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In Colombia, Cervical cancer is the second most common cancer and the first cancer cause of death in women.

Nowadays, there are different known screening tests that can be performed in order to prevent this disease.

Even though Colombia’s government tries to increase health coverage, low-income communities and people

from rural areas are not having access to these tests easily. Therefore, women from some communities are not

following Colombian screening policies as they should. This problem was addressed by Namen et al. in 2014

and they formulated a POMDP model that incorporates different elements of the detection process. However,

this model presents some limitations for implementing it according Colombian context. Our main goal is to

solve those limitations and extend the model, so it can be evaluated and compared with Colombian current

guidelines. We addressed the problems, one by one, and developed a set of tools that helped to improve

the evaluation of any policy for cervical cancer. We changed the graphic representation of the solution for a

decision tree that allows doctors and patients to see future possible actions and make better decisions. By

including co-testing as a possible action, we made the model comparable with current policies. Using Monte

Carlo simulation, we generated many random patients and random paths for those patients, so different

cervical cancer screening policies could be analysed and compared with some statistical support. Our new

model screening strategies show an improvement regarding costs and total expected quality-adjusted life

years (QALYs), compared with existing guidelines.

Key words : partially observable Markov decision processes, decision analysis, medical decision making,

operations research applications in healthcare, model extension, cancer screening, cervical cancer,

co-testing, cytology, HPV-DNA test, primary screening.

1. Introduction

In Colombia, more than 3,200 women die from cervical cancer every year and 6,800 new cervical

cancer cases are diagnosed in the same period of time. This values makes cervical cancer the

second most common cancer and the first cancer cause of death in Colombian women (Profamilia

2015). Although Colombian mortality rate has been decreased from 14 deaths per 100,000 to the
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current value of 7.08 deaths per 100,000, this rate is still far from the Health Ministry’s goal of

4.5 deaths per 100,000 by 2019, taking into account that it took 40 years to get this reduction

(Min.Salud 2013).

According World Health Organization (2013), cervical cancer is defined as an abnormal growth

of the intrauterine cells into the reproductive system of the woman. More than 80% of the cases

are caused by a set of specific strands of the Human Papilloma Virus (HPV). After acquiring the

virus, infected women cells could start growing abnormally and developing low-risk lesions. These

low-risk lesions can either disappear naturally or develop high-risk lesions, which are considered

pre-cancerous lesions. If high-risk lesions are not treated, the patient can go into in-situ and

invasive cancer stages (ACS 2015).

Taking into account that the time between the moment at which the patient acquire the virus

and the moment at which cancerous lesions start to appear can be more than five years, medical

society has developed a set of screening tests that can be applied systematically to identify

abnormalities before the patient develops cancer. These tests are classified in primary screening

tests and secondary screening tests. Cytology and HPV-DNA test are considered for primary

screening. Cytology test consists on collecting cells from the cervix of the woman and analyse

them to detect pre-cancerous and cancerous processes. HPV-DNA test also collects cells from the

cervix, but analyse them to detect genetic material (DNA) of the HPV (NCI 2015).

According Colombian medical guidelines, cytology is the first test that the doctor should

perform and analyse before making any decision regarding health of the reproductive system

of the woman (Min.Salud 2012). When testing for cervical cancer, cytology’s outcomes can be:

negative, atypical squamous cells of undetermined significance (ASC-US), low-grade squamous

intra-epithelial lesions (LSIL), high-grade squamous intra-epithelial lesions (HSIL), squamous cell

carcinoma (SCC) and adenocarcinoma (AC) (ACS 2015).

If a patient gets two consecutive negative results from cytology test, it is recommended to

wait for three years before next test to be performed. When the patient gets ASC-US, it is

recommended to perform an HPV-DNA test or a co-testing (cytology and HPV-DNA) in 1 year

(Min.Salud 2013).

In the other hand, when performing HPV-DNA test the result can be negative or positive for

HPV strands 16 or 18. If a negative outcome is observed, test should be repeated in a number
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of years from 1 to 3, depending on previous results (ACS 2015). As it can be seen in Figure

1, any positive result, from either cytology or HPV-DNA test, is followed by a secondary test

recommendation. Figure 2 shows the algorithm to follow for co-testing recommendations.

