rate of 1/180 days and then using a Bernoulli variable we made 

the exposure effective or not. To do this, the Bernoulli variable took the value of 1, 

meaning the HPV-exposure generates an infection with probability p. Where p (different 

from pi) is the age-dependent probability of a new infection, presented by Munoz et al. in 
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the same paper in the form of incidence by age for a group of Colombian women (see 

Figure 23).  

Our estimation of p involved running several polynomial regressions with the age (t) as the 

independent variable. The best estimation of the incidence provide by Munoz was 

achieved using a third degree interpolating polynomial function of the age of a patient in 

the interval of 17 to 61 years.  

 

Figure 23. The estimated six-month incidence of HPV infections is accurately approximated by a third degree 

polynomial function of the age of the patients. The form of the function is 0.5695 - 0.03645*t + 0.00084*t
2
 - 

0.000006*t
3
 with an R-Squared of 0.98. 

The model assign HPV type of the infection, immediately after an effective exposure to 

HPV event. The probability of acquiring a high-risk HPV type was estimated using the 

information presented by Munoz et al. in 2004 well, as the prevalence of HR-HPV types.  

 

Parameter pi (different from p), probability that the removal of an infected cell triggers 

division of an infected cell, is a function of the type of HVP with the form pi(X) = pi(HR) ∗

X +  pi(LR) ∗ (1 − X), where X is an indicator variable that takes the value of one (1) if the 

succeeded infection is of a HR-HPV type or cero (0) if is by a LR-HPV. Probabilities pi(HR) 

and pi(LR) were calibrated to follow the prevalence of low-risk and high-risk HPV infections 

presented by Molano in Determinants of Clearance of Human Papillomavirus Infections in 
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Colombian Women with Normal Cytology: A Population-based, 5-Year Follow-up Study in 

2002 (Figure 24 and Figure 25).  

 

 

Figure 24. The model reproduces the incidence curves presented by Molano in 2003 for LR-HPV infections 

with a correlation factor of 0.98. After 6 years 97% of the women cleared an infection with a LR-HPV.  

 

Figure 25. The model reproduces the curve presented by Molano in 2003 for HR-HPV infections with a 

correlation factor of 0.98. After 5 years approximately 80% of the women cleared an infection with a HR-HPV.  

 

Third layer: mutation dynamics  
 

The parameter to be estimated for the third layer of the model are: the average time 

between mutation acquisition (parameter 1/) and the deregulation rates of the 
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replacement dynamics that take place at the cellular level under each mutation 

(parameters , , r3 and ).  

The average time between mutation acquisition (parameter 1/ was estimated using the 

information presented in 2013 in Using passenger mutations to estimate the timing of 

driver by Youn et al. Authors found that the average numbers of mitosis that an ovarian 

cell will perform until it mutates is approximately 1113. Using this information and the time 

between each cell division as , we set parameter 1/ to be equal to 1113/ days. 

The estimation of the remaining parameters, related to the deregulation of the replacement 

dynamics, requires the introduction of the concept of biomarker. A biomarker is a molecule 

whose amount correlates with the progress of a biological process of interest. In CC as in 

many other types of cancer, these molecules are extensively used and analyzed providing 

aid in cancer diagnosis. This aid may be useful in classifying cancer subtypes, making 

prognoses and in predicting the response to certain cancer therapies (A. Thomas et al, 

2013). With the variation in the concentration of certain biomarkers that have been 

previously associated with biological processes like mitosis, apoptosis, migration or 

angiogenesis in cervical cancer cells, Fraggosso-Ontiveros et al., 2013 and Yoon et al., 

2003, we approximate the deregulation level/state of the replacement dynamics for each 

mutation state. As an example, when referring to the mitotic cycle (Fraggosso-Ontiveros et 

al., 2013) and (Yoon et al., 2003) measure the concentration of biomarker KI67 in cervical 

cancer cells and report an increase of 4.5 times of the concentration found in healthy cells. 

