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Abstract

Since their inception in 2000, the Cancer Intervention and Surveillance Network (CISNET) breast
cancer models have collaborated to use a nationally representative core of common input
parameters to represent key components of breast cancer control in each model. Employment of
common inputs permits greater ability to compare model output than when each model begins
with different input parameters. Use of common inputs also enhances inferences about the results,
and provides a range of reasonable results based on variations model structure, assumptions, and
methods of use of the input values. The common input data are updated for each analysis to ensure
that they reflect the most current practice and knowledge about breast cancer. The common core of
parameters includes population rates of births and deaths; age- and cohort-specific temporal rates
of breast cancer incidence in the absence of screening and treatment; effects of risk factors on
incidence trends; dissemination of plain film and digital mammaography; screening test
performance characteristics; stage or size distribution of screen-, interval-, and clinically- detected
tumors by age; the joint distribution of ER/HER?2 by age and stage; survival in the absence of
screening and treatment by stage and molecular sub-type; age-, stage-, and molecular subtype-
specific therapy; dissemination and effectiveness of therapies over time; and competing non-breast
cancer mortality. In this paper we summarize the methods and results for the common input values
presently used in the CISNET breast cancer models, note assumptions made because of
unobservable phenomena and/or unavailable data, and highlight plans for development of future
parameters. These data are intended to enhance the transparency of the breast CISNET models.
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Cancer simulation; breast cancer epidemiology; simulation models

INTRODUCTION

A key feature of the Cancer Intervention and Surveillance Network (CISNET) collaborative
modeling approach is the shared use of a common set of input values. Employment of
common model inputs permits greater ability to compare model output than when each
model begins with different parameters. Use of common inputs also enhances the ability to
more directly compare trends in results across models, strengthens inferences about the
results, and provides a range of reasonable results based on variations in model structure,
assumptions, and methods of use of the input values. Further, sharing a common core of
inputs is efficient and facilitates examination of intermediate outputs to trouble-shoot and
identify model program or processing errors that can otherwise be difficult to detect.
Experience from weather and climate predictions has shown that a combination of several
different models often gives better prediction than any single model.(1) Hence, the median
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and range of results for several models based on the same input data should provide greater
confidence in results than those from any single individual model.

In this chapter we summarize the methods and results for the common input values presently
used in the CISNET breast cancer models to estimate trends in US breast cancer incidence
and mortality, note how the data is organized, and highlight future parameters being
developed to expand the library of data to address evolving topics, such as genomics in
cancer care.

COMMON PARAMETERS

This section summarizes the approach and data used for common data parameters used in
the most current breast CISNET models. There are presently six models: Model D (Dana-
Farber); Model E (Erasmus), Model GE (Georgetown-Einstein), Model M (MD Anderson),
Model S (Stanford), and Model W (Wisconsin-Harvard). (2-8)

Common parameters were developed for the majority of model inputs, including: US
population rates of births and deaths; age- and cohort-specific temporal data for breast
cancer incidence in the absence of screening and treatment; effects of risk factors on
incidence trends; dissemination of plain film and digital mammaography; screening test
performance characteristics; stage or size distribution of screening-, interval-, and clinically-
detected tumors by age; the joint distribution of breast cancer molecular subtype based on
estrogen receptor (ER) and human epidermal growth factor 2 (HER2) biomarkers by age and
stage; survival in the absence of screening and treatment by stage and molecular sub-type;
age-, stage-, and molecular subtype-specific therapy; dissemination and effectiveness of
treatment modalities over time; and competing non-breast cancer mortality. Based on the
goals of any given analysis, there are also common inputs available for age- and gender-
specific utilities and costs for model health states. The models either used the common input
parameters directly, or as a calibration target depending on individual model structures
(Table 1).

The common inputs are used with model-specific parameters related to unobservable aspects
of breast cancer history (e.g., tumor growth, proportions and types of tumors that are non-
progressive, sojourn time, lead-time, and how systemic therapy affects survival); these are
described elsewhere. (2-8)

To ensure that the models reflect current knowledge, common parameters were estimated
from the highest quality and most current nationally representative data from published
studies, studies in progress, and current disease registries such as the Surveillance,
Epidemiology, and End Results (SEER) program. (9) Older studies and registries are used as
pertinent to informing inputs, especially trends pre-dating widespread mammography use or
discovery of systemic adjuvant treatments. In this context, when considering data sources for
common parameters, CISNET uses the hierarchy of evidence promoted by the U.S.
Preventive Services Task Force to select the highest quality available data for a given
parameter and research question,(10) including randomized-controlled trials, meta-analyses,
observational studies, and registries (11) and surveys. Data were selected to derive inputs
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that were independent of the model outputs. For example, since the models were designed in
part to estimate the impact of screening on breast cancer mortality, data from randomized
trials on screening effects were not used as direct parameter inputs.

US Population Births and Deaths

To represent the current female population in the United States, the models incorporate
population counts by single year of age from 1975 to 2011. Census data is abstracted from
two sources based on time period: 1975-1989 (12) and 1990-2011.(13) Population counts
are provided by single year of age (up to age 85) and calendar year.

Incidence in the Absence of Screening and Treatment

In the absence of a non-screened reference population, US breast cancer incidence without
screening is estimated from the observed time trends before and after screening introduction.
Breast cancer risk increases with age, and varies by birth cohort (e.g., based on differences
in life style factors).(14-16) Age—period—cohort (APC) modeling is a statistical approach to
determine the underlying incidence of disease by age, year of diagnosis (period), and year of
birth (cohort), considering the effects of use of interventions such as mammography
screening, and trends in risk factors across time and cohorts. (17-20)

The majority of the CISNET breast models originally used an APC model of breast cancer
incidence from 1975 to 2000 developed by Holford and colleagues.(21) While observed
incidence reported to SEER increased over that period, after 2000 there was a substantial
decline that has been attributed, in part, to changes in patterns of post-menopausal hormone
use.(22) Thus, the models could not simply continue to use linear extrapolations forward in
time from the original APC model, so new APC models were developed.

