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Core Profile Documentation
These topics will provide an overview of the model without the burden of detail. Each
can be read in about 5-10 minutes. Each contains links to more detailed information if
required.
Model Purpose
This document describes the primary purpose of the model.

Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

Model Overview
This document describes the primary aims and general purposes of this modeling
effort.
Assumption Overview
An overview of the basic assumptions inherent in this model.
Parameter Overview
Describes the basic parameter set used to inform the model, more detailed
information is available for each specific parameter.
Component Overview
A description of the basic computational building blocks (components) of the model.
Output Overview
Definitions and methodologies for the basic model outputs.
Results Overview
A guide to the results obtained from the model.
Key References
A list of references used in the development of the model.
Further Reading
These topics will provide a intermediate level view of the model. Consider these
documents if you are interested gaining in a working knowledge of the model, its
inputs and outputs.
JNCIMonograph Outline
This topic provides links to profile content organized according to the JNCI
Monograph Outline for Model Description Chapters. Use this outline for
comparisons focused on the CISNET Base Case simulations.
Advanced Reading
These topics denote more detailed documentation about specific and important aspects
of the model structure
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SUMMARY
The Wisconsin model simulates breast cancer in a population over time generating
cancer registry-like data sets. By manipulating parametric input assumptions about
natural history, screening, and treatment the model can be used to address a number of
important policy questions.
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Results Overview
Key References

PURPOSE
The purpose of the NCI Cancer Intervention and Surveillance Modeling Network
(CISNET) is to promote simulation modeling as a tool that, in conjunction with the
nation’s cancer surveillance systems, can help to explain observed changes in cancer
incidence and mortality. Wisconsin offers a unique population laboratory to develop
and test breast cancer simulation models to meet this goal. We propose a collaboration
among simulation and statistics experts, and surveillance and epidemiology experts at
the University of Wisconsin, and the state of Wisconsin’s Cancer Reporting System to
study the use of simulation modeling to better understand trends in breast cancer
epidemiology and to enhance the use of simulation modeling for this purpose.
The Wisconsin model evolved from a simulation model constructed by Polun Chang a
decade ago for his Ph.D. dissertation 1.Chang asked whether the observed breast cancer
incidence and mortality in the state of Wisconsin over the years 1982-92 could be
represented by a mechanistic simulation model comprised of reasonable sub-models of
population demography, biologic onset and progression of breast cancer, screening for
and detection of breast cancer, and breast cancer treatment effectiveness. He
programmed a deterministic model which attempted to replicate the Wisconsin Cancer
Reporting System (WCRS) data on the annual age- and stage-specific incidence of
breast cancer from 1980 to 1992 2. Chang concluded that a substantial fraction (9%-23%)
of all breast cancers are pre-destined from their occult biologic onset to grow only to a
limited size (~1 cm diameter), would not present a lethal threat to the woman, and
would be indistinguishable from potentially lethal tumors of similar size. He termed
these indolent tumors "limited malignant potential (LMP)" tumors.
We had two objectives in redesigning the Chang model as part of the Cancer
Intervention and Surveillance Modeling Network (CISNET). The first objective is to
answer a question similar to Chang’s:
Is it possible to generate a realistic virtual Wisconsin cancer registry of incident breast cancers
for women residing in Wisconsin from 1975 to 2000, and to simultaneously replicate agespecific breast cancer mortality in this population during the same time period, with a microsimulation model comprised of realistically modeled processes representing breast cancer
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biologic onset and progression, detection by mammogram screening and case finding outside of
screening, and evolving treatment effectiveness over the same time period?
University of Wisconsin
Model Purpose
References:

Thus we ask whether observed cancer registry data are compatible at a relatively fine
scale over time with the joint product of dynamic processes which most
epidemiologists and physicians would agree underlie observed breast cancer data,
when those processes are constrained to behave in manner and scale as we think they
should. Chang found that he had to add a class of tumors, LMPs, which are
indistinguishable from small invasive breast cancers but which in fact do not represent
a threat to the host. We began the modeling process prepared to add such assumptions
reluctantly, instead exploring many plausible combinations of parameters to improve
fit of the virtual cancer registry before resorting to unobservable assumptions about the
underlying systems being modeled.
The second objective is to produce a model which can be used to explore ramifications
of alternative programs of screening and treatment for breast cancer. Once a simulation
model is constructed, it is quite flexible. The model allows output of both simulated
cancer registry data and also similar data about breast cancer latent in the population
at any given time. This provides the means to answer "What if?" questions about
changes in tumor detection and improvements in therapy.

