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Abstract 

Implementation of organized cancer screening and prevention programmes in 

high-income countries (HICs) has considerably decreased cancer related incidence and 

mortality. In low- and middle-income countries (LMICs), screening and early diagnosis 

programmes are generally unavailable, and a majority of cancers are diagnosed in late 

stages when survival is very low. Analyzing cost-effectiveness of alternative cancer 

control programmes and estimating resource needs will help prioritize interventions in 

LMICs. However, mathematical models of natural cancer onset and progression, for 

conducting the economic analyses, are predominantly based on populations in HICs 

because the longitudinal data on screening and diagnoses required for parameterization 

are unavailable in LMICs. Models currently used for LMICs mostly concentrate on 

directly calculating the shift in distribution of cancer diagnosis as an evaluation measure 

of screening.  

We present a mathematical methodology for parameterization of natural cancer 

onset and progression, specifically for LMICs that do not have longitudinal data. This full 

onset and progression model can help conduct comprehensive analyses of cancer 

control programmes including cancer screening by considering both the positive impact 

of screening as well as any adverse consequences such as over-diagnosis and false 

positive results. The methodology has been applied to breast, cervical, and colorectal 

cancers for two regions, under the World Health Organization categorization, Eastern 

Sub-Saharan Africa (AFRE) and Southeast Asia (SEARB). The cancer models have 

been incorporated into the Spectrum software and interfaced with country-specific 

demographics data through the demographic projections (DemProj) module and costing 



data through the OneHealth tool. These software are open-access and can be used by 

stakeholders to analyze screening strategies specific to their country of interest.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Introduction  

Although overall cancer incidence rates are about twice as high in high-income 

countries (HIC) as compared to low- and middle-income countries (LMIC), mortality 

rates are similar between these two country groups.(1-3) These disparities in cancer 

outcomes are attributed to differences in early detection of cancer through screening 

and early diagnosis as well as the availability of treatment. For example, in LMIC, most 

breast cancer cases (e.g. about 70-90% in the African region) get diagnosed in late 

stages that have low survival rates; this compares to approximately 40% in the United 

States. (1,4,5) It is thus anticipated that a significant percentage of cancer deaths can 

be avoided by implementing existing intervention options, such as through organized 

screening programmes for select cancers including breast cancer and colorectal cancer, 

improving early diagnosis of cancer, or through vaccinations to prevent cancers caused 

by infection such as cervical cancer. However, health planners in LMIC are challenged 

by insufficient economic analyses required for engaging in evidence-based decision-

making in prioritization of cancer programmes. Guidelines from HIC are not 

generalizable given existing resource availability in LMIC. 

Conducting economic analyses, i.e., comparing costs and impact of alternative 

intervention options that considers region-specific resource availabilities and disease 

burden, helps identify an intervention strategy that is most suitable for the population 

under analyses. Alternative intervention options that health planners encounter could 

include (i) different types of screening modalities such as colonoscopy versus faecal 

immunochemical test for colorectal cancer; (ii) different screening intervals such as 

mammography every 1 year versus every 2 years to test for breast cancer; or (iii) 



combinations of interventions such as frequency of PapSmear to screen for cervical 

cancer in addition to HPV (human papillomavirus) vaccination to prevent cervical 

cancer.  

Mathematical models of cancer onset and progression, i.e., modeling of state-

transitions from healthy to disease-onset, progression through pre-clinical disease, and 

transition to clinical disease upon diagnoses, are instrumental to conducting such 

economic analyses. However, there are very few models available that are specific to 

LMIC, (6) most are based on populations in HIC. (7-13) This is because parameterizing 

the state-transitions between stages prior to clinical diagnosis is challenging. These 

parameters cannot be collected through surveillance as they cannot be directly 

measured (as they occur prior to diagnosis) and thus are mathematically estimated. For 

high-income countries they have been mostly estimated using longitudinal data from 

cancer registries, including trends in screening, diagnoses of cancer, and treatment.(7-

9,14)  In some cases, outcomes of population-based screening studies conducted on 

small populations have been used to estimate the unknown parameters.(15,16)  The 

pre- and post- screening data provide references for the estimation process. The 

models used in these estimations are usually Markov-based methodologies that model 

transitioning of states from healthy, to preclinical disease, to clinical diagnosis, which 

are governed by rates or probabilities of transitions. They predominantly adopt a 

technique of systematically varying the unknown pre-diagnosis transition parameters to 

identify the combination of values that best replicate post-diagnoses population 

measures, such as incidence, i.e., cancer diagnoses per person-year, and cancer 

mortality rates, i.e., deaths from cancer per person-year.        