For one of these APC models, the original Holford APC model was revised and extended
through 2010. A detailed review of the methods has been summarized by Gangnon et al.
(23) Briefly, beyond temporal extension, the Gangnon APC model accounts for differential
incidence of invasive and ductal carcinoma in situ (DCIS), the explicit effect of
postmenopausal hormone use by menopausal status, and varying assumptions about the
effect of screening by cohort and time period.(23) For practical reasons, variations in
incidence due to hormone use were included in the time period effect. Since a linear increase
in incidence over time could be explained by either period or cohort effects, Gangnon et al
attributed these changes to cohort effects. Mammography screening became widespread in
the US around 1982 and began to impact the observed breast cancer incidence trends shortly
thereafter. Therefore, the model added a second period function for women of the various
birth cohorts who were ages 40 and older in 1982, and would have been exposed to
screening.

Age, period, and cohort effects are likely to vary gradually by time, and smoothing the year-
to-year variations limits the number of parameters that need to be estimated. Smoothed age,
period and cohort effects were estimated using natural cubic splines. The degree of
smoothing was chosen by best fitting values according to the Bayesian Information
Criterion. With cohort effects estimated separately pre- and post-menopause, a weighted
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average of the pre- and postmenopause cohort effects was used in the 46 to 54 years age
span.

The overall (invasive and DCIS) breast cancer incidence in the absence of mammography
screening for nine SEER registries combined and as estimated by this revised APC model is
presented in Figure 1. The green line represents observed SEER breast cancer incidence.
The blue line represents the estimated incidence in the absence of mammography screening
from the APC model, and the orange line represents the estimated incidence with
mammography screening from the APC model. The two estimates are identical until 1982,
the date of introduction of mammaography screening in the APC model. The estimated
incidence in the absence of mammography screening only increased slightly after 1982,
from 243.1 cases per 100,000 women in 1985 to 259.5 in 2010, while the estimated
incidence with mammography screening increased dramatically from 274.8 in 1985 to 337.4
in 2010, with a large proportion of the additional cases (82%) being DCIS. One implication
of this result is that mammography screening is accompanied by a sizable over-diagnosis
rate. Another important implication of this result is that the method used by each breast
model to portray age-period-cohort incidence in the absence of screening affects model
differences in over-diagnosis rates. (24)

Four of the six models used the Gangnon APC model as an input or calibration target to
estimate the counterfactual underlying breast cancer incidence rates in the absence of
screening from 1975 to 2010. Model S developed a similar, but more integrated approach
combining CISNET model fitting, hormone therapy effects estimation, and APC estimation.
Model M extended 1975-79 SEER rates forward in time with comparatively lower temporal
increases.

All six models closely replicate observed US incidence rates regardless of their individual
method of implementation of this common input parameter. (25, 26) However, differences in
assumptions about the underlying incidence and the impact of screening on incidence rates
contribute to variability in model results for the absolute rates of mortality reduction
attributable to screening and estimates of over-diagnosis.(25, 26) Prediction of future
incidence trends are accompanied by large uncertainties, but APC models have been shown
to provide better predictions than assuming a constant incidence rate over time.(27)

Risk Factors Affecting Incidence

The models focus primarily on average US populations. However, in selected analyses two
to three models have collaborated to examine the impact of breast cancer risk factors and
changes in their prevalence on incidence rates, mortality outcomes, and/or ranking of
screening schedules.(24, 25, 28-36) The risk factors that have been considered to date
include postmenopausal hormone therapy, obesity, family history of a first-degree relative
with breast cancer, and breast density.

These factors were chosen since they are common exposures (two with secular changes in
prevalence), are clearly related to breast cancer risk (e.g., obesity increases post-menopausal
breast cancer rates), and/or related to screening performance (e.g., breast density, hormone
therapy) and treatment effectiveness (e.g., obesity can reduce effectiveness based on dose

Med Decis Making. Author manuscript; available in PMC 2019 April 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Mandelblatt et al.

Page 6

reductions). Prevalence estimates of these key breast cancer risk factors over time were
developed using National Health Interview Survey (NHIS), the Breast Cancer Surveillance
Consortium (BCSC), and other sources. (28-32) Prevalence estimates were generally
provided for all four factors by single year of age (25-100) for the calendar years 1970—
2020. Prevalence of body mass index (BMI) according to calendar year and age was
provided in three categories (<25, 25-29.9, and 30+ kg/m?) from NHANES. (33) Relative
risks of breast cancer according to these three BMI categories, menopausal status, hormone
use, and breast cancer subtype were derived from a meta—analysis.(28)

Prevalence of breast density was calculated in four Breast Imaging Reporting and Data
System (BI-RADS) categories by age and BMI based on data provided by the BCSC
(unpublished data). Calendar year estimates were not provided since the distribution of
breast density appears to have remained relatively constant over time within age and BMI
groups. Relative risk of breast cancer according to breast density and age were based on
BCSC data (Table 2). (24)

Screening Test Performance

The Breast Cancer Surveillance Consortium (BCSC) provided screening performance data.
(11) While only covering certain geographic regions, and over-representing women who
present for screening, the BCSC is the oldest, and largest network of breast imaging
registries in the US, with data on more than 10.3 million mammaography examinations from
six breast active imaging registries with linked data on demographics, risk factors,
mammaography reports, diagnostic evaluations, tumor and/or pathology registries, and vital
statistics. As such, the BCSC provides an unprecedented source of data not available from
any other data source.

Observed film-screen and digital screening mammography performance data from the BCSC
were used to develop age-specific parameters for the detection of DCIS and invasive cancer
(Model S uses only data for invasive cancers). Film-screen screening mammography
performance measures were used up through 2002, and digital screening mammography
performance measures were used for 2003 and later.