Based on this information for Hallmark 1 and Hallmark 2 we estimated a mitotic rate 

increase of 4.5 times the normal rate as follows  

The parameters associated with layer number three are summarized in Table 4. 

Parameters Description Source Country 

𝛽−1  

Average time in which abnormal cells 

enable cancer capabilities (1113-1 

days) 

Youn et al. 

2013 

 

Korea 

𝝀𝟏 

Average rate of mitosis of a stem-like 

cell when the cell reaches mutation 1 

(4.5 times its reference value) 

 (Fraggosso-

Ontiveros et 

al., 2013) 
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Γ2 

Average rate of apoptosis of a 

differentiated-like cell when the cell 

reaches mutation 2 (-2.5 times its 

reference value) 

and (Yoon et 

al., 2003) 

 

 

 

 

 

Mexico 
𝒓𝟑 

Probability that a cell divides by 

Symmetric S mitosis when the cell 

reaches mutation 3. 1 (3.9 times its 

reference value) 

𝝀𝟒 

Average rate of mitosis of a stem-like 

cell when the cell reaches mutation 4  

(7.4 times its reference value) 

 

Table 4. Parameters associated with the third layer 

 

Classifying a patient in a cervical cancer state 

 

We first characterize the number of cells that composes the epithelium tissue based in the 

information presented by Evers et al. in Differentiation of epithelial cell types by cell 

diameter where the volume of a cervical cell (including extracellular space) is estimated as 

250.000 m3. We calculate that tissues on the cervix and the uterus are constituted on 

average by 1.3x108 cells. Nonetheless, the required time to model all the possible 

transitions of 1.3x108 entities by a stochastic discrete simulation is huge. Taking into 

account that cells transit independently to the different dynamics represented by our 

model, we assumed that the abnormal cellular growing occur in parallel in several cells 

starting from a single cell infection in the ectocervix to extent to the rest of the cervix and 

uterus (Figure 26).  
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Figure 26. Abnormal cellular growth seen as a process occurring from a single infection stating in the 

ectocervix. 

This assumption allow us to simulate the cellular abnormal proliferation visualizing a 

proportion of the cervix and uterus constituted by a fixed cellular population of 14500 cells, 

originally healthy (100% S and D cells types), that is progressively replaced by infected 

and mutated cells.  

Assigning the true health state to a patient is done by counting on the total number of 

abnormal cells (infected and mutated cells). Then, this value is mapped into a cancer state 

based on the classification chart provided by the International Federation of Gynecology 

and Obstetrics for cervical cancer (FIGO) (Table 5).   
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Table 5. FIGO staging divides each cancer state based on the tumor size. We use the number of cell 

contained in a real tumor of the size specified by the FIGO chart. Then, we calculate the equivalent proportion 

of the abnormal growth when compared with the whole tissue in the cervix and the uterus. We use this value to 

know how many cells carrying the virus or a mutation from a tissue of 14.500 may constitute a particular 

cervical intraepithelial neoplasia 

 

 

International Federation of Gynecology and Obstetrics 

(FIGO) 
Simulation Model 

Stages Measurements Cell Equivalency 

CIF No stem cell infected No abnormal cells 0 

ICF / CIN 0 

Stem cell infected or/and 

Intraepithelial dysplasia: 

There is no primary tumor. 

Only in the layer of cells 

lining the cervix 

ectocervix 

From 1 to 606 

abnormal cells 

CIN I 

This stage is called 

carcinoma (cancer) in situ, 

which means that the cancer 

is found only in the layer of 

cells lining the cervix and has 

not spread deeper into the 

cervix 

 

<3mm, 7mm, 5mm and 

> 4cm, 7mm 5mm 

From 607 to 4785 

abnormal cells 

CIN 2 

 
In-situ cancer cervix and 

uterus 

1/3  Uterus + Cervix 
From 4786 to 9570 

abnormal cells 

CIN 3 

 
2/3 Uterus + Cervix 

From 9570 to 14500 

abnormal cells 

CIN 4 Invasive cancer > 3/3  Uterus + Cervix 
>14500 

abnormal cells 
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Figure 27 shows an diagram the mapping from number of abnormal cells to FIGO stages.  

