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Abstract

Background

Low-and-middle-income countries (LMICs) have higher mortality-to-incidence ratio for breast cancer
compared to high-income countries (HICs) because of late-stage diagnosis. Mammography screening is
recommended for early diagnosis, however, the infrastructure capacity in LMICs are far below that needed
for adopting current screening guidelines. Current mammography screening guidelines are extrapolations
from HICs as limited data had restricted model development specific to LMICs, and thus, economic analysis

of screening schedules specific to infrastructure capacities are unavailable.

Methods

We applied a new Markov-process method for developing cancer progression models and a Markov
decision process model to identify optimal screening schedules under varying number of lifetime screenings
per person, a proxy for infrastructure capacity. We modeled Peru, a middle-income country as case study,

and the United States (US), a HIC for validation.

Results

Implementing 2, 3, 5, 10, and 15 lifetime screens would require about 55, 85, 135, 280, and 405
mammography machines, respectively, and save 31, 44, 62, 95, and 112 life-years per 1000 women,
respectively. Current guidelines recommend 15 lifetime screens but Peru only has 55 mammography
machines nationally. With current capacity, the best strategy is 2 lifetime screenings at age 50 and 56. As
infrastructure is scaled-up to accommodate 3, 5, and 10 lifetime screens, screening between age 46 and 57,
44 and 61, and 41 and 64, respectively, would have the best impact. Our results for the US are consistent

with other models and current guidelines.

Limitations
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The scope of our model is limited to analysis of national-level guidelines, we did not model heterogeneity

across the country.

Conclusions

Country-specific optimal screening schedules under varying infrastructure capacities can systematically

guide development of cancer control programs and planning of health investments.
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Introduction

Breast cancer is the most common and frequent cancer among women globally. According to the World
Health Organization (WHO), (1) it is estimated that 627,000 women died from breast cancer in 2018, which
accounts for approximately 15% of all cancer deaths among women. Approximately 70% of deaths from
cancers occur in low- and middle- income countries (LMICs) which can partly be associated with late stage
diagnosis when survival is low, about 70-90% of breast cancer cases in LMICs get diagnosed in late stages
compared to 40% in the United States (US). (2), (3), (4) It is estimated that 1.7 million new cases of breast
cancer will present in the developing world in 2020, and the huge discrepancy in survival chances will
continue with most of the breast cancer deaths (70%) occurring in the developing world. (5) More generally,
cancer is the second leading cause of premature deaths globally, accounting for about 17% of deaths, and
60% of all premature deaths are from non-communicable diseases (NCDs). In addition to the disease
burden, the economic burden of NCDs such as breast cancer is also considerably high. It is estimated that
the economic losses in LMICs from NCDs are equivalent to approximately 4% of current annual national

economic outputs. (6)

To address this growing disease and economic burden, the 70th World Health Assembly adopted
the updated Appendix 3 of the Global NCD Action Plan for 2013-2020, which is a list of the ‘Best Buys’
interventions proposed by the World Health Organization (WHO) to reduce premature mortality from

NCDs by 25% by 2025. (7), (8)

Individual countries are further conducting NCD ‘investment cases’, which includes quantitative
economic analysis of current and potentially implementable health interventions. (9) The objective of a
national investment case is to identify prioritized and coherent investments that are tailored to the country’s
needs and resource availabilities through evaluations of both potential returns on investment and cost of

inaction. (9), (10), (11)

5

http://mc.manuscriptcentral.com/mdm



oNOYTULT D WN =

Medical Decision Making

In this paper, we present a modeling approach to identify optimal mammography screening
schedules for early detection of breast cancer. Early detection will enable early treatment, which is key for
reducing premature mortalities. Peru was used as a case study. Current model-based analysis informing
mammography guidelines in LMICs are based on extrapolations of impacts from high-income countries
(HICs). (12) This is because of data limitations in LMICs that create barriers to parameterizing a natural
disease progression model specific to the population. (13), (14) In this work, we first parameterized a natural
disease progression model using a two-step Markov process methodology (15) developed specific to the
data-settings in LMICs. Further, to base the analysis not only on disease burden but also on the resource
availabilities in Peru, instead of comparative analysis of a few preselected scenarios as commonly done, we

used Markov decision processes to identify best screening schedules under varying resource constraints.

Methodology

Natural onset and progression of breast cancer

We assumed that breast cancer initiates as carcinoma in-situ (CIS), i.e., women can transition from healthy
to CIS. In the absence of diagnosis, the disease naturally progresses through preclinical invasive carcinoma
local, regional, and distant stages (Figure 1). From any of these preclinical stages, women can transition to
clinical stages through diagnosis based on symptoms or through screening. Upon clinical diagnosis, women

remain in the stage at diagnosis and face a certain rate of death based on stage-specific survival rates.

Two-step Markov process methodology for parametrization of cancer model specific to LMICs

Parameterization of a cancer natural history model consists of estimation of three sets of parameters that
vary by age: a) onset rates- the rates of transitioning from healthy to CIS; b) progression rates- the rates of
transitioning between preclinical disease stages in the absence of diagnosis, and c¢) diagnostic rates- the
current rates of diagnosis in the absence of intervention. Though there are multiple mathematical models

presented in the literature for parameterization of natural history models, most are applied to HICs and are
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based on the use of longitudinal data from cancer registries (16), (17), (18), (19) or population-based
screening studies. (20), (21) The pre- and post- screening data provide references for the estimation process.
Data that are usually available for most LMICs are only the nationally representative annual rates of cancer
incidence and mortality, i.e., the numbers of newly diagnosed cases of cancers and deaths per 1000 women,
estimated through the Global Cancer Observatory. (2), (22) There are usually no data on how people are
diagnosed, which could vary according to population-specific parameters, such as population’s awareness
and knowledge in recognizing symptoms and access to health care, in addition to disease-specific
parameters such as occurrence of symptoms. Therefore, in this study, we used a new two-step Markov
process methodology developed specifically for parameterization of cancer progression models in LMICs
where longitudinal cancer registry databases are not available. (15) This method, under the assumption that
progression rates are disease-specific and do not vary by population, uses pre-estimated progression rates
from the literature (Appendix A), and estimates population-specific onset rates and diagnostic rates by
fitting Markov process models to data on invasive cancer incidence and stage at diagnosis from Peru (Table
S3 in Appendix A). The mathematical structure of the model generates onset rates to be representative of
CIS cases that may or may not progress to invasive carcinoma within the lifetime of the individual, although
it does not incorporate cases of CIS that may regress. The model generates diagnostic rates to be
representative of the overall rates of diagnosis in the population, inclusive of the inverse of stage-dependent
time for development of symptoms and time-delays in seeking care, and thus inclusive of population’s
awareness to symptoms and access to care. Based on estimates in the literature (23), we assumed that

progression rates are a logistic function of age, with progression being more aggressive at younger ages.

Technical details of the theory and proofs of the parameterization methodology are presented in
(15) and its application for the analysis of the ‘Best Buy’ interventions, for breast cancer, cervical cancer,
and colorectal cancer for updating the Appendix 3 of the NCD Global Action Plan (8), (7) are presented in

(24).

Markov decision process (MDP) model for identifying optimal mammography screening schedules
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Typically, in the public health literature, optimal screening schedules are identified through comparative
evaluations between a few pre-selected scenarios on certain metrics such as life-years saved or mortality
reduction. In the case of mammography screening for informing population-level guidelines, specific
screening schedules are evaluated, e.g., biennial screening for age group 40 to 69 years or annual screening
for age group 50 to 69 years. (25) In this paper, we instead identify optimal screening schedules from among
all possible combinations of age groups and screening intervals, by formulating the problem as a Markov

decision process (MDP) and solving it using dynamic programming (DP).

The MDP is a sequential decision-making model. Specifically, for any given screening schedule, it
can evaluate the weighted average lifetime costs and benefits, weighted according to the probabilities of
cancer onset by age and its progression under the influence of the screening schedule. It uses the Markov
process model discussed in the previous section to determine the probabilities. DP is an optimization
method used with MDP. Instead of exhaustively evaluating all possible choices for screening schedule,
which can be a very large number, DP uses mathematical concepts to identify the optimal screening

schedules through evaluation of only a few sampled choices. (26)

We define an optimal screening schedule as one that gives the best trade-offs between costs and
benefits. Costs include screening costs, follow-up diagnosis costs for true-positives and false positives, and
treatment costs. Benefits include quality-adjusted life-years (QALY's) saved compared to no screening. To
convert benefits into the same metrics as costs, they are multiplied with a monetary value-per-QALY lived.
Value-per-QALY is a measure for the economic value added from health investments. (27) For any specific
assumption for the value-per-QALY, an MDP model can identify the screening schedule, including the
optimal number of lifetime screens, that give the best trade-offs in costs and benefits. We can expect that
as the value-per-QALY lived increases, the optimal schedule will have higher number of lifetime screens.
Researchers have suggested multiple assumptions for the value-per-QALY lived, several related to the GDP

per capita of the country, and thus, could change over time and vary by country. (27) Therefore, instead of
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assuming a constant value, we evaluate different assumptions for value-per-QALY lived to generate

different optimal number of lifetime screens.

MDP models are extensively used in engineering applications, and some studies have applied it to
mammography screening decisions, most for individual-level clinical decision-making, specifically,
whether to screen or not based on a woman’s medical condition and care history and some studies have
applied it to population-level screening. (28), (29), (30) In this work, we use MDP for population-level
analysis of screening strategies to inform national screening guidelines. We present the mathematical

formulation in Appendix B.

Scenarios and Impact measures

Identification of optimal scenarios using MDP model: For any given value-per-QALY, the MDP model

outputs all ages at which women should be screened, and thus, the number of lifetime screenings, age for
screening initiation, age for screening termination, and the time intervals between screenings can be

estimated.

Estimation of impact metrics by Markov process simulation: For each optimal strategy, by simulating the

Markov process model over a 100 year period, we calculated the number of life-years (LY) saved per 1000
women, the number of false positives (FP) per 1000 women, costs per 1000 women, and cost per LY saved

as per the equations summarized in Table 1. We did not discount benefits or costs.

Estimation of resource (mammography machines) needs: For each optimal scenario, we calculated the

number of mammography machines needed per year as the number of screens per year divided by capacity
of each mammography machine. We calculated the number of screens per year by adding the number of
people in Peru in 2017 in the ages corresponding to the screening schedules. We assume an annual capacity

of 5800 tests per mammography machine based on current utilization in some HICs. (31), (32)
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Generation of efficient frontier: By plotting life-years saved versus number of lifetime screens and life-

years saved versus costs, we generate “efficient frontier” curves to identify non-dominated scenarios. A
scenario is non-dominated if it has the highest life-years saved among all scenarios with similar costs, and

thus will lie on the efficient frontier.

Comparison_of optimal screening schedules with current recommendations: Recommendations for

mammography screening vary by issuing entities. For the Americas, the WHO strongly recommends
biennial screening for age-group 50 to 69 years (10 lifetime screens), and conditionally recommends
screening at other age groups. (33) National guidelines in Peru recommend biennial screening for age-group
40 to 69 (15 lifetime screens), (34) but the WHO recommends against screening persons below age 49 in
low-resource settings even with strong health systems. As current recommendations are equivalent of 10 or
15 lifetime screens in our method, we highlight these scenarios for comparing model results with current

recommendations.