Data that are usually available for most LMIC are only cross-sectional data of the 

outcome measures of incidence and cancer mortality rates.(1,2)  There are usually no 

data on how people are diagnosed, which could vary according to multiple parameters 

including disease symptoms and access to health care. If we were to apply the 

technique of systematically varying the unknown parameters, multiple combinations of 

the unknown parameters could generate similar outcomes as there is no constraint on 

how people get diagnosed.  

In this paper, we present a methodology for parameterizing state-transitions 

considering data available for LMIC. This method leverages prior work in this area. 

Specifically, we utilize estimates from HIC populations regarding the progression in 

preclinical stages of cancer, i.e., after onset of disease and prior to diagnoses, 

assuming that it remains the same for all populations. We only estimate parameters that 

likely vary by country, specifically, rates of disease onset per person-year in age group, 

and diagnostic rates of cancer per person-year by cancer stage. We define disease 

onset rates as the rates of transitioning from heathy to the first (preclinical) stage of 

disease, which vary across countries based on the population risk of developing 

disease. We define diagnostic rates as the rates of transitioning from pre-clinical to 

clinical disease state through diagnosis, which may vary across countries based on 

development of symptoms and access to care. We also estimate the corresponding 

cross-sectional distribution of the population by disease stage to distribute the base-

year population by age and stage in the simulation modeling for the economic analyses. 

The methodology was applied to parameterize state-transitions for 2 WHO world 

regions for 3 types of cancers, breast cancer, cervical cancer, and colorectal cancer. 



The parameters were implemented in a simulation model in a user-friendly software 

package for dissemination to stakeholders for conducting economic analyses of 

intervention strategies. (17) We present the methodology in the main paper with breast 

cancer as reference. We present the specific components of the 3 types of cancers and 

the numerical results in the cancer-specific Appendices. 

Methods 

The onset of disease and progression of breast cancer is presented in Figure 1. 

The parameters to estimate are the rates of disease onset 𝜃𝜃𝑎𝑎 and diagnostic rates 𝑑𝑑𝑖𝑖,𝑎𝑎, 

in age 𝑎𝑎 and cancer stage 𝑖𝑖. Most parameter estimation methods in the literature are 

based on a Markov processes approach, a stochastic process defined by a state space 

(all possible states the system can occupy) and transition probabilities or rates (that 

transition the system from one state to another state over time 𝑡𝑡). The transitions are 

governed by the following principles: the state the system transitions to at a specific 

time-step 𝑡𝑡 is conditional only on the system state at step 𝑡𝑡 − 1 and not on any state 

before that; and, from any state, the probabilities of transition to all other states sum to 1 

(i.e., the state space consists of all possible states the system can transition to from any 

state and the states are mutually exclusive). This framework is convenient to model 

disease onset, progression, and aging. Age-based health and cancer stages can be 

represented as states of the Markov process and transition probabilities or rates can be 

used to transition between these states, e.g., disease onset will be equivalent to 

transitioning from healthy to disease, and disease progression and regression will be 

equivalent to transitioning between disease stages. Using the assumption of 

exponential distribution for transition parameters will maintain the Markov properties. 



The commonly used parameter estimation methodology in the literature is to 

systematically vary the values of the unknown transition parameters to identify ones that 

provide a good fit to known parameters such as incidence of cancer (i.e., number of 

yearly transitions to clinical states in Figure 1). However, this method is only feasible 

when longitudinal data on diagnoses are available such as through small screening 

studies or cancer registries, as discussed earlier. The majority of LMIC do not have 

these data. Without this data, multiple combinations of rates of disease onset and 

diagnosis can generate similar outcomes. Therefore, we propose a two-step 

methodology that will involve two different Markov processes, i.e., two different state 

space representations and transition parameters, in each step.  

Model 1: We generate a Markov process 𝒀𝒀 = {𝑌𝑌𝑡𝑡; 𝑡𝑡 ≥ 0, Ω,ℙ,𝝅𝝅}, with a collapsed state 

space Ω = {[𝐻𝐻𝑎𝑎], [𝑈𝑈𝑎𝑎], [𝐷𝐷𝑎𝑎]} (as in Figure 2), i.e., for each age-group 𝑎𝑎, 𝑎𝑎 =

{1, … ,𝑚𝑚},𝑚𝑚 = 𝑚𝑚𝑎𝑎𝑚𝑚𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚 𝑎𝑎𝑎𝑎𝑎𝑎, it collapses all pre-clinical stages into one state 𝑈𝑈𝑎𝑎 and all 

clinical stages into one state 𝐷𝐷𝑎𝑎; 𝐻𝐻𝑎𝑎 represents healthy state; [.] denotes age-vector of 

states; ℙ is a matrix of transition probabilities between states for the underlying Markov 

chain; and 𝝅𝝅 is the steady-state distribution vector of the Markov chain. We use this to 

derive an analytical method to solve for the rates of disease onset 𝜃𝜃𝑎𝑎. 