REFERENCES:
Chang, P., “A Simulation Study of Breast Cancer Epidemiology and Detection since
1982: The Case for Limited Malignant Potential Lesions [Ph.D.]” 1993;
2 Bureau of Health Information, Division of Health Care Financing, Wisconsin
Department of Health and Family Services “Wisconsin Cancer Incidence and
Mortality, 1999” 2002;
1
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SUMMARY
This document overviews the modeling effort, the problems it addresses and previous
work relevant to this model.

PURPOSE
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

Model Purpose

BACKGROUND
The National Cancer Institute’s Cancer Intervention and Surveillance Modeling
Network (CISNET) was formed to use simulation modeling of surveillance data to
better understand cancer incidence and mortality. The state of Wisconsin offers a
unique population laboratory to develop and test breast cancer simulation models to
meet national goals of improving cancer surveillance methods. As part of this
consortium we developed and calibrated the Wisconsin Breast Cancer Epidemiology
Simulation Model, a discrete-event, stochastic simulation model designed to replicate
breast cancer incidence and mortality rates in the Wisconsin female population and
applicable to the US population from 1975-2000. The simulation was developed using a
systems-science, process modeling approach.

MODEL DESCRIPTION
We have taken a systems engineering approach to construction of our simulation
model for breast cancer incidence and mortality in a population. The complex,
dynamic biologic and sociodemographic system which results in observed breast
cancer statistics is comprised of models of subsystems and specifying the interactions
among them in a process analogous to what has been described as "reverse
engineering" of complex biologic systems 1. Our model is a discrete-event simulation
with a fixed cycle time of 6 months beginning in calendar year 1950. The model is
populated by 2.95 million women, divided into birth cohorts, and making up the
female population aged 20-100 years of age living in Wisconsin between 1950 and 2000.
Women in each birth cohort are individually simulated from calendar year 1950 (or the
year in which they were age 20) until they die a simulated death, achieve age 100, or
the simulated year 2000 is reached. The processes simulated are:
A. the natural history of breast cancer from inception to breast cancer death;
B. detection of breast cancer by screening mammography or clinical surfacing;
C. improvements in treatment of breast cancer and diffusion of treatments over
time; and
D. death from non-breast cancer causes.
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Each of these four major processes is stochastic, unfolding over time in the population,
and they jointly result in the observed cancer registry data. These processes form a
delicately balanced, interacting system within the population over time. They result in
observable consequences unfolding over time as embodied in the statistics collected by
a comprehensive cancer surveillance system. When referred to a specific population
and time period, these processes result in observed counts of incident breast cancers in
each of four distinct stages of disease, in women with known ages, year by year in the
reporting system. The model processes also result in counts of deaths in women with
known ages across the same years.

CONTRIBUTORS
Dennis G. Fryback, Ph.D.
Natasha K. Stout, Ph.D.
Marjorie A. Rosenberg, Ph.D., F.S.A.
Amy Trentham-Dietz, Ph.D.
Patrick L. Remington, M.D., M.P.H.
Vipat Kuruchittham, M.S.
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model. Prof. Miron Livny and his graduate students have provided valuable assistance
implementing our model on CONDOR. Discussions with Prof. Polly Newcomb, Dr.
Richard Love, Dr. Elizabeth Burnside, Dr. Tara Breslin, and with CISNET collaborators
at other institutions have been invaluable in many aspects of the process. Laura
Stephenson of the Wisconsin Cancer Reporting System was very helpful in providing
WCRS data and responding to questions. We have had programming assistance from
Thotsaporn Thanatipanonda, Lorne Tappa, Sriram Ganesan, and Vivek Puttabuddhi.
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SUMMARY
Our modeling approach assumes that observed incidence and mortality from breast
cancer over time can be replicated mechanistically by assembling simulation modules
representing basic processes whose general nature and operation is known, but which
may be governed by poorly known parameters. This document lists these processes
and assumed structure.