Base case and sensitivity analyses input assumptions

For Peru, as basecase, we assumed the use of film mammography for breast cancer screening, as the more
advanced digital mammography used in high-income countries (HICs) are typically unavailable in LMICs.
(33) For basecase analyses, we used the latest estimates for sensitivity and specificity of film
mammography. We also used average values for stage progression rates from the literature. To understand
the sensitivity of these inputs on results for optimal screening schedules, we conducted the following

sensitivity analyses:

a) Sensitivity to limited availability of latest film mammography technology and expertise — Estimates from

the breast cancer surveillance consortium (BCSC) suggests that mammography sensitivity and specificity
have been increasing over time, representing the advancements in diagnostic tools. Therefore, we used
mammography specificity and sensitivity from the 1995-1999 era to test the impact of the unavailability of
the most recent technology and human expertise. Data assumptions are presented in Appendix D1.
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b) Sensitivity to dwell times (inverse of progression rates) by stage - We tested a range of values, using

estimates from different models in the literature to set the lower and upper bounds. This sensitivity analysis
represents the uncertainty in natural rates of stage progression. Data assumptions are represented in

Appendix D2.

c¢) Uncertainty analysis on CIS pathways (5 CIS cases): Recent studies, under the context of over-diagnosis

of cancers, have highlighted the uncertainty around pathways of CIS stage and mammography sensitivity
for diagnosis at this stage, and their corresponding impact on the progression rate estimates for CIS.
Therefore, as uncertainty analysis, we evaluated 5 CIS cases, each using different combinations of CIS
progression rate, proportion of invasive cancers initiating directly in local stage, and mammography

sensitivity in CIS stage. Data assumptions under each of the 5 CIS cases are presented in Appendix D3.

Model Validation

For validating our model, we applied it to the United States (US) population for comparison with results
from the CISNET (The Breast Cancer Working Group of the Cancer Intervention and Surveillance
Modeling Network (25)) study, a study that used 6 independent models to inform current screening
guidelines globally. (12) Data for model parameterization were extracted from the CISNET studies and are

presented in the Appendix (Tables S3 and S7). We conducted the following two sets of validation.

a. Validation of impact estimates: Unlike the MDP method that identifies optimal schedules, the method

used in the CISNET study is comparative analysis of a few pre-selected screening schedules. (25) We
evaluated these pre-selected schedules using our model and extracted impact measures. To keep consistent

with results presented in the CISNET study, we did not discount these impact measures.

Results: Our estimation of benefits and harms, life-years (LY) saved per 1000 women and false
positives per 1000 women, respectively, under different screening schedules compare well with CISNET

model results (Figure S5 in Appendix C). (25) Cost estimations from the 6 CISNET models range from
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USD 2-9 to 5-62 million per 1000 women for the no-screening scenario, and our model estimates a cost of
USD 3-7 per 1000 women for the same. Cost estimations from the 6 CISNET models ranged from 5-02 to
6-15 million per 1000 women for screening schedule of biennial 50 to 74 (B50-74) and for this scenario our
model estimates a cost of 6-2 million per 1000 women. (35) Further, the scenarios identified as non-
dominated in our MDP model are also classified as efficient or borderline in the CISNET study (25) (Figure
S6 in Appendix C). The CISNET study classified a scenario as ‘efficient’ if it was non-dominated in at least

5 models and as ‘borderline’ if it was dominated in 2 to 4 models.

b. Validation of the MDP method of selecting optimal schedules: To demonstrate the advantage of

using the MDP model to identify an ‘optimal’ screening schedule, instead of using pre-selected schedules
as commonly done, we applied the MDP model to the US population. We identified optimal screening
schedules for up to 20 lifetime screens. We combined the optimal schedules identified by the MDP model
and the CISNET pre-selected schedules to generate an efficient frontier by plotting life-years saved per
1000 women against number of lifetime screens, and life-years saved per 1000 women against costs per

1000 women (Figure S7 in Appendix C).

Results: There are two notable results from this comparison. First, all the screening schedules
identified as optimal by the MDP model are either on or close to the efficient frontier curve, demonstrating
that the MDP model can identify the most efficient strategies (Figure S7 in Appendix C). Second, the MDP
model helps identify the minimum number of lifetime screens, for the US it suggests a minimum of 10. We
verify the validity of this result by using our model to specifically evaluate and compare cost per life-year
saved under 10 lifetime screens with that of lower number of lifetime screens. The schedule with 10 lifetime
screens had a lower cost per life-year saved than schedules with 5 (B60-69) and 8 (B55-69) lifetime screens,

the latter two are preselected schedules evaluated in the CISNET study (Table S9 in Appendix C).

Results
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The model predictions for the optimal screening schedule under alternative choices in lifetime number of
screens, and corresponding benefits, harms, and costs, are presented in Table 2. All values are undiscounted.
The table also presents the number of mammography machines needed nationally, to implement the strategy
in Peru. While the model suggests a minimum of 10 lifetime screens for the US (Validation section), for
Peru, the model suggests a minimum of 1 screen. This implies that, for the US, the costs of screening are
offset by the costs saved from early stage diagnosis of cancers, late stage diagnosis have much higher
treatment costs (Table S7 in Appendix B). As unit costs for screening and treatment are higher for the US
than Peru, to test the sensitivity of these cost differences, we reevaluated Peru using US costs. Under this,
the minimum number of lifetime screens for Peru increased to 5, suggesting that the differences in minimum
lifetime screens are due to the differences in both costs and disease burden, disease burden being higher in

the US.

Figure 2 plots optimal age intervals to screen under different choices of lifetime screens. For Peru,
under 15 lifetime screens, the model estimated that the optimal age-interval to screen is 40 to 67 years, and
estimated that this scenario would result in 112 life-years saved per 1000 women and 1302 false positives
per 1000 women. Under 10 lifetime screens, the model estimated that the optimal age-interval to screen is
41 to 64 years, and estimated that this scenario would result in about 95 life-years saved and 939 false
positives per 1000 women (Figure 3). Current screening guidelines recommend biennial screening between
ages 40 to 69 (B40-69) (15 lifetime screens) and biennial screening between ages 50 to 69 (B50-69) (10
lifetime screens). Specifically evaluating these current guidelines using our model generated about 109 life-
years saved and 1267 false positives per 1000 women under B40-69, and about 66 life-years saved and 814
false positives per 1000 women under B50-69 (data not plotted). Therefore, while our model results agree
with the current recommendations under 15 lifetime screens, under 10 lifetime screens the model suggests

screening should start at a younger age.

For comparison, we also used the MDP model to estimate the optimal age-intervals to screen for

the US (Figure 2). Under 15 lifetime screens, the model estimated that the optimal age-interval to screen is
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41 to 69 years, and under 10 lifetime screens the optimal age-interval to screen is 47 to 68 years. These
results are close to the current WHO recommendations of biennial 40 to 69 years or biennial 50 to 69 years,
respectively. The model estimates for the corresponding number of life-years saved per 1000 women were
169 and 132, respectively, and corresponding number of false positives per 1000 women were 1264 and

841, respectively (Figure 3).

The model estimates for false positives per 1000 women were equivalent for the US and Peru,
which is as expected because of similar assumptions for screening specificity. The number of life years
saved per 1000 women were much higher in the US compared to Peru, (Figure 3) which is as expected
because of higher incidence rates for breast cancer in the US (Table S3 in Appendix A). The model
estimated that, while the number of life-years saved would have diminishing returns with increase in the
number of lifetime screens, the number of false positives per 1000 women would increase linearly with

increase in the number of lifetime screens.

For Peru, the model estimated optimal age-group for screening was around 50 to 55 years for up to
2 lifetime screens, 45 to 62 years for up to 6 lifetime screens, 40 to 65 years up to 11 lifetime screens, and
40 to 68 years for higher lifetime screens. The lowest age, even going up to 18 lifetime screens was 40. As
the number of lifetime screens increased, the upper bound of screening interval increased. The screening

frequency under a given scenario of lifetime screens was not uniform (Figure 4).

For Peru, the model estimated general trend was more frequent screening between ages 44 and 54
years, e.g., under 10 lifetime screens, the optimal schedule was biennial screening for age group 44 to 54,
triennial for age groups 41 to 44 and 54 to 60, and the last screen was at age 64 after a 4-year gap (Figure

4).

For implementing these schedules in Peru, the number of mammography machines needed would
range from 29 under 1 lifetime screen to 488 under 18 lifetime screens (Table 2). Currently, there is a total

of about 55 mammography machines available nationally in public hospitals in Peru. (31), (32)
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For Peru, the model estimated lifetime costs for breast cancer was USD 53,000 per 1000 women
for no screening and ranged from USD 136,000 per 1000 women for 1 lifetime screen to about USD 1-1
million per 1000 women for 18 lifetime screens (Table 2). Cost per life-year saved ranged from USD 4,300
for scenario with 1 lifetime screen to USD 8,400 for scenario with 18 lifetime screens (Table 2). These
results are generally in the range of results from other models for Peru. (36) All benefits and costs are

undiscounted.

The efficient frontier generated by plotting undiscounted life-years saved v. undiscounted costs per
1000 women is presented in Figure 5 for Peru. The graph plots both optimal schedules from our MDP
model, under alternative choices of lifetime screens, and pre-selected schedules from CISNET. Results
indicate that most of the scenarios in the CISNET study that are efficient for the US are not efficient for

Peru, the exception being biennial 40-69 years which corresponds to 15 lifetime screens.

Results for sensitivity analyses are presented in Appendix D. Lowering the sensitivity and
specificity of film mammography, compared to the basecase, had minimal impact on the age-interval for
screening. However, under any given number of lifetime screens, it reduced life-years saved and increased
false-positives, and thus, increased the cost per life-year saved from USD 4,400 to 6,500 under 1 lifetime
screen and USD 7,500 to 13,800 under 15 lifetime screens. Varying stage-specific dwell times shifted the
age-intervals for screening by a few years, shifting towards the older or younger ages when the dwell times
decreased or increased, respectively. The corresponding outcomes on false positives and total costs saw
minimal changes, but the life-years saved increased or decreased when dwell times decreased or increased,
respectively. Thus, the costs per life-year saved under 1 lifetime screen were between $4,100 and $5,200
for the lower and upper values of dwell times, respectively, as compared to $4,400 in basecase. The costs
per life-year saved under 5 lifetime screens were between $4,300 and $5,900 for the lower and upper values

of dwell times, respectively, as compared to $5,000 in the basecase. All benefits and costs are undiscounted.
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Uncertainty around assumptions related to the CIS stage had the most impact on screening
schedules. Under CIS case 1, where the CIS dwell time was kept the same but its sensitivity to
mammography screening was set at about half of that in basecase, the starting age to screen shifted towards
older ages, while the end age stayed the same resulting in more uniform time-intervals between screens. Up
until 4 lifetime screens the starting age to screen was age 50, while in the basecase, this varied between 50
under 1 lifetime screen to 45 under 4 lifetime screens. Up until 9 lifetime screens the starting age to screen
was 45, while in the basecase, this varied between 45 under 4 lifetime screens to 40 under 9 lifetime screens.
Results under CIS cases 2, 3, and 4 were alike and, like in Case 1, suggest to initiate screening at an older
age than that in basecase, but unlike Case 1, suggest to also stop screening at an older age than that in
basecase. Cases 2 and 3 assumed a very low average dwell time (3 and 5 months) compared to the basecase
(5.22 years). Case 4 assumed an average dwell time of 2 years and, additionally, assumed 18.9% of cancer
cases initiated directly at local stage as opposed to 0% in basecase, and a mammography sensitivity for CIS
stage at about half of that in basecase. Under CIS cases 2, 3, and 4, the youngest age for screening initiation
was about 50 years up until 6 lifetime screens, and 45 years up until 10 lifetime screens. CIS uncertainty
analysis Case 5 assumed an average dwell time of 15 years for CIS, the proportion of cancers initiating
directly at local stage as 18.9%, and a mammography sensitivity for CIS stage at about half of that in
basecase. Under CIS case 5, the starting age to screen is similar to the basecase but the end age to screen
shifted towards a younger age. Screening was contained between ages 40 to 60 years, suggesting that
cancers developing after age 60 are less likely to progress to invasive cancers within the lifetime of
individuals because of the lengthy average dwell time. Similar shifts in screening intervals were also
observed for the US under CIS Cases 1 to 5. This uncertainty in CIS pathways under Cases 1 to 5, while
had minimal impact on false positives and total costs, had a relatively significant impact on life-years saved
and thus, costs per life-year saved. While the cost per life-year saved for the basecase varied between USD
4,400 and USD 7,500 for lifetime screens between 1 and 15, respectively, it varied between USD 6,800 and

10,800 in CIS Case 1, between USD 11,300 and 14,400 in CIS Case 2, between USD 10,900 and 14,000 in
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CIS Case 3, between USD 9,300 and 12,800 in CIS Case 4, and between USD 6,900 and 11,500 in CIS

Case 5. All benefits and costs are undiscounted.