Model 2: We generate a Markov process 𝑿𝑿 = {𝑋𝑋𝑡𝑡; 𝑡𝑡 ≥ 0, Z,𝑄𝑄}; with the fully extended 

state space (note the addition of subscript 𝑖𝑖)  𝑍𝑍 = {[𝐻𝐻𝑎𝑎], [𝑈𝑈𝑖𝑖,𝑎𝑎], [𝐷𝐷𝑖𝑖,𝑎𝑎]} representing 

vectors of states of healthy ([𝐻𝐻𝑎𝑎]), pre-clinical disease ([𝑈𝑈𝑖𝑖,𝑎𝑎]), and clinical disease 

([𝐷𝐷𝑖𝑖,𝑎𝑎]) at age 𝑎𝑎 and stage 𝑖𝑖 (note: we use a general notation for staging, 𝑖𝑖 = {0,1,2,3,4} 

but actual staging and number of stages could differ by cancer type based on use of 



SEER or TNM staging); and the transitions between stages represented in a generator 

matrix ℚ. Then, we use a simulation-based optimization methodology to solve for the 

optimal values of diagnostic rates 𝑑𝑑𝑖𝑖,𝑎𝑎, i.e., values that minimize the sum of squared 

errors between simulated and actual outcome measures of cancer incidence.  

We present the notations and descriptions in Table 1. Below, we present Model 

1, the analytical methodology for estimating disease onset rates 𝜃𝜃𝑎𝑎, Model 2, the 

simulation-based optimization methodology for estimating the diagnostic rates 𝑑𝑑𝑖𝑖,𝑎𝑎, and 

the development of a software package for dissemination to stakeholders for conducting 

economic analyses of intervention strategies.  

Model 1 (𝒀𝒀 = {𝑌𝑌𝑡𝑡; 𝑡𝑡 ≥ 0, Ω,ℙ,𝝅𝝅}): Estimation of rates of disease onset by age (𝜽𝜽𝒂𝒂) 

Let 𝜋𝜋𝑘𝑘 be the elements  of the steady-state distribution vector 𝝅𝝅 of the Markov 

process 𝒀𝒀 (Model 1), for state 𝑘𝑘, 𝑘𝑘𝑘𝑘Ω. Then, 

𝜋𝜋𝑘𝑘 = �𝜋𝜋𝑗𝑗
𝑗𝑗𝑗𝑗Ω,

𝑃𝑃𝑗𝑗𝑘𝑘   ; 0 ≤ 𝜋𝜋𝑘𝑘 ≤ 1; �𝜋𝜋𝑘𝑘
𝑘𝑘𝑗𝑗Ω

= 1                                                                                            (1) 

where, 𝑃𝑃𝑗𝑗𝑘𝑘 are the probabilities of transitioning from state 𝑗𝑗 to state 𝑘𝑘, i.e., elements of 

the matrix ℙ, as follows. 

 

 
 

H1 H2 H3 …… U1 U2 U3 …. D1 D2 D3 … M 
  

H1 
 1

− 𝑃𝑃𝐻𝐻1𝑈𝑈1
− 𝑃𝑃𝐻𝐻1𝑀𝑀1 

  𝑃𝑃𝐻𝐻1𝑈𝑈1        𝑃𝑃𝐻𝐻1𝑀𝑀1 

  
H2 

  1
− 𝑃𝑃𝐻𝐻2𝑈𝑈2
− 𝑃𝑃𝐻𝐻2𝑀𝑀2 

  𝑃𝑃𝐻𝐻2𝑈𝑈2       𝑃𝑃𝐻𝐻2𝑀𝑀2 

 H3*    …….   𝑃𝑃𝐻𝐻3𝑈𝑈3      𝑃𝑃𝐻𝐻3𝑀𝑀3 
 .    .         . 



. 

. 
. 
. 

. 

. 