BACKGROUND
We assume four major processes, each ultimately stochastic, and each unfolding over
time in a poulation, result in the statistics observed over time in breast cancer
surveillance systems:

A. Natural history of breast cancer—
1. Onset: A primary breast cancer may be initiated at some point in a woman’s
life.
2. Progression/regression: The cancer will grow over time generally progressing
in size and spreading to other tissues; depending on their character, tumors
may or may not be a lethal threat to the host, and some tumors may regress.
3. Death: Breast cancer deaths occur as an endpoint of a process of uncontrolled
growth and spread of the tumor.
D. Detection of breast cancer—
1. Mammogram screening: Breast cancer may be detected by a screening
mammogram. A woman’s participation in screening may be stochastic or
systematic over time. Mammography screening has diffused, and possibly
improved over time.
2. Clinical surfacing: Breast cancer may be detected other than by screening
mammogram. We do not differentiate these pathways which include
diagnosis after symptomatic presentation, self-breast examination, clinical
breast examination, or incidental pre-symptomatic detection, terming them
collectively as "clinical surfacing."
C. Treatment of breast cancer—
• Potentially lethal breast cancer may in some cases be arrested or retarded by
medical intervention. Interventions include surgery of varying extent with or
without subsequent radiation, which we take as baseline treatment. Adjuvant
therapy with tamoxifen and/or polychemotherapy has been introduced over the
time period covered by the model. In the simulation at the individual woman level
we use an all or nothing "cure" model for treatment; this sub-model approximates
population-level treatment effectiveness statistics.
• Non-breast cancer mortality—
• Women die of non-breast cancer causes, with or without breast cancer present.
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Each of these processes is modeled with mathematical functions and stochastic
processes. The joint model is referred to as the simulation model or "the model." The
parameters governing these functions and processes are constrained by general
knowledge, by published data, and by systematic experiments in which the simulation
computes estimates of observed surveillance data over time and deviations between
the simulation results and observed data are reduced by changing the parameters (we
term this latter process calibration, or fitting of the model). Because these processes
form a complex and interacting system, some individual parameters may not be
identifiable in which case the goal of simulation modeling is to identify feasible sets of
values in the parameter space.

ASSUMPTION LISTING
Breast Cancer Natural History Assumptions
1. The probability of breast cancer onset in any given time interval is a function of
the woman's individual risk factors and a residual secular trend. (Cancer
Incidence Component)
2. Tumor growth is a function of a random intial growth parameter. (Natural
History Component)
3. Some tumors have limited malignant potential and will never be a lethal threat
to the woman host. (Natural History Component)
4. Breast cancer death can occur only after a tumor has reached the distant stage.
(Survival And Mortality Component)
Breast Cancer Detection Assumptions
5. Breast cancer is detected by either screening (characterized in the model as
screening mammography) or by other means (characterized in the model as
"surfacing"). (Screening Component)
6. The probability an undetected tumor surfaces in a given cycle of the model is an
increasing function of tumor diameter. (Screening Component)
7. The sensitivity of a screening mammogram is an increasing function of the
woman's age (=50), an increasing function of the diameter of the tumor, and an
increasing function of the calendar year of the screening mammogram.
(Screening Component)
8. The probability a woman receives a screening mammogram is characterized as
increasing over calendar time and her age. (Screening Component)
Treatment Effectiveness Assumptions
9. Treatment outcome is modeled as "cured" or "not cured".
a. A cured cancer's growth is arrested instantaneously at the time of treatment.
b. An uncured cancer continues to progress at the rate governed by its initially
assigned growth parameter to the distant stage and eventual breast cancer
death if death from other causes does not intervene. Spherical diameter
increase in the model due to "progression" in this case is obviously
metaphorical reference to tumor load and not physical diameter. (Natural
History Component)
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3. The probability of cure is a function of the treatment given and stage of the
tumor at detection and possibly the woman's age. (Treatment Component)
4. Treatment modality is a probabilistic function of the calendar year of detection,
as treatments have changed and diffused over time. (Treatment Component)
Non Breast Cancer Mortality
12. Non breast cancer mortality occurs independently of whether or not the woman
has breast cancer and is a function of the woman's current age and the calendar
year of her birth. (Survival And Mortality Component)
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SUMMARY
The Wisconsin model has many input parameters. This document lists these inputs
and their general nature--constants, tables, functions, etc.

BACKGROUND
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

The Wisconsin model is not estimated from any one data source. We have identified
processes that are inputs to the epidemiology of breast cancer or which affect statistics
that are collected by cancer surveillance in Wisconsin (and nationally) and have
attempted to characterize each of these processes mathematically, either with
parameters from published or available data sources or parameters estimated by expert
judgment.
For demographic data we generally used census data for the US and Wisconsin.
Mortality is derived from the Berkeley tables. Cancer surveillance data from the
Wisconsin Cancer Reporting System and from SEER were used. Mammography
dissemination was from data published in Wisconsin and from the NCI CISNET
basecase analysis. Treatment dissemination was supplied by NCI and treatment
effectiveness was from the EBCTCG meta-analyses. Breast cancer natural history was
patterned after the Shwartz model 1. Mammography characteristics were based on
published literature supplemented by expert judgment.
SEER data for Iowa were excluded to allow cross-validation of the Wisconsin model
using Iowa data.
Also see Model Calibration Procedures