Figure 1 Colombian cytology guidelines (Min.Salud 2015)

Figure 2 Colombian co-testing guidelines (Min.Salud 2015), (ACS 2015)

Even though Colombia’s government tries to increase health coverage, low-income communities

and people from rural areas are not having access to these screening tests easily, since these

are relatively expensive or just not available (UAE-CRES 2011). Therefore, women from some

communities are not following Colombian screening policies as they should. This problem creates

a need of new personalized screening recommendations that allow the patient to reduce costs, but

keeping a safe level of developing cervical cancer risk.
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There have been different approaches to address this problem by implementing cervical cancer

screening policies and improving the numbers of cervical cancer mortality rates worldwide.

However, the purpose of this project is to analyse the partially observable Markov decision process

(POMDP) proposed by Namen et al. (2014), find its limitations and extend the model so it can be

implemented in Colombian patients, keeping medical recommendations of Colombian guidelines

and taking into account the constraints regarding availability of the tests.

The remainder of this document is organized as follows. In section 2 we describe the justification,

scope, experimental results and limitations of the previous model proposed by Namen et al. (2014).

In section 3 we enlist a proposed set of solutions for those identified limitations and develop

them according priority. In section 4 we show results from the new model and present a Monte

Carlo simulation analysis that compares benefits of the current guidelines with the benefits of the

recommendations of the model. Finally, in section 5 we summarize, conclude and suggest some

future work.

2. Previous Model

In order of maximizing the total expected Quality Adjusted Life Years (QALYs) of a patient on

consideration, Namen et al. (2014) formulated a finite-horizon POMDP that assumes a risk neutral

decision maker and does not consider the financial cost associated with cervical cancer screening:

2.1. Formulation

They defined 10 different states divided in 6 partially observable states associated with the unknown

actual state of the patient and 4 completely observable states that represents the absorbent states

of treatments and death. Table 1 enlist these states with its notation.
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State Model’s states (denoted by s∈ S)

Infection and cancer free CIF (1)

Infected but cancer free ICF (2)

Mild dysplasia or abnormal growth C1N (3)

Moderate dysplasia C2N (4)

In-situ cancer C3N (5)

Invasive cancer CVN (6)

Treatment for C2N (conization) COT (7)

Treatment for in-situ cancer C3T (8)

Treatment for invasive cancer CVT (9)

Death DTH (10)

Table 1 Notation of states (Namen et al. 2014)

The set of possible decisions is associated with the primary screening tests defined before and

the possible observations are the results of these tests, mentioned before as well. In order to label

all the possible actions to take and its possible outcomes, Namen et al. (2014) classified and named

the different results of the tests as is shown in Table 2. Decisions are made every year (denoted

by t) for 30 to 77-year-old patients, according the state of the patient.

Test Model’s actions (denoted by a∈A) Result Model’s observations (denoted by o∈Θ)

Wait W None None

Cytology C Negative C−

Cytology C ASC-US C1

Cytology C LSIL C+

Cytology C HSIL C+

Cytology C SCC C+

Cytology C AC C+

HPV-DNA H Negative H−

HPV-DNA H Positive H+

Table 2 Notation of actions and results (Namen et al. 2014)
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s C− C1 C+ H− H+

ICF(1) spec(1,C,C−) spec(1,C,C1) 1− spec(1,C,C−)− spec(1,C,C1) spec(1,H,H−) 1− spec(1,H,H−)

CIF(2) spec(2,C,C−) spec(2,C,C1) 1− spec(2,C,C−)− spec(2,C,C1) spec(2,H,H−) 1− spec(2,H,H−)

C1N(3) spec(3,C,C−) spec(3,C,C1) 1− spec(3,C,C−)− spec(3,C,C1) spec(3,H,H−) 1− spec(3,H,H−)

C2N(4) 1− sens(4,C,C+)− sens(4,C,C1) sens(4,C,C1) sens(4,C,C+) 1− sens(4,H,H+) sens(4,H,H+)

C3N(5) 1− sens(5,C,C+)− sens(5,C,C1) sens(5,C,C1) sens(5,C,C+) 1− sens(5,H,H+) sens(5,H,H+)