ℙ
=  

 
 

U1 

     1
− 𝑃𝑃𝑈𝑈1𝐷𝐷1
− 𝑃𝑃𝑈𝑈1𝑀𝑀1 

  𝑃𝑃𝑈𝑈1𝐷𝐷1    𝑃𝑃𝑈𝑈1𝑀𝑀1 

  
 

U2 

      1
− 𝑃𝑃𝑈𝑈2𝐷𝐷2
− 𝑃𝑃𝑈𝑈2𝑀𝑀2 

  𝑃𝑃𝑈𝑈2𝐷𝐷2   𝑃𝑃𝑈𝑈2𝑀𝑀2 

 U3*        ….   𝑃𝑃𝑈𝑈3𝐷𝐷3  𝑃𝑃𝑈𝑈3𝑀𝑀3 

 . 
. 
. 

       . 
. 
. 

    . 
. 
. 

 D1          1
− 𝑃𝑃𝐷𝐷1𝑀𝑀1 

  𝑃𝑃𝐷𝐷1𝑀𝑀1 

 D2           1
− 𝑃𝑃𝐷𝐷2𝑀𝑀2 

 𝑃𝑃𝐷𝐷2𝑀𝑀2 

 D3*            …
… 

𝑃𝑃𝐷𝐷3𝑀𝑀3 

 . 
. 

           . 
. 
 

. 

. 
 

 M 1             
Note: empty cells have zero values; ‘…’ refers to additional states corresponding to older age 
groups that are not shown; *Rows do not add to 1 as not all states are shown as indicated by 
dotted horizontal and vertical lines 
 
        

Using the standard definition of risk to rate conversion that assumes that the underlying 

distributions governing transition probabilities are exponential, the rate of disease onset 

in age group 𝑎𝑎 can be written as 𝜃𝜃𝑎𝑎 =  −ln (1 − 𝑃𝑃𝐻𝐻𝑎𝑎𝑈𝑈𝑎𝑎), where 𝑃𝑃𝐻𝐻𝑎𝑎𝑈𝑈𝑎𝑎 is the risk or 

probability of developing the disease in age 𝑎𝑎, i.e., an element of ℙ representing the 

probability of transitioning from 𝐻𝐻𝑎𝑎 to 𝑈𝑈𝑎𝑎.  Based on the above structure of the Markov 

process we derived an analytical expression for estimation of 𝑃𝑃𝐻𝐻𝑎𝑎𝑈𝑈𝑎𝑎 as  

𝑃𝑃𝐻𝐻𝑎𝑎𝑈𝑈𝑎𝑎 =
𝐼𝐼𝐷𝐷𝑎𝑎𝑐𝑐𝑎𝑎 − ∑ �𝜋𝜋𝐻𝐻𝑘𝑘𝑃𝑃𝐻𝐻𝑘𝑘𝑈𝑈𝑘𝑘�∑ 𝑠𝑠𝑖𝑖�1− 𝑎𝑎−(𝑎𝑎−𝑘𝑘)𝜆𝜆𝑖𝑖�𝑖𝑖 − ∑ 𝑠𝑠𝑖𝑖�1− 𝑎𝑎−(𝑎𝑎−1−𝑘𝑘)𝜆𝜆𝑖𝑖�𝑖𝑖 ��∏ 𝑎𝑎−𝜇𝜇𝑗𝑗𝑗𝑗=𝑘𝑘:𝑎𝑎+1 ��𝑎𝑎−1

𝑘𝑘=0

𝐴𝐴𝑎𝑎[∑ 𝑠𝑠𝑖𝑖(1− 𝑎𝑎−𝜆𝜆𝑖𝑖)𝑖𝑖 ](𝑎𝑎−𝜇𝜇𝑎𝑎) − 𝐼𝐼𝐷𝐷𝑎𝑎𝑐𝑐𝑎𝑎
 

and developed an iterative process for estimation of 𝑃𝑃𝐻𝐻𝑎𝑎𝑈𝑈𝑎𝑎 starting with the lowest age. 

We present in the Technical Appendix the lemmas and proofs leading to the above 



proposition and the iterative process for estimating of 𝑃𝑃𝐻𝐻𝑎𝑎𝑈𝑈𝑎𝑎and eventually 𝜃𝜃𝑎𝑎, and only 

outline the final steps of the algorithm in Table 2. 

Model 2 (𝑿𝑿 = {𝑋𝑋𝑡𝑡; 𝑡𝑡 ≥ 0, Z,𝑄𝑄}): Estimation of diagnostic rates  

For the Markov process 𝑿𝑿 with state space Ζ = �[𝐻𝐻𝑎𝑎], �𝑈𝑈𝑖𝑖,𝑎𝑎�, [𝐷𝐷𝑖𝑖,𝑎𝑎],𝑀𝑀�, at age 𝑎𝑎 

and stage 𝑖𝑖, 

𝝆𝝆ℚ = 0;  

�𝜌𝜌𝑘𝑘
𝑘𝑘𝑗𝑗𝑘𝑘

= 1 

where, 𝝆𝝆 is the steady-state distribution vector with element  𝜌𝜌𝑘𝑘 for 𝑘𝑘𝑘𝑘𝑍𝑍; and ℚ is 

the generator matrix shown below.  