BCSC provided sensitivity, specificity, screen detected cancer, rate and interval invasive
cancer rate based on BI-RADS® (37) assessment categories for mammography results
(1=negative, 2=benign, 3=probably benign, 0=needs additional evaluation, 4=suspicious,
5=highly suggestive of malignancy). A positive screen was considered as a BI-RADS
assessment of 0, 4, or 5; a negative screen included initial assessments of 1, 2, or 3. Starting
with the BIRADS 5! edition (38) in late 2013 an assessment of 3, which typically resulted
in a recommendation for short-interval follow-up, was also considered positive; this change
will be reflected in future analyses.

A positive screen was defined as a false positive if no breast cancer was diagnosed within 12
months and as a true positive if cancer was diagnosed within 12 months. A negative exam
was considered a true negative if no breast cancer was diagnosed within 12 months and a
false negative if cancer was diagnosed within 12 months. The screen-detected cancer rate
was the rate of cancers detected within 12 months of a positive exam. An interval invasive
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cancer was an invasive cancer diagnosed within 1 year of a negative screen. The follow-up
period was truncated at the next screen if it occurred within 9-11 months; thus, a cancer
diagnosis was only associated with the most recent screen for calculating performance
measures.

Using these definitions, point estimates and 95% confidence intervals for sensitivity,
specificity, and cancer rates were estimated using logistic regression models including age
group and screening interval. Separate regression models were used for initial and
subsequent mammaography and for invasive cancer vs. DCIS. Sensitivity and specificity have
also been calculated by breast density in prior analyses. (25)

The models incorporate these performance data in different manners based on how they
depict natural history and cancer detection (Table 1). (2-8) Briefly, one model (D) used
these data directly as input variables. (6) In three models (Models GE, S, and W) these data
were used as calibration targets to estimate the probability of detection when there is a pre-
clinical detectable cancer present in the sojourn time at the time of screening and the
probability of a negative screen when there is no pre-clinical detectable cancer present
within the sojourn time period when screening occurs. (2, 3, 5) Model M used the cancer
detection rates (4) as a calibration target and the last model, model E, (7) fit estimates of
tumor size detection thresholds from this and other sources.

Screening Dissemination

When the breast models are evaluating the efficacy of specific screening scenarios, such as
annual or biennial screening, they assume 100% of women obtain all screening tests as
prescribed in the scenario. However, in analyses to estimate the impact of screening on
population incidence and mortality rate, the models use a common input to quantify actual
US screening practices over time. In previous CISNET analyses, Cronin et al. modeled US
mammography screening dissemination from 1975 to 2000. (39, 40) Recently, the
dissemination parameter was extended to 2010. The methods to develop (and extend) the
estimation of screening dissemination are summarized here; detailed descriptions have been
published elsewhere. (39, 40) Briefly, the dissemination estimation process was based on
two distinct statistical models: one to estimate the time of a woman’s first mammography
exam based on her age and birth cohort and calendar year and another to reflect the patterns
of use of exams following the initial mammography. The two statistical models were then
combined to generate screening exam histories for individual women. The CISNET models
used this screening history until a woman stopped screening, developed breast cancer, or
died of other causes.

Data from the National Health Information Survey (NHIS) were used to first estimate the
cumulative distribution for the time to first mammogram for each birth cohort using
crosssectional estimates of the percentage of the population that reported ever having a
mammogram from the 1987, 1990, 1992, 1993, 1994, 1998, and 2000 surveys. (41) For
women born prior to 1948, estimates of the proportion of women in a particular birth cohort
having their first mammogram between two NHIS surveys was computed by subtracting the
proportion reporting ever having a mammogram in the earlier survey from the proportion
reported in the later survey. Since the observed data could be used to construct only a portion
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of the life history from 1987 to 2000, a dissemination of innovations model was fitted to
extrapolate the curve for the entire life history of age at first mammography for each birth
cohort.

NHIS data from 2003, 2005, 2008, and 2010 were recently added to reflect mammography
dissemination and patterns among birth cohorts born after 1948. These women would have
turned age 40 in 1988 or later when mammography was commonly used for screening. For
these cohorts, NHIS data indicated that age rather than birth cohort or calendar year was the
primary factor that determined when a woman received a first mammogram. Therefore,
NHIS data from after 2000 was combined to estimate a distribution curve for the age of first
mammogram.

The statistical models used to develop the mammography dissemination parameter assumed
that some women never received a mammogram and that no screening occurred before 1980
or before age 30. It also assumed that women did not obtain a first mammogram after age
63. Analyses were adjusted for the significant amount of diagnostic mammography prior to
age 40 since the NHIS data does not distinguish between screening and diagnostic
mammography. (42) Thus, 48% of women ages 30-34 that reported a first screening exam
were assumed to have a screening exam (and 52% diagnostic), and 84% of those 35-39 who
reported a first screening exam were assumed to have a screening exam. No further
adjustment for screening vs. diagnostic mammography was made for ages 40 and older,
since at this point a woman was likely to have had multiple screening mammograms and it
was not possible to estimate an adjustment factor to distinguish screening vs. diagnostic
examinations. A linear trend was fit to the data for age at first screening examination for
ages 30-35 and 35-40 and a logistic survival curve for ages 40+. The distribution curve
included a jump at age 36 and age 40, since the data indicated a large percent of women
began screening at those specific ages. Distribution curves were estimated for all races
combined and for white and black women separately.

To model time between screening exams, we used individual-level longitudinal data from the
BCSC. (39, 40) Three general groups of screeners were defined a priori to represent regular
annual screeners (women with a mean time between screening exams of < 1.5 years),
biennial screeners (women with a mean time of 1.5 — 2.5 years), and irregular screeners
(women with a mean time of >2.5 years) (Figure 2a). These groups represented targets to
which the dissemination model was fitted, rather than direct inputs.