Discussion and Conclusions

This paper presents a new methodology for parameterization of cancer natural onset and progression for
data-limited settings such as Peru, and application of a MDP model for estimating optimal screening
schedules under different assumptions for value-per-QALY lived to impose constraints on the number of
lifetime screens. Though current literatures present multiple Markov processes-based parameterization
methodologies and MDP models for identifying screening options, most are applied to or derived from
application to populations in HICs. As noted by other researchers in systematic reviews of economic
evidence for informing breast cancer strategies for LMICs, the quality of studies specific to LMICs are poor
due to lack of data availability. (13), (37), (38) Countries thus resort to extrapolating strategies or impacts
of strategies from HICs, which is challenging as multiple factors, including health systems and
infrastructure availability, vary by country. The parameterization methodology used in this paper was

specific to data availabilities in LMIC settings.

Currently, for high resource settings, WHO strongly recommends biennial screening between ages
50 to 69, and conditional biennial screening between ages 40 to 49 and 70 to 75 years. For low resource
settings, it recommends conditional biennial screening between ages 50 to 69 and recommends against
screening between ages 40 to 49 and 70 to 75. (33) The latter because of higher number of false positives
(positive testing of a woman with no cancer) and over diagnosis (treatment of cancers that may not progress)
observed for these ages, requiring resources for careful monitoring and evaluation that maybe unavailable

in low-resource settings. (33)

The results from the model for the US are generally in agreement with above guidelines. In
contrast, under the same number of lifetime screens, the optimal age intervals to screen in Peru are shifted

towards younger ages. Possible reasons are differences in disease risk and other cause mortality. For
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instance, compared to the US, in Peru, incidence rates are lower, pre-screening incidence risk by age

increases at a slower rate, and average life-expectancy is 5 years shorter (Table S3 in Appendix A).

Results for optimal screening schedules under alternative constraints on the number of lifetime
screens, presented here, are especially of interest if resource availabilities and/or population’s compliance
to screening limits the implementation of the recommended 10 or 15 lifetime screens. For instance, Peru
currently has about 55 mammography machines nationally in public hospitals. (31), (32) Our results
indicate that, assuming 100% compliance, this would be sufficient for implementing 2 lifetime screens and,
under this constraint, screening at ages 50 and 56 would provide best outcomes. Results under alternative
number of lifetime screens are helpful for systematically planning health investments. For instance, our
results indicate that implementing 5 lifetime screens will require about 136 machines nationally, i.e.,
addition of infrastructure and human resources for another 81 machines. Further, during investment
planning, decision-makers should additionally consider geographical accessibility to testing centers and
population density in allocation of mammography testing centers. Among the 55 machines currently
available in Peru, 4 (~7.3%) are in urban areas of the northern region, (31), (32) about 9.35 % of women

older than 50 years live in this region. (31)

For the US, the model suggests a minimum of 10 lifetime screens as optimal, the average
undiscounted cost per life-year saved for 10 lifetime screens were lower than scenarios with lower number
of lifetime screens. For Peru, the model suggests that even 1 lifetime screen has benefits that outweigh
costs. However, the paper presents optimal screening schedules under 1 to 18 number of lifetime screens
and the selection of the choice in number of lifetime screens should be based on careful consideration of
associated benefits, harms, and costs. As the number of lifetime screens increased, the number of life-years
saved increased, however, at a slower rate than the number of false positives. These higher rates of false
positives have critical implications for health system resource allocation. False positive findings result in
billions of dollars of added expenditure in the US. (39), (40), (41) In this work, our assumption for follow-up
costs for a false positive were about 13% of a true positive, however, we did not model and consider the
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costs of over diagnosis. Increased number of total tests resulting from over diagnosis can over burden the

system which is especially a problem in countries like Peru where current capacities are already insufficient.

€3]

Sensitivity analysis on the effectiveness of mammography screening suggests that even if the
availability of advanced technology and expertise are limited, the screening intervals do not change.
Uncertainty analysis on CIS pathways, Cases 1 to 5, had the most impact on the age intervals to screen and
on the costs per life-years saved estimates. Interpretation of these results should be done alongside the
mathematical interpretation of the inputs in our model. First, our model estimates onset rates to specifically
fit to incidence rates by age and stage, and for Peru, this represents invasive cancer incidence because about
97% of incident cases were diagnosed in stages local, regional, or distant, and only 3% in CIS. Second, we
do not model CIS cases that regress and only model progressive CIS cases, however, progressive cases may
or may not progress to invasive cancer within the lifetime of the individual, the proportion progressing
dependent on the assumptions for the average CIS dwell time. Third, as the model assigns a QALY of 1 for
all preclinical stages, less than 1 for all clinical stages, and O for deaths (Table S7 in Appendix B), screening
of cases that do not progress to invasive cancer within the lifetime of an individual will contribute negative
benefits while also adding to costs. Finally, in identifying an optimal screening scenario, the MDP model
considers the trade-offs between total costs (screening and treatment) and benefits (QALY's saved) and thus

incorporates the dis-benefits of treating cases that might have never progressed within the lifetime.

Under this mathematical structure, the basecase and CIS Case 1 will both have similar progressions
to invasive cancer. The differences in screening intervals between the two suggests to delay screening if
the technological ability to detect CIS is low. In CIS cases 2 and 3, because of the short dwell times, the
chance of getting diagnosed in CIS were very low resulting in much lower life-years saved as mortality
rates are higher once they progress to invasive cancer. Case 4 creates a similar setting as Cases 2 and 3
because of a combination of short dwell time, low mammography sensitivity, and a fraction of cases starting

directly as invasive cancer. In Case 5, screening after age 60 had little impact because of the lengthy CIS
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average dwell time, suggesting that most cases originating after age 60 would not progress to invasive
cancer within the individual’s lifetime. These results, under the mathematical structure of our model,
suggests that an understanding of the CIS pathways for progressive cancer cases (inclusive of those that do
not progressive within individual’s lifetime) and screening effectiveness in detecting CIS cases are to be
considered in determining the age interval to screen. Under all 5 CIS cases, the differences in screening
intervals between the US and Peru persisted, suggesting that screening guidelines should be evaluated

specific to each population.

The model is subject to limitations. We only considered heterogeneity by age for incidence and did
not consider any other causal factors such as diet, alcohol and tobacco consumption, or genetics. For women
who were diagnosed, we did not explicitly model recurrence of disease, we only applied an average stage-
and-age-specific rate of survival. We assumed that all women diagnosed with the disease receive treatment
and, upon disease onset, its natural progression in preclinical stages only vary by age and stage. We did not
model heterogeneity in cancer subtypes between different populations, or the family history of cancer. We
did not model over-diagnosis of cancers, we only modeled false positives incorporated as costs in the MDP
model. We did not model CIS cases that can regress and are screen detectable due to the unavailability of
data for estimating rates specific to the country, thus our model did not consider the costs and disability
associated with unnecessary treatment of these cases. Uncertainty analysis suggests that CIS pathways and
mammography sensitivity are key factors in informing guidelines and these factors should be studied more
specifically to the country, assessing the availability of human expertise and technological infrastructure
for accurate diagnosis of progressive cancers. This work is suitable for informing national-level
mammography screening guidelines specific to a country and for planning infrastructure scale-ups,
implementation of cancer control programs should be studied separately to consider the broader context of
cancer control interventions. In construction of the model for the US for validation with CISNET results,
we did not consider the full set of data used in the CISNET models such as incidence and mortality that

varied as a function of time, but only used the point estimates publicly available through their publications.
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Despite these limitations, we believe the paper makes several significant contributions. Our
analysis suggests that though current infrastructure is insufficient for implementing current mammography

guidelines, efficient use of current infrastructure can significantly reduce mortalities. The methodologies

oNOYTULT D WN =

10 presented here can help develop efficient mammography intervention programs that are more tailored to
12 the country, including its disease risk, resource availabilities, and preferences. It can help inform an
14 ‘investment case’, a national plan for systematically scaling-up infrastructure and strengthening health
16 systems. Finally, the methodology presented here is a promising option for evaluating interventions in
18 combination for multiple types of cancers, for analysis related to mortality reduction goals pledged by
20 countries under the Sustainable Development Goals. (8) As the number of interventions increases, it is
22 tedious and infeasible to exhaustively evaluate pre-select interventions. This paper demonstrates that the

MDP method of using mathematical concepts to identify an optimal scenario is an effective alternative.
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Life years saved per 1000 women in a screening scenario compared to no screening =
10 (Lscreening—Lbasecase)

basecase /‘
tay
g

False positives per 1000 women in no-screening scenario =

Costs per 1000 women =

103Npp

basecase /
Laug

10%(cscreenNscreens+crpNEP+ cTpNTP+ CIN1+ CTNT)

Lpasecase / g
Cost per LY saved = Cost per 1000 women in s:‘.reening scenario - Cost per 1000 women in no screening
ife years saved per 1000 women
Notation Description
Lscreening | Life years lived in the screening scenario (optimal screening) over a 100-year period

(While the age-specific mortality rates were applied, the maximum life expectancy was
set to 100 years. Therefore, we used a 100-year period to ensure that everyone undergoes
the required number of lifetime screens.)

Lyasecase | Life years lived in the base-case (no screening) over a 100-year period
tavg Average life expectancy in Peru
Lyasecase | An approximation for the average number of women in the simulation
tavy
Cscreen Unit cost of mammography screening 2.54 USD for Peru (24)
Crp Cost per woman for follow-up diagnostic | 72.18 USD for Peru (24)
tests for a false positive case
Crp Cost per woman for follow-up diagnostic | 551.36 USD for Peru (24)
tests for a true positive case
¢ Initial treatment cost per woman Stage Initial, § (Peru) Terminal,
(24) $(Peru)
cr Terminal treatment cost per woman, which In situ 218.01 590
was applied at the final 12 months of life | localized 218.01 590
for women who die of breast cancer. The | Regional 464.58 787
ratio of terminal to initial costs in the US |  Distant 684.84 1053
were used in estimating terminal costs for Note: Cost assumptions for the US model are
Pisrig presented in Appendix B Table S7
Nscreens | Total number of women who were screened over a 100-year period
Ngp Total number of false positives over a 100-year period
Nrp Total number of true positives over a 100-year period
Ny Total number of women diagnosed with breast cancer over a 100-year period

Table 1: Summary of impact metrics estimations and cost assumptions
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Life- QALY Cost | Cost

Number | Age | Numberof | False years per per

: iz ssaved | Total cost | .

of interva | mammogr | positiv | saved life- | QAL

o ; per per 1000 ,

lifetime 1 for aphy units | es per per year Y
. : 1000 women

screenin | screeni needed 1000 1000 women | (USD)** saved | saved
gs ng per year® | women | women e (USD | (USD)