  H𝑎𝑎 U0,𝑎𝑎 U1,𝑎𝑎 U2,𝑎𝑎 U3,𝑎𝑎 D0,𝑎𝑎 D1,𝑎𝑎 D2,𝑎𝑎 D3,𝑎𝑎 M 
 H𝑎𝑎 −𝜃𝜃𝑎𝑎 − 𝜇𝜇𝑎𝑎 𝜃𝜃𝑎𝑎        𝜇𝜇𝑎𝑎 
 U0,𝑎𝑎  −𝑝𝑝0,𝑎𝑎 − 𝑑𝑑0,𝑎𝑎 − 𝜇𝜇𝑎𝑎 𝑝𝑝0,𝑎𝑎   𝑑𝑑0,𝑎𝑎    𝜇𝜇𝑎𝑎 
 U1,𝑎𝑎   −𝑝𝑝1,𝑎𝑎 − 𝑑𝑑1,𝑎𝑎 − 𝜇𝜇𝑎𝑎 𝑝𝑝1,𝑎𝑎   𝑑𝑑1,𝑎𝑎   𝜇𝜇𝑎𝑎 
 U2,𝑎𝑎    −𝑝𝑝2,𝑎𝑎 − 𝑑𝑑2,𝑎𝑎 − 𝜇𝜇𝑎𝑎 𝑝𝑝2,𝑎𝑎   𝑑𝑑2,𝑎𝑎  𝜇𝜇𝑎𝑎 

ℚ
= 

U3,𝑎𝑎     −𝑑𝑑3,𝑎𝑎
− �̅�𝜇3,𝑎𝑎    𝑑𝑑3,𝑎𝑎 

�̅�𝜇3,𝑎𝑎 

 D0,𝑎𝑎      −�̿�𝜇0,𝑎𝑎    �̿�𝜇0,𝑎𝑎 
 D1,𝑎𝑎       −�̿�𝜇1,𝑎𝑎   �̿�𝜇1,𝑎𝑎 
 D2,𝑎𝑎        −�̿�𝜇2,𝑎𝑎  �̿�𝜇2,𝑎𝑎 
 D3,𝑎𝑎         −�̿�𝜇3,𝑎𝑎  �̿�𝜇3,𝑎𝑎 
 M 1         -1 

*all empty cells =0 

 The ℚ matrix consists of transition rates (in per person-year) between stages, where, 

𝑑𝑑𝑖𝑖,𝑎𝑎are the diagnostic rates to be estimated for age 𝑎𝑎, and stage 𝑖𝑖 = {0,1,2,3 … },  

(we use SEER staging for breast cancer and colorectal cancer and TNM for cervical 

cancer, but for generalization use the notation 𝑖𝑖 = {0,1,2,3, . . }   

𝜃𝜃𝑎𝑎 are the disease onset rates estimated in Model 1, 



𝑝𝑝𝑖𝑖,𝑎𝑎 are the progression rates from stage 𝑖𝑖 to 𝑖𝑖 + 1; we assume they do not vary by 

country and use estimates presented in the published literature (see cancer specific 

Appendix), 

𝜇𝜇𝑎𝑎 are the disease-free mortalities, and  

�̅�𝜇𝑖𝑖,𝑎𝑎 and  �̿�𝜇𝑖𝑖,𝑎𝑎  are the disease mortalities without treatment and with treatment, 

respectively, in age 𝑎𝑎 and stage 𝑖𝑖; we discuss the estimation in the Technical Appendix, 

briefly, we estimate the relative increases in these mortalities compared to country-

specific cancer- free mortalities (referred to as relative risk) and assume that the relative 

risks do not vary by populations but the cancer-free mortalities do. 

Assumption 1: We set the transition rate from 𝑀𝑀 to 𝐻𝐻1= 1, i.e., we assume births=deaths 

to convert the model to a regular Markov process (if a Markov process is regular then 

the system can transition from any state to any other state in finite number of steps, 

here replacement of deaths with births makes this possible). The interesting property of 

regular Markov chains include asymptotic convergence to a unique steady-state 

distribution 𝜌𝜌𝑘𝑘, i.e., if one were to assume some arbitrary values for the state-distribution 

and simulate the process over an extended period of time, then, irrespective of the 

starting values, the distribution will converge to the same value, approximately; See 

Remark 1 below. 