Next, stratified survival analyses with event times defined as the time between subsequent
screening mammograms were then performed using gamma frailty models for each group to
account for correlations between multiple intervals for one woman. Women could maintain a
schedule or change schedule depending on their age. For example, a woman could be an
annual screener from ages 40-49, and then a biennial screener after age 50, and become an
irregular screener at age 75.

Based on observed patterns of care from the FDA Mammography Quality Standards Act and
Program (43) and the BCSC (unpublished data) for the rapid diffusion of digital

Med Decis Making. Author manuscript; available in PMC 2019 April 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Mandelblatt et al.

Page 9

mammaography, mammograms were assumed to be plain-film until 2002 and digital
thereafter (Figure 2b).

Characteristics of Cancers by Mode of Detection

To estimate the breast cancer stage of screened and unscreened women, the models
incorporate data from the BCSC (unpublished data). The stage (American Joint Committee
on Cancer [AJCC v. 6] (44) and SEER) and tumor size (<2, 2-5, 5+ c¢cm) distribution of
clinically-, interval- and screen-detected cancers by age group (<50, 50-64, 65+) uses data
from 1994-2013 for film-screen mammography and 2003-2013 for digital mammography.
The first year of the transition to digital mammography (2002) was excluded to ensure data
completeness at reporting facilities. Among screen-detected women, the data are also
stratified by first vs. subsequent screen and screening interval (e.g., annual, biennial,
irregular). The definitions of screen, interval, and clinical mode of detection for these
parameters are summarized on Table 4.

To model the four molecular subtypes of breast cancer characterized by ER and HER2
status, joint prevalence estimates of ER and HER? status by age and stage at clinical
detection were derived from BCSC data. We make the simplifying assumption that screen-
and interval-detected lesions have the same joint distribution of ER and HER2 as clinically
detected cases, because HER?2 has not been collected in registries until recently, leading to
insufficient data to determine joint distribution by mode of detection. As more HER2 data
become available, this parameter will be updated for future analyses.

Treatment Dissemination

The survival data used in the models assume all women receive local treatment by stage
(surgery and/or radiation) but to date these initial therapies have not been modeled explicitly.
The models use two common parameters to incorporate the effects of adjuvant
chemotherapy and/or hormonal therapy. The first depicts temporal changes in availability
and use of different regimens over time and the second provides the modelers with the
effectiveness of each potential systemic therapy combination.

Treatment dissemination for the period from 1975-1996 was derived from US adjuvant
treatment patterns by age, calendar year, ER (and HER2 in 2006) based on SEER special
patterns of care studies. (45, 46) For analyses that included the period after 1996, the models
used National Comprehensive Cancer Network (NCCN) data for 1997-2010. (47) These
data span the first year of aromatase inhibitor (Al) (1997) and the first year of taxane use
(1998) through guidelines for use of Trastuzamab (2006). The NCCN data was based on
patterns reported from US academic cancer centers and may represent earlier adoption and
higher use than general community practice of certain regimens.

Treatment dissemination was based on initiation of therapy; the effectiveness of therapy (see
below) assumes completion of the regimen. For instance, women who had ER-positive
invasive tumors who initiated hormonal therapy were modeled to have received 5 years of
treatment (tamoxifen if age at diagnosis is <50 years and aromatase inhibitors if =50 years
from 1997 to 2010; tamoxifen and other selective estrogen receptor modulating (SERM)
agents were the only therapies available prior to 1997). In the future, the models can
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consider longer durations (e.g., 10 years of hormonal therapy) (48) and treatment adherence.
The input parameter included a zero rate of hormonal therapy for women with ER-negative
invasive tumors.

Chemotherapy included CMF and anthracycline-based regimens based on calendar year,
age, ER, and stage. Taxanes and Herceptin could be added to these regimens starting in 1997
and and 2006, respectively. Trastuzumab was disseminated independently of the other
treatments and, based on its immediate rapid uptake, all HER2+ patients were assumed to
receive trastuzumab with 100% probability beginning in year 2006. It was assumed that
patients diagnosed in Stage IV received the same treatments as those with Stage 111 breast
cancer. Additionally, since there were no national data on treatment patterns for DCIS,
expert opinion was used to make the simplifying assumption that half of ER-positive DCIS
tumors were treated with hormonal therapy, and that ER-negative DCIS did not receive any
adjuvant systemic treatment. A summary of major classes of systemic therapies used over
time for an exemplar age and stage group is included on Figure 3.

In lieu of this treatment dissemination input, models have also used analysis-specific
assumptions for adjuvant systemic treatment (e.g., every woman receives the most effective
treatment available at the time for her age and ER/HER2 subtype combination). (25)

Treatment Effectiveness

Systemic treatment effectiveness is based on synthesis of recent clinical trials.(49) The input
parameter is provided to the modeling groups as a rate of reduction in hazards of breast
cancer death based on age, stage, and ER/HER2, assuming proportionate hazards.
Depending on the specific model structure, these data are used directly or as calibration
targets for depicting cure rates.

DCIS is assumed to have the same treatment benefit as Stage | disease, although, based on
the dissemination data, this was applied only to ER-positive DCIS that is treated with
hormonal therapy. Based on expert opinion, because Stage IV is fatal and treatment is not
thought to affect the hazard of death, we have assumed no treatment benefit for Stage IV,
HER2-negative disease. This is consistent with our prior assumptions of no treatment benefit
for Stage 1V disease before the year 2000. Trastuzumab does increase the survival of women
with HER2-positive, Stage IV disease, and accordingly, the hazard ratio for Stage IV, HER2-
positive tumors that receive trastuzumab was adjusted to reflect this based on the literature.
(50) With the advent of matching tumor molecular profiles with treatments, and discovery of
new approaches to Stage 4 therapy, future iterations of this parameter will be updated as
practice changes. Incorporation of improvements in survival associated with treatment of
distant metastases will also require new model programming, since, as described in the next
section, the current version of the models only include overall survival from the date of
diagnosis, and do not consider distant recurrence. Treatment effectiveness for current
exemplar regimens is presented in Table 5.