"k )** ww
0 NA I — NA referen | referen 52,644 refere | refere

ce ce nce nce
1 51-51 29 129 19 22 135,788 | 4,376 | 3.825
2 50-56 54 220 31 37 192,122 | 4,499 | 3.805
3 46-57 83 315 44 3l 252,467 | 4,541 | 3,940
4 45-60 109 395 54 62 303,885 | 4,653 | 4,056
5 44-61 136 489 62 W 363,927 | 5,021 | 4,334
6 44-62 163 579 70 80 421,727 | 5,273 | 4,593
7 41-62 197 676 78 89 484359 | 5,535 | 4,877
8 42-63 219 766 84 95 542,360 | 5,830 [ 5,158
9 42-64 243 842 88 101 591,269 | 6,121 | 5,342
10 41-64 278 939 95 107 654,089 | 6,33 5,609
11 42-65 307 978 99 1512 680,196 | 6,339 | 5,627
12 41-66 324 1055 101 115 730,554 | 6,712 | 5,896
13 40-66 353 1132 105 119 780,415 | 6,931 | 6,099
14 41-67 373 1213 107 122 832,693 | 7,290 | 6,412
15 40-67 406 1302 112 129 890,442 | 7,480 | 6,640
16 40-67 435 1389 114 129 946,532 | 7.841 | 6,925
17 40-67 466 1477 117 132 1,003,876 | 8,130 | 7,207
18 40-68 488 1551 119 134 1,051,642 | 8,395 | 7.440

*Calculated as number of screens per year divided by capacity of each mammography machine; Number
of screens per year was calculated by adding the number of people in Peru in 2017 in the ages
corresponding to the screening schedules; Assuming capacity of each mammography machine as 5800
tests per year;

** All benefits. harms. and costs are undiscounted

Table 2: Summary of benefits, harms, and costs under alternative screening schedules for Peru.
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Figure 1: Flow diagram of breast cancer onset and stage progression
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Appendix:

Analysis of mammography screening schedules under varying resource constraints for planning
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A. Two-step Markov process (TSMP) methodology for parametrization of the natural onset and progression
of cancer

Parameterization of a cancer natural history model consists of estimation of three sets of parameters that vary by
age: a) onset rates- the rates of transitioning from healthy to carcinoma in-situ (CIS); b) progression rates- the rates of
transitioning between preclinical disease stages in the absence of diagnosis, and c¢) diagnostic rates- the current rates
of diagnosis in the absence of intervention. Though there are multiple mathematical models presented in the literature
for parameterization of natural history models, most are applied to HICs and are based on the use of longitudinal data
from cancer registries (1), (2), (3), (4) or population-based screening studies. (5), (6) The pre- and post- screening data
provide references for the estimation process. Data that are usually available for most LMICs are only the nationally
representative annual rates of cancer incidence and mortality, i.e., the numbers of newly diagnosed cases of cancers
and deaths per 1000 women, estimated through the Global Cancer Observatory. (7), (8) There are usually no data on
how people are diagnosed, which could vary according to population-specific parameters, such as population’s
awareness and knowledge in recognizing symptoms and access to health care, in addition to disease-specific
parameters such as occurrence of symptoms. Therefore, in this study, we used a new two-step Markov process
methodology developed specifically for parameterization of cancer progression models in LMICs where longitudinal
cancer registry databases are not available. (9)

The TSMP method uses as inputs, country-specific incidence estimates by age, which are publicly available
through Global Cancer Observatory, and country-specific stage at diagnosis distributions, which were obtained from
studies in the literature. Among the three sets of parameters needed for the model (discussed above), we assumed that
the second sets of rates, progression rates, are disease-specific and do not vary by country, and used estimates from
models applied to high-income countries that were presented in the literature (see Table S3). We then estimated onset
rates and diagnostic rates specific to Peru using the TSMP method. Technical details of the theory and proofs of the
TSMP are presented in (9) and its application for the cost-effectiveness analysis of the ‘Best Buy’ interventions, for
breast cancer, cervical cancer, and colorectal cancer for updating the Appendix 3 of the NCD Global Action Plan (10)
(11) are presented in (12). In these previous work, the model in (9) was applied to sub-Saharan Africa and Southeast
Asia regions using data from 2008 to 2012, when there was not much screening in these regions. However, in the case
of Peru, certain populations underwent screening prior to 2012. Therefore, we modified the model in (9) to consider
this difference, which we discuss here. For completeness, we first present the earlier version of the model formulation
before discussing the modifications specific to Peru.

A.1. Overview of the two-step Markov process method for parametrization of natural history model
specific to LMICs

The TSMP divides the estimation of population-specific onset rates of disease and diagnostic rates into two
steps, each defined by a Markov process model but with different state spaces. In the first step, we define the disease
onset and progression as a discrete-time Markov process X = {Xst = 0,Q,P} with a collapsed state space Q& = {[H,
1[Ua),[D4]} representing age a and health states H, =healthy, U,= undiagnosed, and D,= diagnosed, without
differentiating between disease stages; and PP is the transition probability matrix. We assume that IP is heterogeneous
by age, i.e., the probabilities for disease onset, diagnosis, and stage progression were modeled as a function of age.
Therefore, the size of the state space is 300, 3 health states time 100 ages. We estimate age-specific onset rates using
an iterative analytical model derived using the Markov chain.

In the second step, we estimated diagnostic rates in each stage of cancer, i.e., transition rates from preclinical to
clinical states (d;q), by using a simulation-based optimization of the Markov process ¥ = {Y;t = 0,Z,Q}, with state
space Z = {[H..[U i,a],[Di,a]}, which is an expansion of the state space in equation (1) to include stage i€
{0=CIS, 1 =Local, 2 = Regional, and 3 = Distant} and age a; and rate matrix Q, which corresponds to the flow
diagram in Figure S1.

We discuss each of these steps below.

2
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A.1.1. Estimation of disease onset rates

We use a two-step Markov process for estimation of disease onset rates and diagnostic rates. In this first step,
for estimation of the onset rates, we define disease onset and progression as a discrete-time Markov process,

X ={X;t>00P} (1)

with a collapsed state space Q = {[H,],[Uq],[Dq]} representing age a and health states H, =healthy, U,=
Undiagnosed, and D= diagnosed, (see Figure S1 for a flow diagram, and Table S1 for a list of notations), without

differentiating between disease stages; and [P is the transition probability matrix. Then, using steady state Markov
properties we can write

7Tk=27Tijk ;OSﬂkgl;anzl (2)

Jjeq, keQ

where, Pj are the probabilities of transitioning from state j to state k, i.e., elements of the matrix IP, and 7y are the
elements of the steady-state distribution vector 7. Our prime element of interest in this Markov process is Py y,, the
risk or probability of developing the disease in age a, i.e., an element of P representing the probability of transitioning
from H, to U,. 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 a@ can be written as 0,
= —In(1—Pyy,). Based on the above structure of the Markov process we derived an analytical expression for
estimation of Py y, as

e T A D e R | (| )

Aa[Zl.s[(l —e AE)] (e 7”“) —Ip,a

©)

Pyu, =

and developed an iterative process for estimation of Py _y, starting with the lowest age. We present the notations and
the iterative process for estimating of Py y and eventually 6, in Tables S1 and S2, respectively. The details of the
derivation are presented elsewhere. (9)

Healthy

Figure S1: Flow diagram for the collapsed state space in the Markov process used for parameterization of
disease progression

3
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Table S1: Summary of notations for estimation of onset rate using algorithm in Table S2

Notation

Description

Model 1: X =
{Xst>0, QP 7}

X is a Markov process with state space £, its underlying discrete time Markov
chain given by the one-step transition probability matrix P and steady-state
distribution vector .

[Hal,[Ual,[Dal

Age-vectors representing states of healthy, pre-clinical disease (i.e., undiagnosed
cancer state), and clinical disease (i.e., diagnosed cancer state), respectively, for
age a

Element of vector T representing steady-state probability for state j

Element of the matrix IP representing one-step probability of transitioning from
state jto k

Py y, is the risk of developing disease at age a, and is defined as the one-step
probability of transitioning from healthy to preclinical disease (Hg to Ug); 8, is

the rate of disease onset per person-year among persons in age a (used in Model
2)

T is a random variable denoting the time taken to transition to clinical disease
state from the time of disease onset (sojourn time); T~hyperexponential

T . o . .
(A1, S1,eA4) 54 ), S; is the probability that T will take the form of the exponential
distribution with rate 4;
S is a random variable denoting time of natural survival past the age at disease
S onset (i.e., the person does not die from any other disease during this time)
; S~exponential(uy)
I Cancer incidence, defined as the number of new cases of cancer diagnoses in
- age a each year divided by the number of people in age a
Cq The proportion of the total population in age a
A Among persons in age group a, the proportion in healthy state or pre-clinical
“ disease states
Dia Rate of progression from disease stage i to [ + 1 (also used in Model 2)
Uqg Disease-free mortality rate at age a
Model 2: Y = Y is a continuous time Markov process with state space Z, generator matrix Q,

{Yt;t 2 OJZIQP P}

and steady state distribution vector p.

[Ha]'[Ui,a]' [Di,a]

Age-vector representing states of healthy, pre-clinical disease (i.e., undiagnosed
cancer state), and clinical disease (i.e., diagnosed cancer state), respectively, at
age a and cancer stage i

9a = — ln(l — PHaUa)

Rate of disease onset in age a; (see Model 1 for Py y,)

Diagnostic rates, defined as the rates of transitioning from pre-clinical stage i to

dia clinical-stage I per person-year for persons in age @
Dia Rate of progression from disease stage i to i + 1 (also used in Model 1)
Ha Disease-free mortality rate at age a
Hia Mortality rates when not on treatment and at disease stage i and age a
Bia Mortality rates on treatment and at disease stage B and age

Iy Cancer incidence by age a

S Proportion diagnosed in stage I in screening-naive population

4
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Table S2: Overview of the algorithm for computing age-specific onset rate of cancer

Initialize my, = Ao; Ty, = 0; and Ph,y, = 0; Set a = 1, the youngest age-group of cancer onset (we assumed age
15 for breast cancer).

Step 1: Calculate in-situ onset rate

IpCa— ZZ;;(”HkPHkUk[ZiSi(l —e” " k)li) - Zisi(l —e” 7! _k)/li)](nj =la+ 1e_uj))

Puy, =
aa _/11' — Ha
Aa[ZiSi(l —e )](6 . ) - IDaCa
Where.
1 i 1 . . . 1 i 1
L= 2 i = 09y if pj are a function of age at disease onset then 7~ = 2 i = 0P

Then, disease onset rate at age a is estimated as
ga = —ln (1 — PHaUa)

Step 2: Calculate prevalence of healthy state:

Aa— 24 o(w, Py P(T = a— K)P(S = a—k))
T[Ha - 1+ PHaUa ’

PTza-kPS2a—k)= Y s(1—e @170 [Te»

i j=ka
Where,
1 1

i1 . . 1 i
L= Z]. —opy if pj are a function of age at disease onset then 7~ = 2 i = 0Py

Step 3: Increment a by 1; if a is less than the maximum age goes to step 1, else stop.

A.1.2. Estimation of diagnostic rates

In the second step of the two-step Markov process, for estimation of diagnostic rates, we reformulate the
discrete-time Markov process X, in previous section that defined disease onset and progression, into a continuous-
time discrete-state Markov process ¥ = {Y;t > 0,Z,Q}, with more granular discretization of the state space as Z =
{[H) (U o). [D; o]}, for stage i € {0 = CIS,1 = Local, 2 = Regional, and 3 = Distant} and age a, and rate matrix Q.
We estimated diagnostic rates in each stage of cancer, i.e., transition rates from preclinical to clinical states (d;g), by
using a simulation-based optimization of the Markov process Y.