In Figure 1, 𝑠𝑠𝑎𝑎, 𝑎𝑎, and γ represent the rate of cancer screening (defined as inverse of 

screening interval x participation rate of population), sensitivity of the screening test, 

and specificity of screening test, respectively. We assume 𝑠𝑠𝑎𝑎 = 0, as currently, in the 

countries of our interest, there is very little screening activity, if any. 



Simulation-based optimization for estimation of 𝒅𝒅𝒊𝒊,𝒂𝒂:  

We setup the Markov process as a set of first-order differential equations  

𝜌𝜌𝑡𝑡+1 =  𝜌𝜌𝑡𝑡 +  𝜌𝜌𝑡𝑡𝑄𝑄∆𝑡𝑡        (1) 

that can be simulated over time 𝑡𝑡 = 1,2, …𝑇𝑇, where, ∆𝑡𝑡 is a small time-step and 𝑇𝑇 is a 

large value such that starting with some arbitrary value for 𝜌𝜌0, 𝜌𝜌𝑄𝑄 asymptotically 

converges to 0 and 𝜌𝜌𝑇𝑇 ≈  𝜌𝜌𝑇𝑇−1, i..e, the process is at steady state. To estimate the 

values of 𝑑𝑑𝑖𝑖,𝑎𝑎 we combine the simulation with an optimization model, with the objective 

function to minimize the sum of square errors between simulated and actual cancer 

incidence, i.e., the optimization model is given by, 

 𝑀𝑀𝑖𝑖𝑀𝑀𝑖𝑖𝑚𝑚𝑖𝑖𝑀𝑀𝑎𝑎𝑑𝑑𝑖𝑖,𝑎𝑎‖𝑰𝑰� − 𝑰𝑰‖2 ,  𝑑𝑑𝑖𝑖,𝑎𝑎 ≥  0;𝑎𝑎 = 1, . . ,𝑚𝑚; 𝑖𝑖 ∈ {0,1,2,3,4}     (2) 

𝑰𝑰 = [𝐼𝐼1, 𝐼𝐼2, … , 𝐼𝐼𝑚𝑚] are the actual cancer incidence per person-year in age-group 𝑎𝑎 =

1,2, … . ,𝑚𝑚, which we assume are known (see Table 1), and 

𝑰𝑰� = [𝐼𝐼1̅, 𝐼𝐼2̅, … , 𝐼𝐼�̅�𝑚] are the simulated cancer incidence at steady-state (i.e., at 

T=500 in (1)), and is a function of the decision variable 𝑑𝑑𝑖𝑖,𝑎𝑎, i.e., 𝑰𝑰� = 𝑓𝑓( 𝑑𝑑𝑖𝑖,𝑎𝑎), and 

‖. ‖2 is the Euclidean norm. 

We used a simulation-based optimization methodology to solve this problem. In regular 

optimization models, the analytical form of the objective function, i.e., a regression 

equation with the decision variables as the independent parameters are known. In the 

above problem, the objective function is ‖𝑰𝑰� − 𝑰𝑰‖2 = 𝑓𝑓( 𝑑𝑑𝑖𝑖,𝑎𝑎), where 𝑓𝑓(.) is some function 

on  𝑑𝑑𝑖𝑖,𝑎𝑎, but the analytical form of 𝑓𝑓( 𝑑𝑑𝑖𝑖,𝑎𝑎) is not known. However, for any specific value 

of  𝑑𝑑𝑖𝑖,𝑎𝑎 the value of ‖𝑰𝑰� − 𝑰𝑰‖2 can be estimated using the simulation model discussed 



above. The problem was coded in MATLAB, version R2014a.  We combined the 

simulation algorithm with an in-built optimization solution algorithm (lsqcurvefit function 

in the MATLAB optimization toolbox), that searches through the decision space to find 

 𝑑𝑑𝑖𝑖,𝑎𝑎 that minimizes the error, i.e., ‖𝑰𝑰� − 𝑰𝑰‖2 ≈ 0. The simulation-based optimization 

algorithm is summarized in Table 3. We present in the Technical Appendix the 

conditions for global optimality, i.e., the conditions that guarantee a unique optimal 

solution to the problem. 