C1N(6) 1− sens(6,C,C+)− sens(6,C,C1) sens(6,C,C1) sens(6,C,C+) 1− sens(6,H,H+) sens(6,H,H+)

Table 3 Observation probabilities Ka
t (o|s) (Namen et al. 2014)

They also defined an Observation Probability (denoted by Ka(o|s)) that represents the

likelihood of observing an specific observation o, given the actual health state of the patient s,

after taking an specific action a. As the tests are not perfect, these observation probabilities

model the uncertainty associated with getting true positives, true negatives or false positive and

negative results. As shown in Table 3, the observation probabilities were computed by using

the specificity (proportion of cancer-free patients that are correctly identified) and sensitivity

(proportion of women with cancer that are correctly diagnosed), obtained from the literature. In

Table 3, sens(s, a, o) refers to the sensitivity of the test a, when the observation o and the state of

the patient s correspond with a real positive. Similarly, spec(s, a, o) refers to the specificity of the

test a with the respective o and s.

Like any other Markov model, transition probabilities (denoted by P (a,o)(s′|s)) were also defined,

in this case as the probability of the patient being in a particular state s′ ∈ S, given that she

was in state s ∈ S a year before, took action a ∈A and observed outcome o ∈Θ. They computed

two matrices for the the stochastic process: Matrix 1 and Matrix 2. They represent the transition

probabilities for non-positive outcomes and the transition probabilities for positive outcomes,

respectively. The main difference between these two matrices are the absorbent states. When

getting positive results in the non-healthy states, patient goes to treatment and the decision

process ends.
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PW,∅ = PC,C− = PC,C1 = PH,H− =



(1 : CIF) (2 : ICF) (3 : CI1) (4 : CI2) (5 : CI3) (6 : CNV) (7 : COT) (8 : C3T) (9 : CVT) (10 : DTH)

(1 : CIF) p111 p112 0 0 0 0 0 0 0 1− (p11 + p12)

(2 : ICF) p121 p122 p123 p124 0 0 0 0 0 1− (p121 + p122 + p123 + p124)

(3 : CI1) p131 p132 p133 p134 p135 0 0 0 0 1− (p131 + p132 + p133 + p134 + p135)

(4 : CI2) p141 p142 p143 p144 p145 p146 0 0 0 1− (p141 + p142 + p143 + p144 + p145 + p146)

(5 : CI3) p151 p152 p153 p154 p155 p156 0 0 0 1− (p151 + p152p
1
53 + p154 + p155 + p156)

(6 : CNV) 0 0 0 0 p165 p166 0 0 0 1− (p165 + p166)

(7 : COT) 0 0 0 0 0 0 p177 0 0 1− p177

(8 : C3T) 0 0 0 0 0 0 0 p188 0 1− p188

(9 : CVT) 0 0 0 0 0 0 0 0 p199 1− p199

(10 : DCC) 0 0 0 0 0 0 0 0 0 1


Matrix 1 Transition probabilities for non-positive outcomes (Namen et al. 2014)

PC,C+ = PH,H+ =



(1 : CIF) (2 : ICF) (3 : CI1) (4 : CI2) (5 : CI3) (6 : CNV) (7 : COT) (8 : C3T) (9 : CVT) (10 : DCC)

(1 : CIF) p211 p212 0 0 0 0 0 0 0 1− (p211 + p212)

(2 : ICF) p221 p222 p223 p224 0 0 0 0 0 1− (p221 + p222 + p223 + p224)

(3 : CI1) p231 p232 p233 p234 p235 0 0 0 0 1− (p231 + p232 + p233 + p234 + p235)

(4 :CI2) 0 0 0 0 0 0 1 0 0 0

(5 :CI3) 0 0 0 0 0 0 0 1 0 0

(6 :CNV ) 0 0 0 0 0 0 0 0 1 0

(7 :COT ) 0 0 0 0 0 0 1 0 0 0

(8 :C3T ) 0 0 0 0 0 0 0 1 0 0

(9 :CV T ) 0 0 0 0 0 0 0 0 1 0

(10 :DCC) 0 0 0 0 0 0 0 0 0 1


Matrix 2 Transition probabilities for positive outcomes (Namen et al. 2014)

As the actual health state of the patient is unknown, Namen et al. (2014) defined a vector

space (called belief space and denoted by B) that represents the set of all possible probability

distributions (called belief states and denoted by b) over the space of partially observable states.