  

Figure 27. Map of the number of cells and its equivalence in FIGO states. 
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Model translation and simulation 
 

The simulation model was built and run in Mobius 2.5. Figures 28, 29, 30 and 31 present the different layer that constitute the model. 

  

Figure 28. Graph of the first and second layers of the model in Mobius SAN  
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Figure 29. Graph of the third layer of the model in Mobius SAN  
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Figure 30. Graph of the homeostasis control by elimination of the immune system, FIGO state assignation and age of a patient layer of the model in Mobius SAN 
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Figure 31. Graph of the homeostasis control by elimination of the immune system, FIGO state assignation and 

age of a patient layer of the model in Mobius SAN  

 

Verification  
 

This sub section will cover verification from the methodology of Banks. From this point 

onwards, may refer to a single run as a patient. 

 

First layer: replacement dynamics  
 

During the replacement process daughter cells are created to guarantee long-term 

homeostasis in the number of stem and differentiated cells that constitute the tissue. 

Homeostasis maintains structure and health of the tissue, preventing it from growth or 

shrinkage. Because the first layer consists of well-controlled-in-growth healthy cells, our 

objective when verifying this layer was to assure that the homeostasis principle holds over 

time (Figure 32). We simulate the first layer of the model over a simulation period of 70 

years, according to the life expectancy of Colombian women. This is the same period used 

in the POMDP model.  As a next step, the assumption that the composition of stem- and 

differentiated cells is approximately constant over this period was verified. No further 

experiments were performed to validate this layer.  
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Figure 32. Confidence interval of the average number of cells of the population of A) stem and B) differentiated 

during 53 years of simulation in 1000 runs. We observed with the 95% confidence interval that the composition 

of the tissue is approximately constant over time for cell lines S and D. Second layer: HPV infection and 

immune response dynamics  

 

Second layer: HPV infection and immune response dynamics 
 

The second layer models early HPV infections, therefore, no changes in the cellular 

processes, especially in mitosis or apoptosis were expected. However, 

persistent infections, especially with HR-HPV, produce cell changes that may progress to 

cancer. To verify this, it was shown that, first, the homeostasis principle holds (Figure 33) 

and, second, that the model properly incorporates the age-dependent rate of infection 

(Figure 34).  

 



 

 
43  

  

    

Figure 33. A) Population of infected cells is small but approximately constant over time. B) Population of 

healthy cells keeps approximately constant over time when the infection is enabled but not immune response 

for 1000 patients. 

 

Figure 34. Average number of HPV infections for 100 patients. The average number infections vary among 

age groups. The model well incorporates the age-dependent rate. 
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Third layer: mutation dynamics 
 

The mutation dynamics model can be split into five sub models, each associated with one 

of the five different cell lines (M1, M2 M3 M4 and M5 with their respective differentiated 

types), where each mutation enables a different growth capability. The verification of this 

layer regards the change in the number of cells on each cell line and observe its growth. 

More mutations imply more advantageous growth conditions (Figure 35 and Figure 36).  

 

Figure 35. Starting with 30 cells for each cells line (M1 to M5) in time 0, replacement dynamics enabled but no 

removal by the immune system, we observe the average growing behavior of the different cell lines during 25 

years in 500 runs. The different populations double they original size in less than a year. The rate of growth 

increases with the number of mutations.  
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Figure 36. Average cellular composition of the abnormal growth over 25 years and for 500 patients (from 

Infected to M5 cell types). Immune response and appearance of new mutations enabled. Results suggest that 

the composition of the tumor changes with the time to a greater load of tumorigenic cells.  