PARAMETER LISTING OVERVIEW
The following lists the logical clusters of inputs to the Wisconsin breast cancer
simulation model.
Simulation Control
• Starting Simulated Year
• Ending Simulated Year
• Number of Burn-in years
• Termination age
• Cycle Length
• Number of replications
Population Component
• Birth Cohorts
• Number of women in Birth Cohort
• Non-breast cancer mortality tables
• Breast cancer mortality tables
Page 11 of 281
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• Population for age-adjusted output
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References:

Screening Component
• Mammography screening dissemination model
• Clinical surfacing probabilities
• Mammography operating characteristics
Cancer Incidence Component
• Tumor onset function
Natural History Component
• Tumor type
• Tumor growth rate (exponential growth)
• Positive node probability parameters
• Time to BC death distribution given stage 4
• Tumor size-to-historical-stage translation table
Treatment Component
• Treatment effectiveness by stage
• Adjuvant therapy dissemination model

REFERENCES:
1
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SUMMARY
The Wisconsin model simulates life histories of individual women from age 20 to age
100, death, or the year 2000. The model utilizes components comprising mortality from
non-breast cancer causes, breast cancer onset and progression and mortality, screening
and detection, and treatment. These are represented in the flowchart below.
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OVERVIEW
COMPONENT LISTING
Population Component - Starting the model in 1950, we simulate a number of women
equal to each single-year age cohort of women in the Wisconsin population aged 20-99.
In each year 1951-1999 we add to the simulation model the number of women aged 20y
in that year. The total number of women simulated is approximately 2.95 million.
Cancer Incidence Component - We use "incidence" to mean detection of a tumor; we
use "onset" to refer to biological initiation of the tumor. Since tumors grow over time in
our model we assumed that tumors which are incident (detected) at one time in fact
were biologically onset earlier, and that some women will die of non-breast cancer
causes with occult, undiagnosed breast cancer.
Natural History Component - We model breast cancer as a progressive disease, starting
with biologic onset at a small focus within the breast and growing spherically in size
over time, with probabilistic spread to lymph nodes. The growth model is a
simplification of a complicated biologic process, assuming that most breast cancers
start as small non-invasive entities and if detected at this time would likely be
classified as having historical stage "in situ."
Screening Component - We specify tumor detection probabilities, whether by
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mammography or clinical surfacing, as a function of the diameter of the tumor in
centimeters, the age of the woman, and the calendar year being simulated. These
probabilities were originally specified by a priori expert judgment, then refined by
calibrating model outputs to observed surveillance incidence data by tumor stage, not
size. The dependence within the model on size is due to an interaction in the model
between the growth sub-model and the detection sub-model and the output of these as
counts of detected simulated tumors graded into the four stages.
Treatment Component - For simplicity we model treatment as a cure/no-cure process.
When a breast cancer is detected, regardless of mode of detection, we assume it is
treated. The result of simulated treatment is either "cure" with total arrest of
progression at that time and hence no possibility of progressing to a breast cancer
death, or the result is "no cure" in which case the tumor continues to progress as if it
were undetected and the woman may die of breast cancer, competing causes, or
achieve age 100 depending on her individual circumstances.
Survival And Mortality Component - Breast cancer death occurs if the time to a
woman's death from non-breast cancer causes is longer than her time to death from
breast cancer. The time until death from non-breast cancer causes is chosen at the start
of the simulation.
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SUMMARY
Because the Wisconsin model simulates life histories for individual women, in
principle these entire histories are available at the end of the run. In practice the main
outputs are age- and historical stage-specific incidence rates of breast cancer and agespecific breast cancer mortality for each year from simulated 1975-2000.
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Results Overview
Key References

OVERVIEW
The usual outputs saved from a run of the model are as follows:
Means, and standard deviations across N simulations (of the population of interest) for
--

1. 5-yr age group age-, and historical-stage-specific incidence rates of breast cancer
in each of the simulated years 1975-2000.
2. 5-yr age-specific breast cancer mortality rates in each of the years simulated.
3. Prevalence of breast cancer in simulated year 1975 (an output constructed for
the breast base case)
Alternatively, the same output information can be displayed as age-adjusted rates over
calendar years.
With modest reprogramming, the simulation also is capable of outputting the
following sorts of quantities --

4. Rates or counts of true positive, positive, true negative, and negative
mammograms conditioned on screening history and age.
5. Age-specific and stage-specific prevalence of undetected breast cancer in any
given calendar year from 1975-2000.