Remark 1: We normalize the steady-state distributions by age, i.e., we estimate �̅�𝜌𝑘𝑘𝑎𝑎 =

𝜌𝜌𝑘𝑘𝑎𝑎
𝑀𝑀𝑎𝑎

; 𝑀𝑀𝑎𝑎 = 𝜌𝜌𝐻𝐻𝑎𝑎 + ∑ 𝜌𝜌𝑈𝑈(𝑖𝑖,𝑎𝑎)𝑖𝑖 + ∑ 𝜌𝜌𝐷𝐷(𝑖𝑖,𝑎𝑎)𝑖𝑖 ,  𝑘𝑘𝑎𝑎 ∈ �𝐻𝐻𝑎𝑎,𝑈𝑈𝑖𝑖,𝑎𝑎 ,𝐷𝐷𝑖𝑖,𝑎𝑎,𝑀𝑀�; such that �̅�𝜌𝐻𝐻𝑎𝑎 + ∑ �̅�𝜌𝑈𝑈(𝑖𝑖,𝑎𝑎)𝑖𝑖 +

∑ �̅�𝜌𝐷𝐷(𝑖𝑖,𝑎𝑎)𝑖𝑖 = 1, for every age-group 𝑎𝑎. In application to a country, we use the actual age 

distribution of the population from the demographics data and use �̅�𝜌𝑘𝑘𝑎𝑎to distribute each 

age-group of base-year population into disease stages. We then use actual 

demographics projections to simulate future years, and thus the state distributions 

dynamically change over time This method will minimize estimation errors that might 

result from Assumption 1 (see Technical Appendix for sensitivity analyses on 

Assumption 1). 

Application and software for model dissemination:  

 We applied the methodology to parameterize the state-transitions for 3 types of 

cancers, breast, cervical, and colorectal cancers, for 2 world regions, Eastern Sub-

Saharan Africa (AFRE) and Southeast Asia (SEARB). We discuss, in the cancer-

specific Appendix, further details of the calibration specific to each cancer. Using these 

state-transitions, we implemented a cancer simulation of the form in Model 2 in the non-



communicable diseases (NCD) module of the Spectrum software package.(18)  The 

cancer module is interfaced with the demographic projections module (DemProj) in 

Spectrum, which predicts future demographic projections for individual countries, and 

the One-Health tool (19) that does ingredients-based costing of interventions. These 

models were used for economic evaluations of interventions under the WHO-CHOICE 

(CHOosing Interventions that are Cost-Effective)(22,23) analyses, for updating the 

Appendix 3 of the Global Action Plan for Non-Communicable Diseases (24), which 

provides United Nations Member States a list of generalized cost-effective policy 

options for achieving the health goals of the Global Action Plan. Details of the analyses 

and results are presented in WHO Technical Briefings and WHO Discussion Papers, 

(25,26) accompanying documents to the Appendix 3 of the Global Action Plan. 

Spectrum and One-Health are publicly available software packages that can be 

downloaded from Avenir Health website. (17)  This user-friendly software package can 

be used by health planners to further conduct country-specific analyses for identifying a 

strategy most suitable for the population or estimating resources needed for a suitable 

intervention strategy. Users also have an option of modifying parameter inputs, 

including transition rates and screening and treatment options and their sensitivity and 

specificity values, to more closely represent the population and resource availabilities 

and for conducting sensitivity analyses.  

Results  

To verify the parameterized results for the natural history model, we compared 

the simulated cancer incidence with rates from GLOBOCAN, which were originally used 

in the parameterization process (see cancer Appendices). To validate the model, we 



compared results with independent data not used in model parameterization, e.g., total 

mortality rates among persons with breast cancer from GLOBOCAN, or HPV 

prevalence from clinical studies for cervical cancer model. The results were generally 

within acceptable values, the details are presented in the cancer Appendices. 

Discussion 

We present a two-step methodology for parameterizing a Markov processes 

model for cancer onset and progression. The methodology is general and intended for 

estimating national averages in countries where longitudinal cancer registry data are not 

available, which impedes construction of a more detailed model. Health planners or 

other stakeholders can utilize the models in the Spectrum software to analyze impact 

and costs of alternative intervention scenarios specific to the region of their interest, 

selecting between cancer control interventions for prevention or screening for early 

diagnosis. Alternative intervention options that health planners encounter could include 

(i) different types of screening modalities such as colonoscopy versus fecal 

immunochemical test for colorectal cancer; (ii) different screening intervals such as 

mammography every 1 year versus every 2 years to test for breast cancer; or (iii) 

combinations of interventions such as frequency of PapSmear to screen for cervical 

cancer in addition to HPV (human papillomavirus) vaccination to prevent cervical 

cancer.  