 

Validation 
 

Validation of the model was performed using the prevalence of different cancer stages 

provided by Kohli et al. in Estimating the long-term impact of a prophylactic human 

papillomavirus in 2007 and cervical cancer prevalence by Munoz in Epidemiology of 

cervical cancer in Colombia in 2012. With this information we calculated the proportion of 

woman on each FIGO stage over 61 years of age and for 1000 patients. This was 

compared with values presented in the literature. The model on which this work is based 

approximates the expected behavior with high correlation values for the different severities 

of intraepithelial neoplasia (CIN) as shown in Figure 37 to Figure 39 
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Figure 37. Prevalence of Cervical Intraepithelial Neoplasia as in FIGO Stage 1 by age and its estimated values 

by the simulation model. 

 

 

Figure 38. Prevalence of Cervical Intraepithelial Neoplasia as in FIGO Stage 2 and Stage 3 by age and its 

estimated value by the simulation model. 
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Figure 39. Prevalence of Cervical Intraepithelial Neoplasia as in FIGO Stage 4 (cervical invasive cancer) by 

age and its estimated value by the simulation model. 
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Section 4. Transition probabilities 
 

Computing the matrix  
 

Our model simulates daily changes in the cellular composition of the cervix by counting the 

number of infected/mutated cells, and mapping them into CC states, with the rules set in 

Table 5.  

The model computes the health states of a patient from 16 to 77 years. As an example, 

Figure 40 shows the state of health of a patient that develops cervical neoplasia in stage 3, 

starting with an infection in her 16’s. Processing this information for several patients (or 

runs) we estimated the number of times that a patient transitions from one state to another 

every six months and so compute the transition probability matrix associated to the Markov 

chain presented earlier, in Figure 4 (previous section). 

 

 

Figure 40. Graph of the health state of a patient from 16 to 49. We use 6 indicator variables, four of them 

associated with the CIN stages 1, 2, 3 and 4, and two more for infected and healthy states as 𝑋𝑖(𝑡) is 1 if state 

𝑖  is activated in time t and 0 in any other case. 
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Using the data provided by the simulation model of the natural progression of cervical cancer in Colombia, we estimate the new 

transition probability matrix presented in Table 6. 

 

  

New Matrix 

(Simulation Model Transition Probability Matrix) 

t + 6 months 

Healthy Infected CIN 1 CIN 2 CIN 3 CIN 4 

 

 

 

  t 

Healthy 0.949851 0.049049 0.000472 0.000157 0.000314 0.000157 

Infected 0.084086 0.876693 0.038939 0.000282 0.000000 0.000000 

CIN 1 0.005010 0.127255 0.801603 0.060120 0.005010 0.001002 

CIN 2 0.005900 0.002950 0.162242 0.681416 0.132743 0.014749 

CIN 3 0.000000 0.000000 0.006061 0.266667 0.575758 0.151515 

CIN 4 0.000000 0.001149 0.001149 0.005172 0.010345 0.982184 

 

 

Table 6. Six-month transition probability matrix associated with the health state of a patient for 500 patients each one follow from their 30 years until their 77 years. 

 

 

 



 

 
50  

  

The original transition probability matrix is presented in Table 7. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 7. Six-month transition probability matrix associated with the true-health state of a patient estimated from the literature. 

 

 

 

 

 
Original Transition Probability Matrix 

t + 6 months 

Healthy Infected CIN 1 CIN 2 CIN 3 CIN 4 

 

 

 

 

t 

Healthy 0.850 0.142 0.002 0.002 0.002 0.002 

Infected 0.002 0.844 0.100 0.050 0.002 0.002 

CIN 1 0.114 0.150 0.469 0.233 0.032 0.002 

CIN 2 0.073 0.019 0.145 0.579 0.182 0.002 

CIN 3 0.009 0.005 0.002 0.115 0.753 0.116 

CIN 4 0.003 0.003 0.003 0.003 0.203 0.788 



 

 
51  

  

 

Matrix of Table 8 contains the differences between the probabilities calculated with the simulation model versus the original 

probability matrix estimated with data from the literature. 