The objective of the simulation-based optimization model is to minimize the sum of square errors between
the simulated cancer incidence (I5) and the GLOBOCAN predicted incidence (I5). (13) The details of the model are
presented in (9), which were applied to sub-Saharan Africa and Southeast Asia regions using data from 2008 to 2012,
when there was not much screening in these regions. However, in the case of Peru, certain populations underwent
screening prior to 2012. Therefore, we modified the model in (9) to consider this difference, which we disucss here.
For completeness, we first present the earlier version of the model formulation before discussing the modifications
specific to Peru. The objective function was formulated as

Minimizeq, 3, (Io — 1o)", dia = 0, Via )

5
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As the analytical form of I, are unknown, we used a numerical optimization solution method where the
objective function value can be evaluated numerically through simulation at any specific values of the decision
parameters d; q = 0, Vi,a. Here, for any specific d; 4 values, we simulated the Markov Process Y over time t using p¢ + 1
= p: + pQAt until it reached state steady, i.e.,

p=p+pQAt 5)

where p is a vector of state distribution at steady state and Q is the rate matrix. We estimated /4 using I, = > PUig dig,

where py; 4 is the steady state value for state U;q (denoting the prevalence in pre-clinical cancer stage i at age ),
which can be estimated by expansion of equation (5) as

PUia = PUia T PU 10 Ai-ta— PUia—1Aia + dia + Hia) 6)

In the previously presented model in (9), because of the assumption that diagnosis occurs only based on
symptoms and that the probability of showing symptoms are higher in advanced disease stages, i.e., d;q > d; _ 14, the
distribution of the stage at diagnosis was a good approximation for the ratio of stage-specific diagnostic rates. That is,
di,a i

= ]L.: oSj» Where s; is the proportion diagnosed in stage j, and d;q is the diagnostic rate at state { and age a.
Therefore, for the terms in the objective function in equation (4) we could write

([_a - Ia)z = (Z,-,Dui_a di,a - Ia)z = (Zipui,a (d3,a2}i-= 051') - Iﬂt)2 ~ f(dS,a) @)

That is, the only unknown values in the objective function in equation (4) were the diagnostic rates in the last
stage of cancer (d3,4), as the steady state values in the pre-clinical states, py; 4, are estimated numerically from the
simulation of the Markov model in equation (5) as discussed above. The resulting objective function was

Minimize d3}aza(zi,0U[,a (d3,azji' = osj) - Ia)z ®

and the decision variables d3,Va were solved iteratively for each a. However, in the case of Peru, certain populations
have undergone screening based on recommendations prior to 2012 (the latest incidence data available at the time of
this work was for year 2012), and thus, the assumption d;4 > d;_ 1,4 does not hold. Therefore, we modified the
objective function in equation (7) to

Minimize 4,102, (Pi 0 (dia) — 1a)’, dia 2 0 Via ©)

that is, the number of decision variables (the unknown values) now increase to include diagnostic rates d;, for each
stage i and age a, as the actual rates of screening currently occurring in the population are unknown. This creates
many decision variables. As the number of decision variables increases, ascertaining the convergence of a solution
algorithm to the global optima becomes more challenging. We address this by showing below that the optimization
problem in equation (9) is separable both on i and a and thus equation (9) can be converted to ia number of sub-
problems. Each sub-problem can then be solved separately but iteratively for d; g, iterating over each i and a (see
below). We further test for the convexity of each sub-problem (see Appendix C).

Remark 1: We can rewrite equation (9) as,
Minimize q,,(py; o (dia) — 1a)°, dig = 0 (10)
for each combination of i,a pair thus generating i@ number of sub-problems. Each function can then be solved

separately for d; 4 but iteratively over age a starting from the youngest age and, within each age, iteratively over cancer
state [ starting with the earliest disease state.

6
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Proof:

Using the expression for py; ., from the expansion of the Markov process in equation (6) discussed above,
and multiplying by d; , we can write

pUi,a di,a = [pUi,a + pUi_l,a_lli— la— Pui,a_ 1 (Ai,a + di,a + #i,a)]di,a (1 1)

In equation (8), for i = 0 (the in-situ stage) A; —14—1 = 84— 1 the cancer onset rate, and for all other values
of i (i.e., local, regional, and distant stages) A; _ 1,41 are the progression rates (see Figure S1); and [;q—1 are the
mortality rates. Values for 4; 14— 1 and U;q — 1 are known. When i = 0 (the in-situ stage) PU;_1._1 = PH,_,denoting
the steady state value in healthy (i.e., prevalence of healthy stage), and under all other values of i, py,_,,_, are the
steady state values in the pre-clinical states (i.e., prevalence of pre-clinical cancer stages). For any given i,a pair, from
Remark 2 and its proof below, the steady state values for py,,_, and py,_,,_,, and solution to d;q—1are known.
Therefore, for any value of d; 4, the steady state value for Pu,, can be calculated through simulation of the Markov
process in equation (5). As such, the only unknown value in equation (11) will then be d; 4.

This completes the proof.

Remark 2: If we iteratively solve for d;, using equation (11) by iterating over a and, within each a, iterate over i,
then, for any given i,a pair, the steady state values for py,,_, and py,_,,_,, and the solution to d;q—1are known. Thus,
the only unknown term in equation (11) is d;4

Proof:
We prove this by applying mathematical induction on equation (11)
Fori=0,a=1,
puo1dor = [pugs + PHb1— Pugo (Roe + doa + Hua)ldos (12)
Then, the only unknown value is do1 because pygo = 0 and ppy, is the actual prevalence of healthy persons
in age 0 (obtained from population demographics) as the first age for disease risk is 1, and all other parameters are
known as discussed in proof of Remark 1.
Assuming the proof holds fori =m,a =1,

for = m+1,a=1

PUm+119m+11= [oUm + 11+ PULAm1 = Pum 410 Am+ 11+ dms 1,1 + B+ 10 ]dm + 11

(13)

Then, the only unknown parameter is dy, + 1,1 as PUpo = 0 and py,, + 10 = 0 as the first age of disease risk
is 1.

For =0,a=2
Puo2doz = [puoz + P02 — pugs Miz + diz + 1i2)]do (14)

Then, the only unknown parameter is do2 because py, = pu, — Pu,(01 + pu1) can be estimated through
steady state simulation of equation (5) and pyq; was estimated previously under =0,a=1.

Assuming the proof holds fori=m+ 1, a=2,

7
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PUm+12dm+12= [PUm +12  PULAM2 — PUm + 11 Ams12+ dm+12 + tm+ 1,2)]dm +1.2

(15)

Then, the only unknown parameter is dm + 1,2 as Pu,,, and Py, 4+ 11 were estimated above under =m ,
a=1landi=m+1,a=1, respectively

Finally, assuming the proof holds for any i and a =k,
foranyi,anda=k+1

PUikc+19ije+1=Puis1 + Pu_ izt 1— Pugk Aok +1+ diger1 + Hige+ D] dije+1

(16)

Then, the only unknown parameter is d; + 1 as Py, _ .« and py;, were estimated above under any i and
a = k. This completes the proof.

A.2. Test for convexity of the optimization model for estimation of diagnostic rates

To check for the convergence of the solution to global optima we test for the convexity of the objective functions.

Specifically, we test for the commonly used convexity test, a function f(x) that is twice differentiable on x is
convex if it is positive semi-definite, i.e., the second derivative f "(x) = 0atall points of x. However, we do not know
the analytical form of I; 4 to calculate the second derivative of the objective function (Tl-,a —1 i_a)z. Therefore, for each
combination of cancer stage (i) and age () pair, we empirically generated the function for I;, by estimation at
multiple points of d; 4. See Figure S1 and Figure S2 for results on In-situ and Local stages of cancer and at multiple

Page 40 of 65

age groups.
Age group 11-14 Age group 21-24
0.00003 0.008
0.00002 - 0:008
A= 4E-06x - 3E-06 0.004
0.00001 R?=0.991 oz
0 0
0 07 04 06 0B 1 12 0 027 04 06 08 1
Age group 30-39 Age group 50-59
0.03 0.1
= 0.08
0.02 0.06 -
- - ¥=0.045 1In{x) + 0.007
0.02 R*=0.9655
0 0
0 02 04 06 08 1 12 0 0z 04 06 08 1

Figure S2: Incidence vs diagnostic rate for specific age-group and In-situ stage of cancer
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1
2
3
4 Age group 11-14 Age group 21-24
Z 0.000005 0.0014
7 0.000004 0.0012

0.001
8 0.000003 0.0008
9 0.000002 0.0006
10 0.0004
i 0.000001 0.0002
12 0 0
03 0 02 04 06 08 1 12 0 02 04 06 08 1 12
14
15 Age group 30-39 Age group 50-59
16
17 0.006 0.012
18 0.005 0.01
19 0.004 0.008
20 0.003 0.006
21 0.002 0.004
22 0.001 0.002
23 0 0
24 0 02 04 06 08 1 1.2 0 02 04 06 08 1 1.2
25
26 Figure S3: Incidence vs diagnostic rate for specific age-group and local stage of cancer
27 _
28 From the above empirical results, for any given cancer stage and age, the simulated incidence /; 4 is
29 approximately a linear or a logarithmic function of diagnostic rates d;g, i.e.,
30 - -
31 Iig~cln (dl-,a) +b or I;4~cd; 4 +b for some constants ¢ and b.
32 o
33 Writing X = d; 4,
34 _ 7 2
35 If I;,~c In (x) +b , the second derivative of the objective function (I, — I;4)“on x is
3 & 2(I;0—b—cln (x) +¢)

ia—b—cln(x)+c

37 f'o)=sln()+b—I)=—"—5———>0asl>b (17)
38 X X
39 . o .. . (7 2 .
40 And if T;g~cx + b, the second derivative of the objective function (I;q — ;) on x is
41 &
42 f'@) = z(cx +b—1,0)% = 2¢(c) > 0 (18)
43
44 thus, indicating that the objective function (T;q — I;0)° i
45 us, indicating that the objective function ([;q — 1;4)" 18 convex.
46
47
48 A.3. Data assumptions for parameterization of cancer onset and progression for Peru
49
50
51 Table S3 presents data specific to the US and Peru that were used for constructing cancer onset and progression
52 models specific to these countries using the two-step Markov process methodology discussed above in A.1
53
54
55
56
57
58 9
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Table S3: Region specific input data for parameterization

over age)
In-situ (Ho,)

Local (#1,)
Regional (i2,)
Distant(i3,)

0.08
0.14
0.23
0.50

10

over age)

In-situ (fo,) 0.01

Local (f1,) 0.02

Regional (fiz,) 0.08

Distant (%3,) 0.27

Note: Here ‘.” denotes the age
REGION-SPECIFIC DATA
Pre-screening incidence per 1000 women per year (I,)
Age group Peru UsS
0-14 0.00
15-19 0.00 0.00
20-24 0.01

25-29 0.05 0.09
30-34 0.14 0.26
35-39 0.36 0.58
40-44 0.70 1.09
45-49 0.91 1.72
50-54 1.05 1.97
55-59 1.38 2.21
60-64 1.38 2.60
65-69 1.52 2.84
70-74 1.52 3.06
75-79 1.56 3.33

http://mc.manuscriptcentral.com/mdm

Parameters Value Reference
GENERAL PROGRESSION PARAMETERS (14) (15) (16)
Progression rates (average over age)
In-situ to Local (po,.) 0.19
Local to Regional (p1,.) 0.33
Regional to Distant (p2, ) 0.43
Distant to Death (p3, ) 0.50

Annual mortality rate (per woman vear) without treatment by stage at diagnosis (average

Annual mortality rate (per woman vear) with treatment by stage at diagnosis (average

(17) (18)
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80-84 2.16 343
85+ 2.14
Distribution of stage at diagnosis in base-case (18) 8?; (20)
Stage Peru UsS
In-Situ (sg) 3% 4.70%
Local (s1) 43%  48.30%
Regional (s2) 45%  39.50%
Distant (S3) 9% 7.50%
11
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B. Markov decision process (MDP) to identify optimal screening schedules for mammography
B.1. Formulation of the problem of identifying optimal screening schedule as a MDP model

The parameterized cancer onset and progression model from section A was used in a Markov decision process model
to identify an optimal screening schedule. Specifically, we formulated the problem as a finite-state, finite-horizon and
discrete-time MDP defined by a 6-tuple {Y.,Ds Z, S, Ps, Rs}, where t ={1,2, 3....,100} are the decision-making
stages; here, stages represent individual ages, i.e., t = a, therefore, for convenience, we will use ‘age’ to refer to the
normally used terminology of ‘stage’ in MDP models, replacing t with a,

Y ,€ Z is the disease state at age a, defined over the state space Z = {[H,].lU i_a],[Di,a],M}, where [H,),[U i,a],
[Didl are healthy, preclinical, and clinical states in discase stage i€
{0=CIS,1 = Local, 2 = Regional, and 3 = Distant} and age a, as in the Markov process model in the previous
section, and M denotes a mortality state,

S is the action space which is a set of possible decision choices, here we have 2 possible choices, i.e.,
S ={Screen(1), Do not Screen(0)}

D€ S is the decision taken at age a (choosing from set S),

[P, is the transition probability matrix corresponding to action S, specifically, each element p(i'a,s,j) of the
matrix IPs represents the probability of transitioning from state i’ to state j if the person is at age a and action s is taken,
and

R; is the immediate reward matrix corresponding to action s, specifically, each element r(i',a,S,j) of matrix
R, represents the immediate reward of taking action S when the person is in state i’ at age a and as a result the person
transitions to state j.