Survival in the Absence of Screening and Treatment

To evaluate the relative contributions of ER and HER2 molecularly targeted treatments such
as tamoxifen, aromatase inhibitors, and Trastuzumab on breast cancer mortality reduction in
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the presence of screening, it was necessary to first generate ER/HER2-specific survival and
other inputs for the CISNET breast cancer models in the absence of screening and adjuvant
treatment. These inputs are not readily accessible in existing databases. In particular, ER/
HER2-specific survival in the absence of screening and adjuvant therapy is not accessible in
SEER because registry-based collection of ER and HER2 status only began when screening
and adjuvant treatment were already widespread. This posed a major challenge when
updating the CISNET models to estimate the relative effects of screening and adjuvant
treatment by ER and HER2.

To address this problem and incorporate the natural history differences in ER and HER2
tumor subtypes into the models, the Model S team developed a novel method to “back-
calculate” breast cancer- specific survival by joint ER and HER2-status, age group, and
AJCC/SEER stage or tumor size in the absence of screening and treatment. This algorithm
leveraged data on tumor features, age at detection, and screening histories by ER/HER?2
subtypes from the BCSC. The approach incorporated data from two distinct sources: 1)
SEER survival from 1975-1979 in the absence of screening and treatment (which represents
a period when screening and adjuvant treatment were not widespread) and; 2) data from
23,000 women diagnosed with breast cancer between 1996 and 2009 provided by the BCSC
(unpublished data), which included ER, HER2-status and screening histories.

Full details describing the methods for calculation of this parameter are presented elsewhere
in this issue. (51) Briefly, BCSC data were used to construct an ER/HER2-specific decision
tree classifier to infer (“back-calculate™) these molecular markers based on a patient’s
screening history and age, tumor size, stage and grade at detection. The “back-calculation”
algorithm consists of leveraging one model (Model S) to simulate a large cohort of women
and then utilizing the ER/HER2-status classifier to infer their molecular markers. In essence,
this procedure generated a “virtual database” of women that allowed calculating population-
level parameters by ER and HER2 subtypes as if these were measured directly from the
general population. Contrary to an actual registry, however, the virtual registry permitted
assignment of the clinical and screen-detected age, tumor size, stage, grade and ER, HER2-
status of each individual woman. Consideration of the breast tumor’s features at clinical
detection allowed the estimation of survival in the absence of screening and treatment by
sampling from the 1975-1981 SEER survival curves. The new parameter includes survival
by age, tumor size, stage, and ER/HER?2 in the absence of screening and treatment. The ER-
specific portion of the input was published in a CISNET analysis of the contributions of
screening and treatment to ER-specific mortality trends from 1975-2000 (Figure 4).(26)

OTHER PARAMETERS

There are other common model input parameters, such as non-breast cancer mortality. (52)
Model inputs for non-breast cancer mortality have been updated since prior publication (53)
to include the period 2000-2010 and mortality by body mass index (BMI), since BMI
affects risk of postmenopausal breast cancer as well as mortality from other causes, and the
prevalence of BMI has increased dramatically since 1980. For certain analyses, survival is
modified using common parameters to reflect quality-adjusted life years using published
estimates and/costs. (24) Finally, the models have begun using data on other cause mortality
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among breast cancer patients for analyses that focus on the patient (vs. the general)
population.

In addition to these common parameters, based on structure and assumptions, each model
included model-specific parameters such as estimated pre-clinical sojourn times, proportion
of DCIS or invasive cancer that will not progress, lead times, and dwell times within tumor
stage. These types of parameters could be estimated for all cancers or separately based on
ER and HER?2 status.

DATA DOCUMENTATION AND MANAGEMENT

A Coordinating Center at Georgetown University has organized input parameter
development, documentation, dissemination, and archiving. The common input data were
updated for each analysis to ensure that they reflected the most current practice and
knowledge about breast cancer. The Coordinating Center worked closely with the modeling
teams to identify parameters needed, format required to read the parameters into the model
programs, and discuss the best sources of data for these parameters. Data are generally
analyzed at the Coordinating Center to provide the modeling groups with the results in a
flexible format, but some parameters were developed by the modeling teams and results
were forwarded to the Coordinating Center for distribution and archiving. The Coordinating
Center developed the associated documentation using standard reporting formats. For every
analysis, all parameters and supporting documentation were posted on a project webpage
located on the private CISNET member website. Documentation of all data sources and
analytic methods was posted to maintain transparency.

Acknowledgments

This work was supported by the National Institutes of Health under National Cancer Institute Grants
U01CA199218, U01CA152958, and U01CA088283. Collection of Breast Cancer Surveillance Consortium (BCSC)
data was supported by National Cancer Institute-funded grants PO1CA154292 and US4CA163303 and contract
HHSN261201100031C. The collection of BCSC cancer data was also supported in part by several state public
health departments and cancer registries throughout the US. For a full description of these sources, please see:
http://www.bcsc-research.org/work/acknowledgement.html. A list of BCSC investigators is provided at: http://
www.bcsc-research.org/.

References

1. Weigel AP, Liniger MA, Appenzeller C. Can multi-model combination really enhance the prediction
skill of probabilistic ensemble forecasts? Quarterly Journal of the Royal Meteorological Society
QJR. Meteorol Soc. 2008; 134:241-260. Published online in Wiley InterScience
(www.interscience.wiley.com).

2. Alagoz O, Ergun MA, Cevik M, et al. The University Of Wisconsin breast cancer epidemiology
simulation model: an update. Medical Decision Making. 2016 Submitted.