This belief state is updated at every year and its function is to carry the entire history of the

decision process for the patient. In order to compute the updated belief state, they formulated a

set of conditional probability formulas that allowed us to model the impact of a specific action and

observation on the belief of the decision maker about the health state of the patient. Equations 1

and 2 show the formulation of these conditional probabilities defined in Namen et al. (2014).

τ [b, a, o](s′) =
∑

s∈SPO

bt(s)P
W,∅
t (s′|s). (1)

τ [b, a, o](s′) =

∑
s∈SPO bt(s)K

a
t (o|s)P

a,o
t (s′|s)∑

s∈SPO bt(s)Ka
t (o|s)

if at =C or at =H (2)
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According actions, the belief state has to be updated by using the observation probabilities.

When the recommended action is W , the patient has no observation, so this element is not in the

formula.

After setting all the input parameters mentioned above, the model recommends an optimal

decision path for the patient. This path consist of a series of actions for every year. Figure 3,

represents the order in which the events take place after making a decision at any decision epoch.

Figure 3 Order of events in POMDP model (Namen et al. 2014)

2.2. Results

Based on the POMDP solution from Ayer et al. (2012), Namen et al. (2014) proposed a bi-

dimensional way to show optimal screening strategies as a function of in-situ and invasive cancer

risks for any age. We can observe in Figure 4 the solution for a 30-year-old patient. The horizontal

axe represents the probability (risk) of being in in-situ cancer state and the vertical axe represents

the probability of being in invasive cancer state; therefore, the probability of being in any other

state is equal to 1 minus these probabilities. Each of the three areas in the figure is associated

with an action and the combination of cancer risks (in-situ and invasive) gives a single point in the

graph. The optimal action to take is identified according to the area in which the point is located.

For example, in Figure 5 it is shown a patient that has been assigned with a uniform belief state,

since there is no previous information of her. As we can see, the point is located in the Cytology

area, so this is the recommended action to take.
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Figure 4 Optimal screening strategy for a 30-year-old patient (Namen et al. 2014)

Figure 5 Example of a non-information patient (Namen et al. 2014)

2.3. Experiments and Sensitivity Analysis

Despite the fact that the model runs properly, there is no much insights regarding verification or

validation of the results; hence we decided to run some experiments and verify the logic of the

recommendations in the model.

We started by analysing the impact of changing different input parameters on the performance

of the model’s recommendations. The main measures of performance included in this analysis are

the QALYs, the cancer risk and the costs. Risks and costs were measured in order to track and

justify the model results when needing to be evaluate the recommendations as a public health

policy (CDC 2009).
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In order to have control of the changes applied on the input parameters, we decided to run and

compare 10 models at a time, defining two consistent extreme scenarios and 7 different scenarios

in between, so we can evaluate the changes by tracking the benefits of the actions taken. Finally,

one last scenario that represents the values taken from the literature. Figure 6 shows the impact

of 10 different transition probabilities scenarios on the accumulated cost of a patient. In this

analysis, one extreme scenario models a patient that can make transitions from a healthy state to

the cancer states in few years (Exp 1); the other one models a patient that can remain in healthy

states for many years (Exp 9). That is what we expect to be the effect of changing transition

probabilities.

Figure 6 Accumulated costs for different transition probabilities scenarios

In Figure 7 and Figure 8 we can observe the impact on the accumulated risk and QALYs,

respectively, for the same 10 transition probabilities scenarios.