The methodology is subject to certain limitations. To meet the mathematical 

properties required for estimation of parameters, i.e., steady state, we made certain 

assumptions such as births are equal to deaths to make the Markov chain regular. We 

also assumed that the Markov processes are stationary, i.e., the transition parameters 



do not change over time, including cross-sectional measures of incidence and cancer 

stage distribution at diagnosis. Use of cross-sectional data on incidence and 

assumptions of its stationarity over time ignores effects of temporal changes in 

competing risks of mortality as well as the effects of temporal changes in cancer-

specific parameters that affect incidence, progression, access to care and other relevant 

variables. Problems of cohort-specific effects are not unique to cancers, or to LMICs, 

but they remain an unquantifiable source of uncertainty for models of this kind. More 

specifically, use of cross-sectional data generates 2 types of limitations.  First, it does 

not capture evolutionary changes in cancer, i.e., changes in risk of disease (onset rates) 

and disease severity (progression rates) that are anticipated to occur due to 

environmental or behavioral changes, e.g., changes in diet or delays in childbearing for 

breast cancer.(20,21)  Second, it also ignores the effects of temporal changes in 

population demographics including changes in competing risks of mortality from other 

diseases, such as changes in maternal and infant mortality, or mortalities from 

infectious diseases. Therefore, as data or more reliable predictions on population 

changes become available, analyses in this study should be redone. There are no 

reliable predictions on evolutionary changes in cancer risk. To make best use of 

available projections on population size estimates, the cancer models in Spectrum are 

interfaced with the Demographic Projections (DemProj) model, (17) a model that 

estimates future population sizes of a country or region by age and sex and is updated 

frequently with the latest estimates for future trends in fertility rates and overall mortality 

rates supplied by the Population Division of the United Nations. To effectively connect 

our static results with these dynamic population projections the results from this study 



are normalized by age.  During simulations of cancer incidence over time, the 

normalized outputs interface with the future projections for demographic distributions of 

a country in the DemProj model (see Technical Appendix). However, this does not 

consider the changes in trends in disease parameters and thus does not replace the 

need for re-conducting this analyses over time as more data become available. Any 

cost-effectiveness analyses conducted using results from this study will also be subject 

to these limitations and should be used with caution.  

In application of the methodology to parameterize 2 regions, AFRE and SEARB, 

we only considered heterogeneity by age and did not consider any other population 

characteristics and differences across countries. Causal factors for differences across 

countries in the risk of disease could be multiple, including diet, alcohol and tobacco 

consumption, competing diseases, or genetic. We did not explicitly consider these 

factors, but the estimated disease onset parameter might include these factors 

collectively. For persons who were diagnosed, we did not explicitly model recurrence of 

disease, we only applied an average stage-specific rate of survival. We assumed that 

for persons with the disease, progression rates in preclinical stages do not vary by 

populations. Diagnostic rates could be a function of development of symptoms, delays 

in correct diagnosis, and/or access to care. We do not explicitly consider these factors 

in the estimation process. The transition parameters were grouped according to general 

cancer types. Different cancer subtypes, such as hormone receptor positive breast 

cancers, were not considered in this study. This model thus assumes that there is not 

significant heterogeneity in the cancer subtypes between different populations.  



The data used were gross average estimates, as the scope of our work was to 

generate aggregated estimates for the WHO-CHOICE and WHO Global Action 

Plan.(24) Nonetheless, we believe these applications, to a certain extent, helped in the 

validation of the new methodology presented here. Application of the model to individual 

countries should consider more country-specific data inputs as available, and conduct 

sensitivity analyses around the input parameters for evaluating the impact of parameter 

variabilities on program decisions. Validation of the model were restricted to comparison 

of a few parameters, not used in estimation, but aggregated at regional-levels. Future 

work could include more extensive validation by applying the methodology to 

populations with known parameter estimates. 

The model presented here complements the current models in the 

GLOBOCAN,(1)  WHO-CHOICE (CHOosing Interventions that are Cost-

Effective),(22,23)  and OneHealth(19) projects. It uses incidence estimates of 

diagnosed cases of cancer from GLOBOCAN to construct the disease onset and 

progression model. It serves as an ‘impact module’ for analyzing the impact of 

alternative interventions under the WHO-CHOICE work. The Spectrum package also 

contains models for other non-communicable diseases, which enables a health systems 

approach to analyses of multiple diseases. These together will facilitate health planners 

to evaluate cancer-intervention decisions in a context specific to a country, i.e., in 

addition to impacts and costs of interventions for cancer, consideration of competing 

health priorities, availability of specific treatment options or other intervention 

techniques, and infrastructure availabilities. The methodology developed for model 

parameterization can be extended to other types of cancers. 
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