3. Schechter CB, Near AM, Jayasekera J, Chang Y, Mandelblatt JS. structure, function, and
applications of the Georgetown-Einstein (GE) breast cancer simulation model. Medical Decision
Making. 2016 Submitted.

4. Huang X, Li Y, Song J, Berry D. The MD Anderson CISNET model for estimating benefits of
adjuvant therapy and screening mammography for breast cancer: an update. Medical Decision
Making. 2016 Submitted.

5. Munoz D, Plevritis SK. Estimating breast cancer progression features and survival by molecular
subtype in the absence of screening and treatment. Medical Decision Making. 2016 Submitted.

Med Decis Making. Author manuscript; available in PMC 2019 April 01.


http://www.bcsc-research.org/work/acknowledgement.html
http://www.bcsc-research.org/
http://www.bcsc-research.org/

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Mandelblatt et al.

10

11.
12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Page 13

. Lee SJ, Li X, Huang H, Zelen M. Models for breast cancer screening strategies updated for ductal

carcinoma in situ and subgroups. Medical Decision Making. 2016 Submitted.

. van den Broek JJ, van Ravesteyn NT, Heijnsdijk EA, de Koning H. Estimating the effects of risk

based screening and adjuvant treatment using the miscan-fadia continuous tumor growth model for
breast cancer. Medical Decision Making. 2016 Submitted.

. Clarke LD, Plevritis SK, Boer R, Cronin KA, Feuer EJ. A comparative review of CISNET breast

models used to analyze U.S. breast cancer incidence and mortality trends. J Natl Cancer Inst
Monogr. 2006; (36):96-105. [PubMed: 17032899]

. Surveillance, Epidemiology, and End Results (SEER) Program (www.seer.cancer.gov) SEER*Stat

Database: Incidence - SEER 9 Regs Research Data, Nov 2015 Sub (1973- 2013) <Katrina/Rita

Population Adjustment> -Linked To County Attributes - Total U.S., 1969-2014 Counties, National

Cancer Institute, DCCPS, Surveillance Research Program, Surveillance Systems Branch, released

April 2016, based on the November 2015 submission.

. Habbema JD, Wilt TJ, Etzioni R, et al. Models in the development of clinical practice guidelines.
Ann Intern Med. 2014; 161(11):812-8. [PubMed: 25437409]

Breast Cancer Surveillance Consortium (BCSC). 2016. http://breastscreening.cancer.gov/

2001 Regional Database, Woods & Poole Economics Inc. Copyright January 2001; estimated July
1 population by race, sex and single year and 5-year age groups based on 1990 Census and post-
censal Census Bureau estimates.

Surveillance, Epidemiology, and End Results (SEER) Program (www.seer.cancer.gov) SEER*Stat
Database: Populations-Total U.S. 1969-2011<Single Ages to 85+, Katrina/Rita
Adjustment>Linked To Country Attributes-Total U.S., 1969-2011 Countries, National Cancer
Institute, DCCPS, Surveillance Research Program, Surveillance Systems Branch, released October
2012

Clemmesen J. Carcinoma of the breast; results from statistical research. Br J Radiol. 1948;
21(252):583-90. [PubMed: 18099749]

Tretli S, Haldorsen T. A cohort analysis of breast cancer, uterine corpus cancer, and childbearing
pattern in Norwegian women. J Epidemiol Community Health. 1990; 44(3):215-9. [PubMed:
2273359]

Weedon-Fekjaer H, Bakken K, Vatten LJ, Tretli S. Understanding recent trends in incidence of
invasive breast cancer in Norway: age-period-cohort analysis based on registry data on
mammography screening and hormone treatment use. BMJ. 2012; 344:e299. [PubMed: 22290099]
Rosenberg PS, Anderson WF. Age-period-cohort models in cancer surveillance research: ready for
prime time? Cancer Epidemiol Biomarkers Prev. 2011; 20(7):1263-8. [PubMed: 21610223]
Clayton D, Schifflers E. Models for temporal variation in cancer rates. |I: Age-period and age-
cohort models. Stat Med. 1987; 6(4):449-67. [PubMed: 3629047]

Clayton D, Schifflers E. Models for temporal variation in cancer rates. 11: Age-period-cohort
models. Stat Med. 1987; 6(4):469-81. [PubMed: 3629048]

Holford TR. The estimation of age, period and cohort effects for vital rates. Biometrics. 1983;
39(2):311-24. [PubMed: 6626659]

Holford TR, Cronin KA, Mariotto AB, Feuer EJ. Changing patterns in breast cancer incidence
trends. J Natl Cancer Inst Monogr. 2006; (36):19-25. [PubMed: 17032890]

Cronin KA, Ravdin PM, Edwards BK. Sustained lower rates of breast cancer in the United States.
Breast Cancer Res Treat. 2009; 117(1):223-4. [PubMed: 18979196]

Gangnon RE, Sprague BL, Stout NK, et al. The contribution of mammography screening to breast
cancer incidence trends in the United States: an updated age-period-cohort model. Can Epi
Biomarkers Prev. 2015; 24(6):905-12.

Mandelblatt, JS., Cronin, K., de Koning, H., Miglioretti, DL., Schechter, CS., Stout, N.
Collaborative modeling of US breast cancer screening strategies Agency for Healthcare Research
and Quality. U.S. Department of Health and Human Services; Rockville, MD: Dec. 2015 AHRQ
Publication No. 14-05201-EF-4Available from: http://www.uspreventiveservicetaskforce.org/
Home/GetFile/1/16255/collabmodelingbc/pdf. Accessed May 2016

Med Decis Making. Author manuscript; available in PMC 2019 April 01.


http://breastscreening.cancer.gov/
http://www.uspreventiveservicetaskforce.org/Home/GetFile/1/16255/collabmodelingbc/pdf
http://www.uspreventiveservicetaskforce.org/Home/GetFile/1/16255/collabmodelingbc/pdf

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Mandelblatt et al.