The problem is then to solve for the optimal values of D,. Use of MDP in this context has been studied before,
(22) so we do not discuss further details of the methodology here. We only show the formulation of the problem in
the context of identifying optimal screening schedules for mammography considering costs of screening and monetary
value per quality-adjusted life-year lived.

The above MDP was solved using dynamic programming, which is formulated as follows.

Let V(i',a,5) be the value of choosing action S when the system is in state i’ at age a,

pr
v(i'as) = Z (—L) Zp(i’,a,s,j)r(i',a, s,j) + Zp(i',a,s,j)]* (ia+1)
i'ekzmekpm jE€Z j€Z
(19)
VseSVI €k={[HgU;ql}
where,
Clr N g (20)
J*(ta) = ras*((a)) + ) p(as ((,a)]" ({a+1)
j€z
Then, the optimal decision s * (i',a) at age a and disease state {'can be written as
e (1) < [aramasses V() if €= k= (H Uyl
S Do nothing,if i' €{[D;.],M} (21)

12
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Note that, with the above equations, all states in = {[Hg],[U; 4]}, will have the same optimal action because,
in the absence of diagnosis, we cannot distinguish between persons in preclinical cancer states [U;4] from healthy
state [Hg]. For persons in states[D; ] and M, i.e., for persons in clinical cancer states and deaths, respectively, the
action is to do nothing.

Transition probabilities, p(i,a,s,j), are estimated using the parameterized model from section A. The specific
equations are presented in Tables S4, S5, and S6. Immediate rewards incorporate the costs and benefits of screening
as follows.

0, if j is mortality
rv.q; + cq + cifi' € [U;q] and j € [Dy 4]
Ty-q; + coifi € [Dig] and je M
T1y.qj otherwise

r(i',a,s =no screening,j) = , and 22)

0if j is mortality
Tvg; + ca + ¢ if i €[Usal and j € {[D;4]}

r(i,a,s = screening,j) = rivd; + Coifi € [Di,a] andje M (23)
T1y.q; + Cs otherwise
where,
Cs=— ({mammograph)/acmammogram + (1 y Zmammographya) (Cmammog‘ram + C—diagnosis))’
Ca= — (Cmammogram + C+diagnosis)7
riy = value-per-QALY lived,
1if j=H,
g;= QALY associated with state j, q; = 0ifj=M (24)

0<gj<1 otherwise’
Cmammography, 1s the specificity of mammography at age a,
Cmammogram 18 the unit cost of mammography per person,
€ _diagnosis 15 the cost of follow-up diagnostic tests for a false positive (per person)
€ t+diagnosis 15 the cost of follow-up diagnostic tests for a true positive (per person)
¢; is the initial treatment cost per person,

C¢ is terminal treatment cost per person, which was applied at the final year of life for women who die from
breast cancer.

Table S4: Notation used in transition probability matrix

Bia Onset rate of breast cancer
Ai,a Dwell rate for cancer stage i and age a
dig Diagnostic rate of cancer in stage i and age a
Ha Natural mortality rate at age a
Hia Diseased mortality in cancer stage i and age a
13

http://mc.manuscriptcentral.com/mdm



Page 46 of 65

Medical Decision Making

v:lm

=]

=

=

3

m ! 0 0 0 0 0 0 0 0 0

2

I |Eaen-2=T  (redsen)-d 0 0 0 0 0 0 0 0

=

S

5 |owen-a-1 0 (ver4on)-2 0 0 0 0 0 0 0

<

1]

m @wyor)-2 = 1 0 0 (rr4o)-0 0 0 0 0 0 0

=

m (vuson)-2 =T 0 0 0 (vog4)-2 0 0 0 0 0

P 1+

mv epeon)-2— 1 hﬁ 7t uv 2.8 0 0 0 h - 2.8 0 0 0 0

..m P I

= +=- +u.~ +=- +a.m +u.m ._-a.m

S| wmo-1 0 AEV .2 0 0 Aﬁ M ﬁv .2 AH : ﬁv .9 0 0 0

M.. P {d 1

.m H+ H_J.w+a.~ﬁ ._._Tuﬁ@._- qﬁﬁ ._”._- e_ﬁ@.*u.aﬁ

.M v 8= 0 0 A% o9 0 0 7y -8 ! v 0 0

= i e +"4 4" "

= -1 0 0 0 A%v 2.2 0 0 Aﬁ H__@ J .9 Aﬁ i J wad 0

i P ;| I

@ 1+7% 1479

= | =m2-1 0 0 0 0 0 0 0 o | #i?

& 0 !

=

O AN N<TNONOVOAAO AN NTULMLONODOINO— A NMTNONOANO —ANMSTWNONOOO —AN

— AN MNITNMONOODNr— A ANANANANANANANANANOMOMOMOOM OO NN NN T TITTTTTSTTTTND NN

14
http://mc.manuscriptcentral.com/mdm

53
54
55
56
57
58
59
60



Medical Decision Making

Page 47 of 65

on
£
pnv -
gr 1 0 0 0 0 0 0 0 0 0
a
I |esgeon-2=T1  oegyen-2 0 0 0 0 0 0 0 0
(=]
S | a2 -1 0 (ul4vi)-2 0 0 0 0 0 0 0
1]
S |ergen-2-1 0 0 o) 0 0 0 0 0 0
<
m (vogo)-9 = 1 0 0 0 (Vo) 0 0 0 0 0
s+ s+7%
E | reperiy-a-1 A - -T-m 0 0 0 A =42 0 0 0 0
..m P 3
= s+ 3.« I u_mm_ st E.,w 1 a.mm. St 3__.\ 1 a.mm
m md=1 0 A:m. o2 0 0 = R .w. .2 0 0 0
g o7 'y 'Y 1. " o'
S s+7+"p ik ! S+7+7p
.m 5-0-1 0 0 Aq|€v ) 0 0 ﬁu|;v 0.2 Aﬁvi 0 0
-] " ” o " " "
S m+=_u +ao m+= +ua m+___ +__c
= w1 0 0 0 Aiv 03 0 0 Akv 0y Akv 0y 0
< 14 Y §
1+° 1+7
=| wo-1 0 0 0 0 0 0 0 ﬁ = di ﬁ dﬁ
= L [ 1
=
O — AN NN ONOVDAOANO — A MSTWNMUOUNOAANO — AN MNMSTITULONODODINO —AMSSW!MUONOONNO —NMS N
— NN TN OMNOODNrEm e~ —c——c— A ANANANANANANANANANMOMOO OO NN NN TSI TTSTTITTETTONDWNMWNDWBD DN LWN

15
http://mc.manuscriptcentral.com/mdm




oNOYTULT D WN =

Medical Decision Making Page 48 of 65

Where,
dija = (1 = Nmammography) dia + Nmammography — Mmammography(1 — Nmammography) dia
Aia = (1 = Nmammography)dia
s = (1 — Nimammography)
B.2. Data assumptions used for the MDP model

Country-specific data related to the natural cancer progression, specifically the transition probability matrices in
Tables S5 and S6, are the same data used in the two-step Markov process methodology and are listed in Table S3.
Data related to mammography (film) screening are presented in Table S7. We assumed the use of film
mammography in Peru as the availability of digital mammography is limited in developing countries (23). We used
data f from the Breast Cancer Surveillance Consortium (BCSC) presented in (24). Further, as mammography
sensitivity and specificity varied by breast density, we used weighted average values, weighted by the proportion of
persons presenting with the different breast density as reported in the BCSC.

Table S7: Parameters specific to screen-film mammography

Parameter name Assumption (25) (26) (24) (27)
Cmammography (Specificity of film mammogram) for Age Initial Annual  Biennial  Triennial
Peru and US (24), (27) <29 0.83000 0.83000  0.83000  0.83000

30-34  0.85800  0.85800  0.85800  0.85800
35-39  0.87500 0.87500  0.87500  0.87500
40-49  0.85356 091812  0.90472  0.89606
50-59  0.85576  0.91974  0.90498  0.90013
60-69  0.86576  0.92974  0.91459  0.91013
70-79  0.88384  0.93602  0.92127  0.91974
Nmammography (Sensitivity of film mammogram) for Age Initial Annual Biennial Triennial
Peru and US (24), (27) <29 0.66700  0.66700  0.66700  0.66700
30-34  0.81500  0.81500  0.81500  0.81500
3539 0.76100  0.76100  0.76100  0.76100
40-49 087158 0.75644 08173  0.83026
50-59  0.88126  0.77184  0.82155  0.83783
60-69  0.90754  0.80298  0.85269  0.86897
70-79 092611  0.84373  0.88126  0.8964

Cmammography (Specificity of film mammogram) for Age Specificity

US validation (28) <40 0.906
40-44 0.906
45-49 0.904
50-54 0.916
55-59 0.922
60-64 0.925
65-69 0.93
70-74 0.937
75-89 0.942

16
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1

2

i Umammggra?hy (Sensitivity otj ﬁlm mamm(?gram) for Age Sensitivity

. US validation and Peru sensitivity analysis (28), (29) <40 0.55

6 40-44 0.645

7 45-49 0.701

8 50-54 0.744

9 55-59 0.744

1? 60-64  0.744

19 65-69 0.744

13 70-74 0.798

14 75-89 0.807

15 Cmammography (Specificity of film mammogram) for Age Specificity

1? Peru sensitivity analysis (28) <40 0841

18 40-44 0.841

19 45-49 0.823

20 50-54 0.816

21 55-59 0.84

22 60-64 0.856

23

24 65-69 0.86

25 70-74 0.869

26 75-89 0.88

27 Cscreen (Screening cost) for Peru (12) 2.45USD

;g Cscreen (Screening cost) for US (24) 81.35 USD

30 Cdiagnosis (Cost of follow-up tests if diagnosed) for True positive, $ False positive, $
31 Peru (12) 551.36 72.18

32 Cdiagnosis (Cost of follow-up tests if diagnosed) for US Age group True positive, $ False positive, $
33 (24) 4049 2187.89 229.1612
g;‘ 50-64 2053.74 271.6121
36 65-74 2065.13 272.353
37 >75 1741.3 280.5171
38 Ctreatment (Cost of treatment by stage at diagnosis) for Stage Initial, $ Terminal, $
39 US (24) In situ 13055 35335
;‘? localized 13055 35335
42 Regional 24682 41825
43 Distant 38119 58665
44 Ctreatment (Cost of treatment by stage at diagnosis) for Stage Initial, $ Terminal, $
45 Peru (12) for initial cost; proportion of terminal to )

46 initial cost for US used in calculation of terminal cost In situ 218.01 590

47 for Peru localized 218.01 590

48 Regional 464.58 787

49 Distant 684.84 1053
2(1) q;= quality-adjusted life-years associated with state j q= .[1 ,1,1,1,1,0.992,0.992,0.971, 0.46, 0]

- corresponding to stage [HaUin — sitwUiocat Uregionat Udistant
53 Din — sitw

54 Dlocal: Dregional: Ddistantr M]

55

56

57
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C. Model verification on the US population

C.1. Verifying parameterization of natural history model for the US

We verified that our model outputs match data or results observed in the CISNET study models, specifically the
cumulative risk by age of cancer onset, and incidence of cancers by age and stage at diagnosis.