 

  

Differences between transition probability matrixes   

(New- Original)/Original 

t + 6 months 

Healthy Infected CIN 1 CIN 2 CIN 3 CIN 4 

t 

Healthy 
0.12 -0.65 -0.76 -0.92 -0.84 -0.92 

Infected 
41.04 0.04 -0.61 -0.99 -1.00 -1.00 

CIN 1 
-0.96 -0.15 0.71 -0.74 -0.84 -0.50 

CIN 2 
-0.92 -0.84 0.12 0.18 -0.27 6.37 

CIN 3 
-1.00 -1.00 2.03 1.32 -0.24 0.31 

CIN 4 
-1.00 -0.62 -0.62 0.72 -0.95 0.25 

 

  

 

Table 8. Differences between the six-month transition probabilities calculated with the simulation model versus the original matrix  
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Analysis of the transition probabilities 

 

Implementation of the new transition probability matrix in the POMDP model 
 

The differences between the transition probability matrices found by the simulation model 

from this work and those estimated using literature values was presented in the above. 

The most significant changes were identified in the probabilities of remaining in healthy 

states. Changes in the values of the matrix are expected to appear since first, it should 

reflects more precisely the Colombian dynamics and second, we estimate transition 

probabilities from women varying in age from 30 to 77, according with the epochs of 

analysis defined in the POMDP model. 

 

In the much referenced methodology of Banks, the next step is implementing the results 

obtained for the TPM. The new TPM probability matrix was introduced in the POMDP 

model and, using the Montecarlo simulation tool developed by Arboleda in 2015, analyzed 

the new costs and risks associated with the optimal screening policy provided by this.  

 

The Montecalo simulation proposed by Arboleda chooses the optimal screening policy for 

a patient of given age from the POMDP. It then computes the cost associated with the 

number of times that the model suggests a patient to take the action of screening and the 

risk associated with the action wait (not performing a screening procedure). As the 

POMDP is supposed to provide an optimal trade-off between risk and cost, the Montecarlo 

simulation generates hundreds of patient with random health paths and measures the 

average risks and costs generated by the screening policies. 

 

Table 9 shows the descriptive statistics of the risks and costs after the evaluation of the 

model using the new matrix and the original matrix to run the Montecarlo simulation tool 

provided by Arboleda. Differences in the TPM not only affected the optimal policies (as 

previously shown by Arboleda) but also the POMDP performance in terms of costs and 

risks by the Montecarlo simulation tool. 
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Cost 
(New) 

Cost 
(Original) 

Risk 
(New) 

Risk 
(Original) 

Average 51.71 136.57 0.098 0.197 

Median 57.009 117.58 0.104 0.179 

Mode 57.009 117.58 0.0902 0.171 

Standard Deviation 9.73 72.14 0.037 0.050 

 

Table 9. Main statistics associated with cost and risks (in-situ and invasive cancer) associated with the optimal 

policy by the POMDP model calculated with TPM obtained with the new and the original matrix.  

 

In Figure 41 we could observe the variation of the cost when using the new matrix and the 

original matrix from a Montecarlo simulation of 1000 women. 

 

Figure 41. Probability distribution of screening cost that generate the optimal policy of the POMDP using the 

original matrix and the new matrix. 

 

In Figure 42 we could observe the variation in the in-situ and invasive risk when the 

Montecarlo simulation is run for 1000 women using our matrix and the original. 
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Figure 42. Distribution of the average risk of the in-situ and invasive cancer that generate the optimal policy of 

the POMDP using the original matrix and the new matrix. 

 

Table 9 presents the lower and upper limits of the 99% confidence intervals of the risk of 

in-situ and invasive cancer and the mean cost to the optimal policy of 1000 simulated 

patients using the new matrix and the old matrix. 