Comparing the reaction of the three measures of performance, we can see how the output and

its benefit is changing, according to the scenario. It is also evident that the costs and the risks are

more sensitive to this changes than the QALYs, since the largest difference between scenarios in

this last measure of performance is not higher than a half of year.
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Figure 7 Accumulated QALYs for different transition probabilities scenarios

Figure 8 Accumulated Risk for different transition probabilities scenarios

Regarding coherence, it is important to mention that there are some behaviours we expected to

see. If the model has transition probabilities that makes a healthy patient to go into cancer states

rapidly, risk must be higher and costs values must also be increased, since screening tests will be

recommended more often. An inverse behaviour must be seen with slower transition rates. In this
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analysis, we are seeing that the values tend to behave properly, but extreme scenarios are neither

the smallest nor the largest value in the graphs. This was recognised as an inconsistency of the

previous model.

Taking these results, evaluating the manner we compute and represent the solution, and

reviewing the Colombian cervical cancer context, we identified a set of limitations that it was

important to solve.

2.4. Limitations

These limitations are enlisted and described below.

• Solution representation does not involve the belief state completely: belief state is a vector

with 6 positions, each of them representing a single probability of being in each one of the 6

partially observable states. When we follow the graphic representation used in Namen et al. (2014),

we are missing information from 4 of those probabilities. The problem is that in a 6-dimensional

space it is not possible to locate a point with a 2-dimensional graph, so it is needed to find another

way (Cassandra AR 1994).

• Model is not considering some actions included in Current Colombian guidelines: as shown

before in Figure 1 and Figure 2, Colombian cervical cancer guidelines include co-testing as a

possible action. It is important to have an updated model that recommends policies that patients

can follow.

• Input parameters: most of the values used in this model as input parameters are not

Colombian. As we described in Section 2.3, outputs are sensitive to input parameters and not

using local values increase the risk of having biased results and worse recommendations.

• No initial belief state for non-information patient: when a patient comes for the first time,

there is no previous information to estimate the belief state. It is always necessary to have a first

test, but it is a common situation in practice and it should be taken into account.

• QALYs could include the risk aversion of the patient: current model assumes neutral risk

decision maker. However, patients and doctors can be more or less risk averse and want to make

different decisions according that aversion.
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2.5. Proposed Solutions

In the same order of the list, every limitation was studied and the proposed solution for each one

of them is described below.

• Solution representation does not involve the belief state completely: a decision tree represen-

tation is harder to compute, but involves the whole vector of probabilities associated with the

belief state, so we do not miss information.

• Model is not considering some actions included in Current Colombian guidelines: it is

necessary a reformulation, coding and verification of a new model that includes this action.

• Input parameters: local database and regional literature should help to estimate the input

parameters, based on local population.

• No initial belief state for non-information patient: as there is no information, a Bayesian

Network approach can help us to estimate the first probabilities regarding the belief state of the

patient.

• QALYs could include the risk aversion of the patient: a multi-attribute utility function

approach that involves risk aversion could help us to estimate personalized QALYs.

3. POMDP Extension

3.1. Optimal Decision Tree

With these limitations as a roadmap, the main objective in this section is to start developing

those problems, one by one. At first, we had to develop a computational tool that allowed us to

compute and create different paths of a patient, so we could draw the optimal policies on the

decision tree. The main difference between the way it was computed the solution before, and the

way this tool did it in this extension, is that now the paths are computed dynamical, according

the updating of the belief state. This tool was coded in Visual Basic and with a simple user

interface of three clicking bottoms (Figure 9) we could simulate different patients and reproduce

the paths we needed. Furthermore, this tool gave us the ability of comparing paths for different

patients and screening strategies, so it can be used for further medical analysis when performing

the model validation.
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Figure 9 User interface of the computational tool

As shown in Figure 9, it is not only possible to see the immediate recommendation, but it is

always available to check the history of the patient. The file can be saved for every woman and

the be reviewed when necessary.

After doing some computational tests and verify the tool, we started creating decision trees

for different patients. In Figure 10 we can observe a 30-year-old non-information patient that is

assigned with a uniform belief state. This way of representing the solution can give us, not only

the optimal action for that year, but the complete optimal policy for that patient, regardless

the outcomes she gets. For example, we can already know that if this particular patient has two

consecutive negative results from cytology test, she will be recommended to wait for at least 2

years before next screening. This is a valuable information that the doctor can use to make better

decisions.

3.2. Adding Co-testing

In order to reformulate the model, we reviewed every element of the formulation in Namen et al.