Table S8: Cumulative probability of onset of cancer by age

In- Situ (Fstimated)

18

Age US Study (2) Estimations from our model
20 0.000 0.001
25 0.002 0.003
30 0.005 0.007
35 0.021 0.019
40 0.046 0.046
45 0.105 0.099
50 0.169 0.172
55 0.233 0.258
60 0.328 0.354
65 0.436 0.457
70 0.563 0.563
75 0.707 0.670
80 0.852 0.799
85 1.000 1.000
. 1s0c04 c 1.80E-03
2 1.60€-04 £ 1.60E-:03
g 140604 g 1.40E-03
8 1.20E-04 g 120803
= 100604 ~ 1.00E-03
§ 8.00E-05 G 8.00E-04
9 6.00E-05 g 6.00E-04
é 4.00E-05 S 4.00e-04
'S 2.00€-05 2 2.00E-04
~ 000E+00 H = H 0.00E+00 —E—=—N
15-1920-24 25-29 30-39 40-49 50-59 60-69 70-7980-100 15-19 20-24 25-29 30-39 40-49 50-59 60-69 70-7980-100
Age groups Age groups
M In-Situ (Actual) M Local (Actual) Local (Estimated)
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18 Figure S4: Comparison of estimated versus actual incidence by age and stage at diagnosis for US
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C.2. Model validation on the US population

Results and analysis from our model related to mammography screening were compared with results from the
CISNET study. Details of the analysis related to Figures S5, S6, and S7, and Table S8 are discussed in the main paper,
under Validation section. All metrics are undiscounted.
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Figure S5: Model validation on the US population: Comparing benefits (life years saved per 1000 women) and
harms (false positives) between our model (UMass) and CISNET model estimations. The x-axis presents the
different screening strategies, biennial (B) or annual (A), and ages to screen. CISNET model group
abbreviations: D = Dana-Farber Cancer Institute; E = Erasmus Medical Center; G = Georgetown University;
M = M.D. Anderson Cancer Center; S = Stanford University; W = University of Wisconsin/Harvard.
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Figure S6: Comparing efficiency frontiers from our model with 3 CISNET models for pre-selected scenarios
evaluated in the CISNET study for the US population. All metrics are undiscounted.

Figure legend: In the CISNET study, the screening schedules with red full circles were categorized as efficient (non-
dominated in at least 5 CISNET models), scenarios in green diamond were categorized as borderline (dominated in
2-4 models), and the scenarios in blue “cross” were categorized as inefficient (dominated in all the models); Model
Group Abbreviations: D (Dana Farber Cancer Center), E (Erasmus Medical Center), G (Georgetown U); B= biennial
screening, A=annual screening
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scheduled generated by the model for the US population. All metrics are undiscounted.
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Table S9: Benefits, harms, and costs under alternative screening schedules for the US.

False Life-

Number - Age positives years QALYs | Total cost per C.ost per | Cost per

e interval saved 1000 women | life-year | QALY
of lifetime per saved .

screenings for 1000 per 1000 per 1000 | (undiscounted) saved saved
screening women women women (USD) (USD) (USD)

0 NA NA reference | reference 3,730,421 reference | reference
5 (B60-69) 60-69 388 49 69.23491 4,618,171 18,254 12,830
8 (B55-69) 55-69 636 85 114.9399 5,227,876 17,630 13,028
10 47-68 841 132 167.7138 5,710,988 15,099 11,806
11 45-68 931 142 180.5029 5,963,972 15,775 12,374
12 44-68 1022 152 190.8303 6,225,760 16,424 13,072
13 43-68 1097 158 197.9314 6,443,835 17,220 13,705
14 41-68 1190 165 205.5111 6,720,099 18,111 14,543
15 41-69 1264 168 209.3046 6,938,201 19,143 15,321
16 41-69 1349 173 215.6531 7,195,497 20,000 16,062
17 42-69 1437 177 220.4828 7,427,262 20,842 16,761
18 40-69 1513 181 224.1628 7,681,212 21,887 17,618
19 40-69 1600 185 229.3496 7,952,445 22,857 18,440
20 40-69 1693 189 233.9974 8,222,971 23,710 19,192

Note: Costs and benefits are undiscounted
23
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In the base case results presented in the main manuscript, we assumed the use of film mammography in Peru, as
the availability of the more advanced digital mammography in developing countries is limited (23). Estimates from
the breast cancer surveillance consortium (BCSC) suggests that mammography sensitivity and specificity have been

increasing over time, representing the advancements in diagnostic tools. Therefore, we used mammography

specificity and sensitivity from the 1995-1999 era (presented in Table S7) to test the impact of the unavailability of
the most recent technology and human expertise. The results are presented in Table S10 below and discussed in the
main manuscript.

Table S10: Sensitivity analysis using lower values of mammography test sensitivity and specificity-
Comparison of model outputs between basecase and sensitivity analysis case for Peru

Age interval . Fa.nl?e False Life-years Life-years Total cost per| Total cost Cost per life- .
Nt.xml.Ter of for Ageinterval | positives positives saved per saved per QALYssaved 1000' women| per 1000 year saved Cost per life-| Cost per
lifetime ) for per 1000 1000 per1000 |(undiscounte| women year saved | QALY saved
screenings screening screening women per 1000 women 1000 women |d)(USD) (base | (undiscount (USD) (base (usb) (usb)
(base case) (base case) ogen (base case) women case) ed) (USD) case)

0 NA NA NA NA reference | reference | reference 52,644 46,967 reference | reference | reference
1 51-51 51-51 129 168 19 16 19 135,788 153,307 4,376 6,535 5,670
2 50-56 50-57 220 310 31 28 32 192,122 243,310 4,499 7,116 6,081
3 46-57 47-58 315 469 44 38 44 252,467 344,421 4,541 7,925 6,825
4 45-60 46-60 395 619 54 47 54 303,885 439,667 4,653 8,416 7,275
5 44-61 44-61 489 743 62 55 63 363,927 518,721 5,021 8,628 7,530
7 41-62 42-62 676 1,069 78 69 78 484,359 725,455 5,535 9,887 8,698
8 42-63 42-63 766 1,212 84 75 85 542,360 816,670 5,830 10,312 9,094
9 42-64 42-63 842 1,362 88 80 90 591,269 912,208 6,121 10,865 9,593
10 41-64 41-64 939 1,507 95 84 95 654,089 1,004,946 6,331 11,350 10,060
11 42-65 42-65 978 1,644 99 89 100 680,196 1,091,992 6,339 11,791 10,447
12 41-66 42-65 1,055 1,765 101 91 103 730,554 1,169,479 6,712 12,311 10,885
13 40-66 40-66 1,132 1,914 105 96 108 780,415 1,264,450 6,931 12,640 11,251
14 41-67 41-66 1,213 2,091 107 99 111 832,693 1,376,901 7,290 13,446 11,948
15 40-67 40-66 1,302 2,240 112 103 115 890,442 1,472,028 7,480 13,856 12,361
16 40-67 40-67 1,389 2,360 114 105 118 946,532 1,549,028 7,841 14,323 12,762
17 40-67 40-67 1,477 2,528 117 108 121 1,003,876 | 1,655,689 8,130 14,944 13,330

Note: Costs and benefits are undiscounted

D.2. Impact of dwell-times (inverse of progression rates)

As our model is deterministic, to test the impact of uncertainty in dwell times (inverse of progression rates
between preclinical disease stages) on results for optimal screening schedules, we generated 100 runs of the model
by sampling for different values of dwell times between the ranges presented in the Table S11. To ensure that
progression in advanced stages of cancer are more aggressive than earlier stages, we sample using the following

equation. Dwell time in stage i = LR; + x * (UR; — LR;) wherex = 1,2,3,4,5

We present the results in Table S12 and S13 below and discuss the findings in Results and Discussion sections
of the main manuscript.

Table S11: Data assumptions for sensitivity analysis on dwell-times (inverse of progression rates)

, Lower range (LR) | Upper range (UR)
Stage, i (14) (14)
DCIS 4.50 5.50
24
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1

2

3 Local 2.50 3.76

: Regional 1.54 3.10

6 Distant 1.50 2.50

7

8

9

10

11 Table S12: Sensitivity analysis on dwell-times- Comparing age interval, false positives per 1000 women, life-

12 years (LY) saved per 1000 women and QALYSs saved per 1000 women between basecase and sensitivity

13 analysis case

14

1 2 Age interval for screening False positives per 1000 women | Life years saved per 1000 women QALYs saved per 1000 women

17 D\:;lql;:ne Basecase Lower Upper | Basecase I:;):;e; Iiﬁsgeer Basecase I]j]?jge; [rjapnpgeer Basecase I;:::; I]_Ja]?]pgeer

18 No

19 screening _ _ _ reference | reference | reference | reference | reference | reference | reference | reference | reference

20 1 51-51 53-53 51-51 129 130 131 19 20 16 22 23 19

21 2 50-56 50-57 45-53 220 220 227 31 35 28 37 40 32

22 3 46-57 47-60 46-56 315 303 316 44 48 38 51 55 44

23 4 45-60 45-61 42-57 395 393 414 54 61 47 62 69 53
5 44-61 44-62 42-58 489 487 504 62 71 54 7 80 62

24 6 44-62 46-64 43-60 579 556 587 70 78 61 80 88 69

25 7 41-62 44-64 40-61 676 655 680 78 89 67 89 100 75

26 8 42-63 44-65 42-62 766 742 765 84 96 71 95 107 80

27 9 42-64 42-65 41-62 842 838 862 88 104 76 101 115 86

28 10 41-64 42-66 40-63 939 925 957 95 110 80 107 122 91

29 11 42-65 43-67 41-64 978 954 977 99 114 82 112 126 93

30 12 41-66 42-67 40-65 1,055 1,041 1,062 101 120 86 115 132 97

31 13 40-66 41-68 39-65 1,132 1,124 11,44 105 125 89 119 137 99

32 14 41-67 41-69 38-65 1,213 11,89 1,215 107 129 91 122 140 103

33 15 40-67 40-70 40-66 1,302 1,273 1,308 112 132 93 129 146 105

34

35 Note: Costs and benefits are undiscounted
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Table S13: Sensitivity analysis on dwell-times- Comparing cost per LY saved, cost per QALY saved and cost
per 1000 women between basecase and sensitivity analysis case