 

 

New Matrix Original Matrix 

LB UB LB UB 

In-situ and invasive 

Risk 
IC 99% 6.65% 10.01% 15.46% 23.90% 

Cost (USD) IC 99% 43.54 59.87 76.04 197.10 

 

Table 9. Confidence interval of the mean risk of the in-situ and invasive cancer and the mean cost that 

generate the optimal policy of the POMDP using the previous matrix and the simulation model matrix. There is 

enough statistical evidence to conclude with a 99% confidence that the cost and the risk are different when 

using the new instead of the original matrix  
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The results indicate better performance of the model when using the new matrix in terms 

of the risk of developing in-situ or invasive. This result was to be expected, since the new 

matrix estimates a lower risk of transitioning into in-situ and invasive cancer states. As 

shown in Table 9, the overall performance of the model is changed by the transition 

probability matrix. This observation is a motivation to develop a more accurate transition 

probability matrix that enables performance evaluations and avoids under or overestimate 

the support that the POMDP model provides for medical decision making processes.  
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Section 5. Conclusions and future work 
 

Conclusions 
 

A simulation study that reproduces the natural progression of cervical cancer for Colombian 

women, based on a computational biology model at the cellular level, was presented. Through 

the process of verification and validation, it was confirmed that the model was correctly 

implemented, with respect to the conceptual framewok, and that it approximates the real 

dynamics of cervical cancer. Using the simulation model, we estimated the transition 

probability matrix in the POMDP and performed a sensitivity analysis based on the 

Montecarlo model proposed by Arboleda in 2015, to compare the new matrix with the 

original matrix. We found that the optimal policies provide significant differences in risk of 

developing in-situ and invasive cancer in cost than it was previously estimated. 

 

Future work 
 

Future studies could develop the approach of this work further by 

 

1. Relaxing the assumption of homogeneous rates of mitosis, apoptosis, immune 

capacity and mutation acquisition among countries finding the parameters for 

Colombian case (e.g. parameters from as the Instituto Nacional de 

Cancerología at Colombia or the Fundación Santa Fé). The parameters to be 

estimated are presented in Table 10. 
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Table 10. Parameters of the simulation model. Parameters estimated from Colombia in gray, 

parameters estimated from countries different to Colombia in black. 

  

Name Description Source Country 

α(t) 
Average rate of HPV exposure each 6-months (Age-

dependence given by a cubic function) 
Muñoz et al. in 2004 

Colombia 

 pi(X) 
Probability that the removal of an infected cell triggers 

division in an infected cell. This parameter is HVP-type 

dependent (X) 
Molano et al. 2003 

g Probability of acquiring a HR-HPV infection Molano et al., 2003 

λ Average rate of mitosis of an S cell (0.3 days
-1

) 

Ryser et al. in 2015 
 

USA 

Γ 
Average rate of migration to upper layers and dead of a 

Differentiated D cell (0.048 days
-1

) 

r 
Probability that the mitosis is performed in a symmetrical 

way (0.05) 

μ 
Average rate at which the immune system recognizes and 

destroys an infected cell (0.001 days
-1

) 

β−1  
Average time in which abnormal cells enable cancer 

-1
 days) 

Youn et al. 2013 Korea 

λ1 Average rate of mitosis of a stem-like cell when the cell 

reaches mutation 1 (4.5 times its reference value) 

(Fraggosso-

Ontiveros et al., 

2013)  

 

(Yoon et al., 2003) 

Mexico 

Γ2 Average rate of apoptosis of a differentiated-like cell when 

the cell reaches mutation 2 (-2.5 times its reference value) 

r3 Probability that a cell divides by Symmetric S mitosis when 

the cell reaches mutation 3. 1 (3.9 times its reference value) 

λ4 Average rate of mitosis of a stem-like cell when the cell 

reaches mutation 4  (7.4 times its reference value) 
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2. increasing the scalability of the model by finding and introducing to the model 

the distribution of the aggregated time between transitions to be able to model a 

greater number of cells 

 

3. Incorporating and age-dependent rate for the immune system capacity 

 

4. Increase the number mutation acquisition states to be able to observe the 

tumorigenic development of a cell process as a continuum or a more 

progressive process  

 

5. Validating the model with medical experts  
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