(2014) and identified the ones that had to be modified. After this analysis, we found out that the

formulation does not needed to be modified in a major way, but there were various elements to

add. Table 4 summarize the new elements needed for the formulation of the new action.
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Figure 10 Optimal decision tree for a 30-year-old non-information patient

Input parameter Update

Decision Epochs Same

Core state space Same

Action and observation space 1 new action, 4 new observations

Observation probabilities 4 new vectors

Transition probabilities 2 new matrices

Information and belief space Same

Table 4 Formulation changes for adding co-testing

• Action and observation space: co-testing, as a possible action for cervical cancer screening

policies could have many different results, since there are various combinations for cytology test

and HPV-DNA test results. However, as you can see in Figure 2, Colombian guidelines have an

algorithm and a classification for these results, so we can use the same classification and conclude

we need to add 4 new observations. Hence, the set of actions has a new element and there is a
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new set of observations because of that action:

Test Actions (denoted by a∈A) Result Observations (denoted by o∈Θ)

Wait W None None

Cytology C Negative C−

Cytology C ASC-US C1

Cytology C LSIL C+

Cytology C HSIL C+

Cytology C SCC C+

Cytology C AC C+

HPV-DNA H Negative H−

HPV-DNA H Positive H+

Co-testing CT Both Negative C −H−

Co-testing CT Normal C and Positive H C −H+

Co-testing CT Suspicious C and Negative H C +H−

Co-testing CT Both Positive C +H+

Table 5 Notation of actions and results with co-testing

Table 5 shows an updated version of the actions and observations described in Table 2. Any

non-negative result from cytology will be considered as a suspicious result (C+) when performing

co-testing.

• Observation probabilities: as the primary screening tests are not independent each other, there

is no analytical way to compute these probabilities with the information we have. Nevertheless,

there are some studies that have already followed patients for various years and have estimated

these values for different combinations of results when co-testing is performed (Blatt, et al.

2015). Unfortunately, co-testing is new in Colombia, and there is not enough local information to

estimate these values yet. In Table 6 we present the values for sensitivity and specificity, according

the state.
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State Specificity State Sensitivity

ICF (1) 78.1% C2N (4) 86.3%

CIF (2) 65.0% C3N (5) 95.7%

C1N (3) 56.5% CVN (6) 99.6%

Table 6 Specificity and sensitivity (Blatt et al. 2015)

s C −H− C −H+ C +H− C +H+

ICF(1) spec(1,CT,C −H−) (1− spec(1,CT,C −H−))/3 (1− spec(1,CT,C −H−))/3 (1− spec(1,CT,C −H−))/3

CIF(2) spec(2,CT,C −H−) (1− spec(2,CT,C −H−))/3 (1− spec(2,CT,C −H−))/3 (1− spec(2,CT,C −H−))/3

C1N(3) spec(3,CT,C −H−) (1− spec(3,CT,C −H−))/3 (1− spec(3,CT,C −H−))/3 (1− spec(3,CT,C −H−))/3

C2N(4) 1− sens(4,CT,C +H+) sens(4,CT,C +H+)/3 sens(4,CT,C +H+)/3 sens(4,CT,C +H+)/3

C3N(5) 1− sens(5,CT,C +H+) sens(5,CT,C +H+)/3 sens(5,CT,C +H+)/3 sens(5,CT,C +H+)/3

C1N(6) 1− sens(6,CT,C +H+) sens(6,CT,C +H+)/3 sens(6,CT,C +H+)/3 sens(6,CT,C +H+)/3

Table 7 Observation probabilities Ka
t (o|s) for new co-testing action CT

It is important to mention that the estimated values make no discrimination between the

non-negative outcomes, these are the C + H+, C − H+ and C + H−. Table 7 describes the

computation for every one of the values, regarding observation probabilities.

• Transition probabilities: similar to the situation with observation probabilities, there is no

much information for estimating transition probabilities with Colombian women. However, Wright

et al. (2000) has studied co-testing and estimated some transition rates from different states of

cancer. Adjusting those rates to the Colombian incidence and mortality rates (GLOBOCAN 2014)

we estimated the values for both transition probabilities matrices. One matrix for negative results,

and the other one for suspicious results, so we can have the same structure from matrices 1 and

2. As shown in Matrix 3 and Matrix 4, suspicious results (C-H+ and C+H-) from co-testing are

not considered positive, so they are included as a non-positive outcome in Matrix 3.