Total cost per 1000 women, USD Cost per life years saved per 1000 Cost per QALY saved per
women, USD 1000 women, USD
Dwell time range| Basecase Lower Upper range [ Basecase Lower Upper Basecase Lower | Upper
range range range range range
No screening | reference | reference | reference reference | reference | reference |reference | reference | reference
1 135,788 | 138,523 132,950 4,376 4,077 5,234 3,825 3,565 4,451
2 192,122 | 195,377 194,078 4,499 3,919 5,093 3,805 3,433 4,452
3 252,467 | 248,101 | 250,589 4,541 3,990 5,340 3,940 3,506 4,613
4 303,885 | 306,188 | 313,215 4,653 4,100 5,640 4,056 3,644 4,955
5 363,927 | 365,741 | 371,392 5,021 4,333 5,906 4,334 3,866 5,161
6 421,727 | 410,840 | 424,724 5,273 4,559 6,165 4,593 4,024 5,407
7 484,359 | 473,560 | 484,411 5,535 4,674 6,527 4,877 4,184 5,762
8 542,360 | 529,842 | 539,647 5,830 4,942 6,928 5,158 4,425 6,089
9 591,269 | 591,351 | 601,758 6,121 5,151 7,291 5,342 4,644 6,440
10 654,089 | 647,777 | 663,087 6,331 5,386 7,637 5,609 4,861 6,772
11 680,196 | 667,839 | 677,671 6,339 5,379 7,617 5,627 4,851 6,737
12 730,554 | 723,637 | 732,651 6,712 5,569 7,939 5,896 5,042 7,040
13 780,415 | 777,678 | 787,631 6,931 5,791 8,261 6,099 5,254 7,453
14 832,693 | 831,718 | 832,472 7,290 6,012 8,556 6,412 5,538 7,613
15 890,442 | 874,706 | 892,507 7,480 6,191 9,045 6,640 5,623 8,032

Note: Costs and benefits are undiscounted

D.3. Impact of uncertainty in carcinoma in-situ (CIS) pathways

Recent studies, under the context of over-diagnosis of cancers, have highlighted the uncertainty around
pathways of CIS stage and mammography sensitivity for diagnosis at this stage, and their corresponding impact on
the CIS progression rate estimates. (30), (31), (32), (33), (34), (35), (36)Therefore, as uncertainty analysis, we
evaluated 5 CIS Cases (Table S14), each using different combinations of values for CIS progression rate, proportion
of invasive cancers initiating directly in local stage, and mammography sensitivity in CIS stage. We present results
for Peru and the US below in Figures S8 and S9. We present the observations and discuss the findings in Results and
Discussion sections of the main manuscript.
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Table S14: Scenarios for uncertainty analysis of CIS pathway

Uncertainty Dwell-time for Proportion of Mammography sensitivity for | References
analysis case | progressive CIS cancers initiating CIS

directly as local

invasive cancer
1 5.22 years 0% 40% for ages over 50 years. (14)

28% for ages less than 50

2 3 months 0% 88% (37)
3 5 months 0% 88% (37)
4 2 years 18.9% 40% (30)
5 15 years 18.9% 40% (30)

Table S15: Uncertainty analysis on CIS pathways- Comparing LY saved per 1000 women, and false positives
per 1000 women for Peru between basecase and CIS uncertainty cases 1 to S

Life years | Life years Life Life Life Life Fe.11.5e False False False False False
Number of | (LY) saved | saved per years years years years | positives positives| positives | positives | positives | positives
lifetime | per 1000 | 1000 | S2ved | saved | saved | saved \per 10001 o001 1000 | per 1000 | per 1000 | per 1000
per 1000 |per 1000|per 1000 |per 1000| women
screens women women | on| women | women | women (base women | women | women | women | women
(base case) | (case 1) (case 2) | (case 3) | (case 4) | (case 5)| case) (case 1) | (case2) | (case3) | (case4) | (case5)
1 19 12 6 6 8 12 129 131 114 115 208 136
2 31 20 12 12 14 22 220 221 206 207 295 234
3 44 28 16 17 20 30 315 310 296 295 385 325
4 54 33 21 22 25 36 395 387 368 372 461 420
5 62 38 25 26 30 42 489 480 455 455 546 513
6 70 44 28 29 34 47 579 568 514 518 640 576
7 78 49 32 33 38 52 676 656 589 610 718 661
8 84 53 35 36 42 56 766 741 686 685 790 749
9 88 57 39 40 45 60 842 792 778 778 875 839
10 95 62 42 43 49 63 939 881 860 868 963 925
11 99 66 45 47 52 66 978 970 945 945 1,060 1,011
12 101 69 48 49 56 67 1,055 1,054 1,018 1,018 1,078 1,095
13 105 73 50 51 58 71 1,132 1,129 1,046 1,060 1,166 1,176
14 107 75 52 54 61 72 1,213 1,210 1,133 1,135 1,248 1,259
15 112 78 54 56 63 75 1,302 1,295 1,215 1,216 1,334 1,331
Note: Costs and benefits are undiscounted
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for Peru between basecase and CIS uncertainty cases 1 to 5

Cost per Cost per | Cost per | Cost per | Cost per | Cost per | Cost per| Cost per Cost per
Number 1001()) Cost per 100% Ls? 100% L;’ 1001()) L\f 100% Cost per 100% Cost per
of lifetime LY saved LY saved LY saved
sereens women (basecase) women | saved | women | saved | women | saved | women (case 4) women (case 5)
(basecase) (case 1) | (case 1) [ (case 2) | (case 2) | (case 3) | (case 3) | (case 4) (case 5)

1 135,788 4,376 | 135,830 7,149 [129,024| 12,526 [129,062| 12,276 | 138,641 10,466 131,019 7,090
2 192,122 4,499 193458 | 6,875 |188,063 | 11,258 | 188,358 | 10,865 | 188,370 9,290 193,832 6,883
3 252,467 4,541 250,243 | 7,113 [246,328 | 11,826 {244,601 | 11,196 | 244,033 9,409 252,667 6,981
4 303,885 4,653 299,973 | 7,474 (292,776 | 11,213 {293,991 | 10,909 | 301,988 9,765 314,130 7,401
5 363,927 5,021 360,229 | 7,993 |348,899 | 11,562 |347,972| 11,262 | 351,312 9,847 373,950 7,776
6 421,727 5,273 416,699 | 8,362 |387,080| 11,733 | 388,623 | 11,418 | 405,595 10,300 | 415,552 7,827
7 484,359 5,535 473,416 | 8,600 |435,981 | 11,965 447,694 | 11,918 | 466,612 10,710 | 471,040 8,240
8 542,360 5,830 528,402 | 8,979 498,311 | 12,581 [496,824 | 12,212 | 516,815 10,883 527,786 8,664
9 591,269 6,121 |561,846| 8,901 [557,611| 12,762 |556,120 | 12,382 | 563,390 11,248 586,271 9,097
10 654,089 6,331 619,480 | 9,129 [610,658 | 13,050 | 614,314 | 12,903 | 618,502 11,516 | 642,001 9,530
11 680,196 6,339 676,791 | 9,470 | 665,225 | 13,397 | 664,028 | 13,055 | 674,917 11,878 | 697,797 9,962
12 730,554 6,712 731,399 | 9,782 [713,079| 13,762 | 711,823 | 13,407 | 737,388 12,281 752,753 10,528
13 780,415 6,931 |780,252 | 9,980 |[731,854| 13,564 | 740,038 | 13,306 | 750,856 12,054 | 805,382 10,788
14 832,693 7,290 832,282 | 10,359 | 788,329 | 14,006 |788,392| 13,516 | 807,695 12,398 859,501 11,259
15 890,442 7,480 | 887,648 | 10,725 | 841,214 | 14,406 |840,664| 14,011 | 860,801 12,817 | 906,150 11,459

Note: Costs and benefits are undiscounted

Table S17: Uncertainty analysis on CIS pathways- Comparing QALYs saved per 1000 women and cost per
QALY saved for Peru between basecase and CIS uncertainty cases 1 to 5

QALY
Number| saved QALY | QALY | QALY | QALY | QALY Cost per Cost per
of |per 1000 saved | saved | saved | saved | saved QALY QALY Cost per Cost per Cost per Cost per
o per 1000|per 1000|per 1000{per 1000|per 1000 QALY saved | QALY saved | QALY saved | QALY saved
lifetime | women saved saved (case
women | women | women [ women | women (case 2) (case 3) (case 4) (case 5)
screens | (base (basecase) 1)
(case 1) | (case 2) | (case 3) | (case 4) | (case 5)
case)
1 22 13 7 7 9 14 3,825 6,184 10,125 10,044 10,466 6,301
2 37 24 14 14 17 24 3,805 5,928 9,558 9,342 9,290 6,206
3 51 32 19 20 24 33 3,940 6,105 10,176 9,582 9,409 6,256
4 62 39 25 26 29 40 4,056 6,352 9,431 9,264 9,765 6,638
5 72 45 30 31 35 47 4,334 6,857 9,757 9,505 9,847 7,010
6 80 51 34 35 40 52 4,593 7,173 9,694 9,519 10,300 7,080
7 89 57 38 39 45 57 4,877 7,398 9,899 10,018 10,710 7,448
8 95 61 42 43 49 61 5,158 7,752 10,562 10,258 10,883 7,851
9 101 66 46 48 53 65 5,342 7,697 10,836 10,521 11,248 8,283
10 107 71 50 51 57 68 5,609 7,954 11,051 10,993 11,516 8,675
11 112 75 54 55 61 71 5,627 8,292 11,384 11,110 11,878 9,069
12 115 79 56 58 64 73 5,896 8,582 11,686 11,407 12,281 9,561
13 119 83 59 60 67 77 6,099 8,758 11,479 11,349 12,054 9,833
14 122 86 61 63 70 79 6,412 9,076 11,946 11,551 12,398 10,245
15 129 89 64 66 73 82 6,640 9,405 12,286 11,986 12,817 10,470
Note: Costs and benefits are undiscounted
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Table S18: Uncertainty analysis on CIS pathways- Comparing number of lifetime screens under different
scenarios for both Peru and the US

Number of Basecase Case 1 Case 2 Case 3 Case 4 Case 5
lifetime
screens Peru US Peru UsS Peru Us Peru US Peru UsS Peru US
1 51-51 52-52 61-61 60-60 53-53 47-47
2 50-56 50-55 53-62 | 61-66 | 52-61 52-60 44-48
3 46-57 50-57 50-63 | 60-70 | 51-63 | 61-70 52-62 60-71 44-51
4 45-60 50-60 52-65 57-71 51-64 57-71 50-63 56-71 44-52
5 44-61 46-61 51-66 55-71 51-66 54-71 50-64 56-72 43-53
6 44-62 46-62 52-70 | 53-72 | 51-70 | 54-72 50-66 53-72 42-54
7 41-62 46-63 50-68 51-71 53-72 48-70 52-72 47-66 52-73 42-55
8 40-63 45-63 50-69 46-71 52-73 47-71 52-73 46-67 51-73 41-56 45-61
9 42-64 45-64 | 46-69 | 45-71 | 51-73 | 46-71 51-73 46-70 51-73 40-56 43-61
10 41-64 47-68 44-64 | 45-70 | 47-72 | 51-74 | 45-72 | 48-74 45-70 50-73 40-57 41-61
11 40-64 45-68 43-64 46-70 45-72 49-74 45-72 47-74 44-70 48-74 40-58 42-62
12 41-66 44-68 41-65 | 43-70 | 44-73 | 50-75 | 44-73 | 47-74 42-71 48-74 41-59 42-62
13 40-66 43-68 42-65 | 44-70 | 44-73 | 46-75 | 44-73 | 47-75 44-71 47-75 40-60 41-62
14 41-67 41-68 42-66 43-70 42-74 45-75 43-73 46-75 42-72 46-75 41-61 41-62
15 40-67 41-69 42-66 44-71 42-74 45-76 42-74 45-76 41-72 38-61 40-62
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Figure S8: Uncertainty analysis on CIS pathways- Comparing screening age intervals for Peru between
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