Page 14

25. Mandelblatt JS, Stout NK, Schechter CB, et al. Collaborative Modeling of the Benefits and Harms
Associated With Different U.S. Breast Cancer Screening Strategies. Ann Intern Med. 2016;
164(4):215-25. [PubMed: 26756606]

26. Munoz D, Near AM, van Ravesteyn NT, et al. Effects of screening and systemic adjuvant therapy
on er-specific US breast cancer mortality. J Natl Cancer Inst. 2014; 106(11)

27. Moller B, Fekjaer H, Hakulinen T, et al. Prediction of cancer incidence in the Nordic countries:
empirical comparison of different approaches. Stat Med. 2003; 22(17):2751-66. [PubMed:
12939784]

28. Munsell MF, Sprague BL, Berry DA, Chisholm G, Trentham-Dietz A. Body mass index and breast
cancer risk according to postmenopausal estrogen-progestin use and hormone receptor status.
Epidemiol Rev. 2014; 36(1):114-36. [PubMed: 24375928]

29. Sprague BL, Trentham-Dietz A, Cronin KA. A sustained decline in postmenopausal hormone use:
results from the National Health and Nutrition Examination Survey, 1999-2010. Obstet Gynecol.
2012; 120(3):595-603. [PubMed: 22914469]

30. Sprague BL, Gangnon RE, Burt V, et al. Prevalence of mammographically dense breasts in the
United States. J Natl Cancer Inst. 2014; 106(10)

31. Trentham-Dietz A, Sprague BL, Hampton JM, et al. Modification of breast cancer risk according to
age and menopausal status: a combined analysis of five population-based case-control studies.
Breast Cancer Res Treat. 2014; 145(1):165-75. [PubMed: 24647890]

32. Jewett PI, Gangnon RE, Trentham-Dietz A, Sprague BL. Trends of postmenopausal estrogen plus
progestin prevalence in the United States between 1970 and 2010. Obstet Gynecol. 2014; 124(4):
727-33. [PubMed: 25198271]

33. Centers for Disease Control and Prevention (CDC). National Center for Health Statistics (NCHS)
National Health and Nutrition Examination Survey Data. Hyattsville, MD: U.S. Department of
Health and Human Services, Centers for Disease Control and Prevention; 2009. www/cdc/gov/
nchs/nhanes.htm. Accessed May 2012

34. Chang Y, Schechter CB, van Ravesteyn NT, et al. Collaborative modeling of the impact of obesity
on race-specific breast cancer incidence and mortality. Breast Cancer Res Treat. 2012; 136(3):823-
35. [PubMed: 23104221]

35. van Ravesteyn NT, Schechter CB, Near AM, et al. Race-specific impact of natural history,
mammography screening, and adjuvant treatment on breast cancer mortality rates in the United
States. Can Epi Biomarkers Prev. 2011; 20(1):112-22.

36. Mandelblatt J, Cronin K, Bailey S, et al. Effects of mammography screening under different
screening schedules: model estimates of potential benefits and harms. Ann Inten Med. 2009;
151(10):738-47.

37. American College of Radiology. American College of Radiology Breast Imaging Reporting and
Data Systems Atlas (BI-RADS Atlas). 4th. Restion, VA: AM Coll Radiol; 2003.

38. American College of Radiology. American College of Radiology Breast Imaging Reporting and
Data Systems Atlas (BI-RADS Atlas). 5th. Reston, VA: American College of Radiology; 2013.

39. Cronin KA, Mariotto AB, Clarke LD, Feuer EJ. Additional common inputs for analyzing impact of
adjuvant therapy and mammography on U.S. mortality. J Natl Cancer Inst Monogr. 2006; (36):26—
9. [PubMed: 17032891]

40. Cronin KA, Yu B, Krapcho M, et al. Modeling the dissemination of mammography in the United
States. Cancer Causes Control. 2005; 16(6):701-12. [PubMed: 16049809]

41. National Center for Health Statistics. National Health Interview Survey. http://www.cdc.gov/nchs/
nhis.htm. Accessed May 2016

42. Yankaskas BC, Haneuse S, Kapp JM, Kerlikowske K, Geller B, Buist DS. Performance of first
mammography examination in women younger than 40 years. J Natl Cancer Inst. 2010; 102(10):
692-701. [PubMed: 20439838]

43. US Food and Drug Administration. Silver Spring, Maryland: US Department of Health and Human
Services; Jun. 2013 Available from: http://www.fda.gov/Radiation-EmittingProducts/
MammographyQualityStandardsActandProgram/default.ntmAccessed January 2015

44. American Joint Committee on Cancer (AJCC) Cancer Staging Manual. 6th. Lippincott Raven
Publishers; Philadelphia, PA: 2002.

Med Decis Making. Author manuscript; available in PMC 2019 April 01.


http://www.cdc.gov/nchs/nhis.htm
http://www.cdc.gov/nchs/nhis.htm
http://www.fda.gov/Radiation-EmittingProducts/MammographyQualityStandardsActandProgram/default.htm
http://www.fda.gov/Radiation-EmittingProducts/MammographyQualityStandardsActandProgram/default.htm

1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Mandelblatt et al.

45.

46.

47.

48.

49.

50.

51.

52.

53.