PCT,C−H− = PCT,C+H− = PCT,C−H+ =



(1 : CIF) (2 : ICF) (3 : CI1) (4 : CI2) (5 : CI3) (6 : CNV) (7 : COT) (8 : C3T) (9 : CVT) (10 : DTH)

(1 : CIF) p111 p112 0 0 0 0 0 0 0 1− (p11 + p12)

(2 : ICF) p121 p122 p123 p124 0 0 0 0 0 1− (p121 + p122 + p123 + p124)

(3 : CI1) p131 p132 p133 p134 p135 0 0 0 0 1− (p131 + p132 + p133 + p134 + p135)

(4 : CI2) p141 p142 p143 p144 p145 p146 0 0 0 1− (p141 + p142 + p143 + p144 + p145 + p146)

(5 : CI3) p151 p152 p153 p154 p155 p156 0 0 0 1− (p151 + p152p
1
53 + p154 + p155 + p156)

(6 : CNV) 0 0 0 0 p165 p166 0 0 0 1− (p165 + p166)

(7 : COT) 0 0 0 0 0 0 p177 0 0 1− p177

(8 : C3T) 0 0 0 0 0 0 0 p188 0 1− p188

(9 : CVT) 0 0 0 0 0 0 0 0 p199 1− p199

(10 : DCC) 0 0 0 0 0 0 0 0 0 1





Arboleda, Akhavan-Tabatabaei and Gel: Extension of a POMDP Model for Cervical Cancer Screening Policies in Colombia

18

Matrix 3 Transition probabilities for non-positive outcomes with co-testing

PCT,C+H+ =



(1 : CIF) (2 : ICF) (3 : CI1) (4 : CI2) (5 : CI3) (6 : CNV) (7 : COT) (8 : C3T) (9 : CVT) (10 : DCC)

(1 : CIF) p211 p212 0 0 0 0 0 0 0 1− (p211 + p212)

(2 : ICF) p221 p222 p223 p224 0 0 0 0 0 1− (p221 + p222 + p223 + p224)

(3 : CI1) p231 p232 p233 p234 p235 0 0 0 0 1− (p231 + p232 + p233 + p234 + p235)

(4 :CI2) 0 0 0 0 0 0 1 0 0 0

(5 :CI3) 0 0 0 0 0 0 0 1 0 0

(6 :CNV ) 0 0 0 0 0 0 0 0 1 0

(7 :COT ) 0 0 0 0 0 0 1 0 0 0

(8 :C3T ) 0 0 0 0 0 0 0 1 0 0

(9 :CV T ) 0 0 0 0 0 0 0 0 1 0

(10 :DCC) 0 0 0 0 0 0 0 0 0 1


Matrix 4 Transition probabilities for positive outcomes with co-testing

Finally, regarding the belief state, since there is no addition of states, logic of the initial formu-

lation defined in Namen et al. (2014) remains. This means that the belief state is going to depend

on the same conditional probability formula, as shown in (3).

τ [b, a, o](s′) =

∑
s∈SPO bt(s)K

a
t (o|s)P

a,o
t (s′|s)∑

s∈SPO bt(s)Ka
t (o|s)

if at =CT ;ot =C −H−,C −H+,C +H−,C +H+ (3)

4. Results Analysis

Table 8 summarizes the sources of input parameters, including local and foreign data for co-testing

inputs.

Input parameter Data source

Observation probabilities Munoz et al. 2004, Gamboa et al. 2008, Blatt et al. 2015,

Transition probabilities Wright et al. 2000, Wilches et al. 2015

QALYs Ayer et al. (2012)

Table 8 Input parameters sources of the extended model

Once the model was formulated, coded and the parameters set with new data, we adjusted the

computational tool for producing new paths and decisions trees. Figure 11 represents the decision

tree for the same 30-year-old non-information patient that we present in Figure 10. The main

difference between the two policies is the absence of HPV-DNA test recommendations for the first
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4 years of screening. However, this is one single tree for just one patient and a conclusion based

on 4 years is not relevant for this study.

Figure 11 Optimal decision tree for a 30-year-old non-information patient (new model)

In order to compare the new model with the current guidelines, it was necessary to produce

too many random patients that gave us an statistical comparison. Then, we coded a Monte Carlo

simulation program that created random paths for simulated patients. This had to generate

discrete random variables that represented properly the uncertainty about the state of the patient

and the tests outcomes.

By definition, the probability of being in any partially observable state is given by the belief

state, but its probability distribution changes at the end of every decision epoch. This dynamic also

affects the probability of getting any result from a test. Hence, in order to code the computation

of this probability for the Monte Carlo simulation, we used the Law of total probability:
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b(s) = P{s= j} (4)

Ka(o|s) = P{o= i|s= j} (5)

P{o= i}=
∑
j∈S

P{o= i|s= j}P{s= j} (6)

Since we know (4) as the belief state and (5) as the observation probability, we have the values

for computing the probability of getting any outcome from any test (6).

The last input data needed for Monte Carlo simulation is the probability distribution of the

Colombian population, regarding initial belief state of the generated patient. GLOBOCAN (2014)

statistics have the prevalence and incidence values for any country, including Colombia, so we can

generate and random patients and simulate random health paths according Colombian population.

Taking into account these distributions and the order of events described in Figure 3, it is

important to see that this simulation model has a particular behaviour that cannot be modelled

with regular software: the distributions used in the simulation are dynamic; this means that they

are changing every time the patient makes a decision. When the model registers a new observation

(including the empty observation from W action), the belief state is updated and, as showed

before in (5) and (6), the probability of getting any outcome from any test depends on the belief

state.

With this in mind and the rest of the data, Monte Carlo simulation was coded in Visual Basic

for Applications and set in 1000 iterations after reaching stationary behaviour. Figure 12 and

Figure 13 show some relevant comparative results between the new POMDP model and the

current Colombian cervical cancer guidelines.

Regarding accumulated costs, the confidence interval of the mean is shown in Table 9.

Table 10 shows the confidence interval of the mean of the average risk of a woman along his life.

From this results (Figure 13 and Table 10), it is clear that guidelines offer a better average

risk along a woman’s lifetime. However, it is also evident from Figure 12 and Table 9 that the
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Figure 12 POMDP vs Guidelines (Monte Carlo accumulated costs analysis)

Figure 13 POMDP vs Guidelines (Monte Carlo average risk analysis)

new POMDP model can offer better benefits regarding costs. Furthermore, this lower costs also

mean fewer visits to the physician and less invasive procedures, since costs increases every time the

patient has a screening test. According Dr. Massad (CDC 2009), benefits from testing less often
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Scenario Interval

POMDP [140.85; 150.61]

Guidelines [154.46; 164.02]

Table 9 Confidence interval (99%) for the mean of the accumulated costs

Scenario Interval

POMDP [0.110; 0.117]

Guidelines [0.089; 0.093]

Table 10 Confidence interval (99%) for the mean of the average risk

are greater than the ones from testing annually. The fall of a couple of hundredths of the risk does

not worth it, as there is a big chance for the virus to disappear naturally.
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5. Conclusions and Future Work

We evaluate, analyse and extend a POMDP model in order to produce screening strategies

adjusted for Colombian population. Based on the limitations of the previous model, we developed

a set of computational tools that help to evaluate and track any screening policy solution for the

cervical cancer problem. Through a new way of representing the solution, doctors and patients

can visualize future possible actions and take better decisions. Co-testing is added to the model as

a new action and seems to help decreasing frequency of testing. Monte Carlo simulation approach

is used for generating many random patients and allow us to compare the model with current

guidelines and support the results with some basic statistics.

An important follow-up to this work is to formulate and implement an auxiliary model that

estimates the initial belief state probabilities for a patient that arrives to the decision process for

the first time. In order to take into account some preferences of the patient, a MAUT approach

could be considered to estimate QALYs. It is also important to be accurate with the natural

transition of the disease, so it could be interesting to see a simulation model that helps to estimate

those probabilities.
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