Page 15

Mariotto AB, Feuer EJ, Harlan LC, Abrams J. Dissemination of adjuvant multiagent chemotherapy
and tamoxifen for breast cancer in the United States using estrogen receptor information: 1975-
1999. J Natl Cancer Inst Monogr. 2006; (36):7-15. [PubMed: 17032888]

Mariotto A, Feuer EJ, Harlan LC, Wun LM, Johnson KA, Abrams J. Trends in use of adjuvant
multi-agent chemotherapy and tamoxifen for breast cancer in the United States: 1975-1999. J Natl
Cancer Inst. 2002; 94(21):1626-34. [PubMed: 12419789]

National Comprehensive Cancer Network (NCCN). NCCN Clinical Practice Guidelines in
Oncology - Breast Cancer. http://www.nccn.org/professionals/physician_gls/f_guidelines.asp.
Accessed May 2014

American Society of Clinical Oncology. Ten Years of Hormone Therapy Reduces Breast Cancer
Recurrence Without Compromising Quality of Life. Jun. 2016 https://www.asco.org/about-asco/
press-center/news-released/ten-years-hormone-therapy-reduces-breast-cancer-recurrence.
Accessed June 2016

Peto R, Davies C, Godwin J, et al. Comparisons between different polychemotherapy regimens for
early breast cancer: meta-analyses of long-term outcome among 100,000 women in 123
randomised trials. Lancet. 2012; 379(9814):432-44. [PubMed: 22152853]

Slamon DJ, Leyland-Jones B, Shak S, et al. Use of chemotherapy plus a monoclonal antibody
against HER2 for metastatic breast cancer that overexpresses HER2. N Engl J Med. 2001; 344(11):
783-92. [PubMed: 11248153]

Munoz, D., Plevritis, S. Estimating breast cancer progression features and survival by molecular
subtype in the absence of screening and treatment. MDM; 2017. In press

Gagnon RE, Stout NK, Alagoz O, Sprague BL, Gangnon RE, Trentham-Dietz A. Contribution of
breast cancer to overall mortality for U.S. women by age, cohort, race and body mass index.
Medical Decision Making. 2016 submitted.

Rosenberg MA. Competing risks to breast cancer mortality. J Natl Cancer Inst Monogr. 2006; (36):
15-9. [PubMed: 17032889]

Med Decis Making. Author manuscript; available in PMC 2019 April 01.


http://www.nccn.org/professionals/physician_gls/f_guidelines.asp
https://www.asco.org/about-asco/press-center/news-released/ten-years-hormone-therapy-reduces-breast-cancer-recurrence
https://www.asco.org/about-asco/press-center/news-released/ten-years-hormone-therapy-reduces-breast-cancer-recurrence

1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Mandelblatt et al.

Page 16

o APC Model
g (with Mammography)
& g Observed
¥ ] 2 APC Model
£ 8 (No Mammography)
£ 5 100-
=2
-U | —
<3
®
o
< 0-
1950 1970 1990 2010
Year

Figure 1.
Age-adjusted overall breast cancer incidence rates per 100,000 women for ages 25 to 84

years. Incidence rates from the age-period-cohort (APC) model estimated with (orange line)
and without (blue line) the mammography screening period effect. The green line is
observed SEER incidence based on data from nine SEER Registries, 1935-2010. Adapted
from Gangnon et al. (23)
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Figure 2. Mammography Use of Time
Panel A. The use of screening (annual, every two years, irregular, and never) among women

ages 30-79 by calendar year. These observed data were used a targets in modeling
dissemination of screening and intervals between screens. Note that the rate of never
screened includes women ages 30-39.
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Panel B. The percent of total mammograms performed in the US that were digital vs. plain
film by calendar year. Source: Breast Cancer Surveillance Consortium (BCSC, unpublished
data) and the FDA’s Mammography Quality Standards Act and Program. (43)
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Figure 3.
Treatment dissemination. The figure depicts use of adjuvant systemic treatment

dissemination from 1975-2010 for an exemplar stage and set of molecular markers (node
positive stage Ilb, ER+/HER2-) among women 50 to 69 years of age at diagnosis. In the
1980’s and early 1990’s multi-agent chemotherapy (blue line) included primarily CMF
regimens; starting in the mid-1990’s antracycline-based regimens were included and
increased in use, and in 1998 taxanes could be added to those regimens. Hormonal therapy
(red line) began with tamoxifen in the 1980°s and starting in 1997 also included aromatase
inhibitors. Hormonal therapy could be used alone or in combination with multi-agent
chemotherapy (“both”, green line). Over time, there was an increasing use of both multi-
agent chemotherapy and hormonal therapy.
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Figure 4.

Breast cancer survival curves in the absence of screening and treatment effects stratified by
ER and HER2-status, stage and tumor size. These survival curves were shared across all

modeling groups.
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Relative Risk of Invasive Breast Cancer by Breast Density and Age and Prevalence of Density by Age Group

Table 2

Age Group | BI-RADS Density | Breast Density—Related Risk® | Prevalence of Density Level within Age Group
40-49 A 0.37 0.05
B 0.72 0.35
C 1.16 0.46
D 1.46 0.13
50-64 A 0.50 0.09
B 0.84 0.46
C 1.25 0.38
D 1.53 0.07
65-74 A 0.61 0.13
B 0.94 0.53
C 1.28 0.31
D 1.45 0.03

Note: the base models include average population density. When density is explicitly included for specific analyses, these data are used to modify

incidence. In density-specific analyses, density also modifies mammography performance.

*
Referent group is average population density

Density a refers to entirely fatty; b to scattered density; ¢ to heterogeneously dense, and d to extremely dense

Source: Breast Cancer Surveillance Consortium. (24)
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Table 4

Definitions of Breast Cancer Mode of Detection

Mode of Detection

Definition

Screen-detected

Cancer diagnosed within 12 months after a positive screen and prior to the next screening mammogram (with and
without self-reported symptoms)

Interval-detected

Cancer diagnosed within 6 months after or 30 days before a diagnostic mammogram, with a screening mammogram
within 42 months prior to that mammogram

Clinical-detected

A diagnostic mammogram between 6 months prior to and 30 days after the cancer diagnosis and no prior mammogram
within 3.5 years (42 months) of the diagnostic mammogram

*
Note that the definition of interval cancer varies from that used to determine screening performance.
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