OUTPUT LISTING
See Output Description for more detail.
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SUMMARY
This document describes results generated by the model.

OVERVIEW
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THE FIT OF THE FINAL MODEL AGAINST SEER AND WCRS.

FIGURE 1. The fit of the final model against SEER and WCRS. Incidence rates are ageadjusted to the U.S. population aged 30-79 in year 2000.

RESULTS LIST
To fit observed data, the model required the following assumptions about breast
cancer.
1. Breast cancer is a heterogeneous disease, varying in growth rates and in
aggressiveness. It is not necessary to assume the heterogeneity is related to
age to reproduce many aspects of observed epidemiology of breast cancer
with respect to age.
2. There is a class of breast cancer with limited malignant potential, constituting
a relatively prevalent latent pool of cancer in the population. If modeled as
solid spherical tumors LMP tumors will grow to approximately 1 cm
diameter, persist at that size for up to 2 years, and then recede. LMP tumors
constituted the followings in the year 2000 (Figure 2).
• 42% of all cancers at biological onset (= 126÷ (126+174))
• 28% of all incident tumors (= (24+45)÷(24+45+30+101+62+10))
• 44% of all incidence in situ tumors (= 24÷(24+30))
• 31% of all incident localized tumors (= 45÷(45+101))
• There is a small population of breast cancers which are metastatic almost from
their beginning. These constitute approximately 4% of non-LMP tumors (or 2% of
all tumors).
Page 16 of 281
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• The growth rates of tumors which are neither LMP nor the early metastatic type
are described by a Gompertz distribution implicit in the growth curves in Figure 3,
which shows size of tumors as function of time and percentile of the distribution
of means for the gamma distribution of Gompertz growth rates.

FIGURE 2. A snapshot of occult, incident, and prevalent breast cancer in the U.S. female
population aged 30-79 in 2000 as predicted by the simulation model is depicted. Incidence and
prevalence are shown as rates per 100,000 in the female population aged 30-79. The annual
prevalent case mortality rate is computed as percent per year of all prevalent breast cancers
(including LMPs) who die in that year. Of the 671+2196=2867 prevalent cases of breast cancer,
23% are LMP; these women were treated for breast cancer that was not a threat to them.
ABBREVIATIONS: IS = in situ, L=local, R=regional, D=distant, LMP=Limited Malignant
Potential.
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FIGURE 3. Sample growth curves (diameter of ideal spherical tumor as function of time since
onset at 0.2 cm diameter) for tumors are shown. The five curves, left to right, represent values
of the Gompertz growth rate at the 95th, 75th, 50th, 25th, and 5th percentiles of the gamma
distribution for growth rate in the best fitting parameter vector.

Also see: Model Calibration Procedures
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SUMMARY
This document describes the method by which tumor is initiated in the model.

OVERVIEW
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We use "incidence" to mean detection of a tumor; we use "onset" to refer to biological
initiation of the tumor. Since tumors grow over time in our model we assumed that
tumors which are incident (detected) at one time in fact were biologically onset earlier,
and that some women will die of non-breast cancer causes with occult, undiagnosed
breast cancer. With this consideration in mind, and allowing assumptions about the
LMP and hyper-aggressive classes of tumors discussed above, the onset rate for breast
cancer is computed in our model as follows.

DETAIL
To derive an onset rate for a woman aged years in calendar year we suppose the
observed incidence rate in the absence of screening for a woman in the same birth
cohort, but age
is
where is an average lag in years between onset and
incidence of tumors in the population. Let be the proportion of incident (detected)
tumors which are not LMP tumors, and let be the fraction of all onset tumors which
are LMP. Then the onset rate for the woman aged N years is given by

. The

numerator of the fraction is the rate of non-LMP tumors as a fraction of all incident
tumors years later, and these are
of the total number of tumors which are onset.
The model uses age-period-cohort breast cancer incident rates inferred in the absence
of screening, which incorporate an increasing secular trend, provided to the CISNET
collaboration by the NCI (see Figure 4) 1. We fit the lag parameter, , empirically during
calibration. The fitted values derived for the three parameters during model calibration
are =3, =0.42, and =0.95.
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FIGURE 4. An age-period-cohort model for breast cancer incidence in absence of screening.
Derived for CISNET consortium. 1. The four lines depict incidence in the indicated years.

Actual incidence observed as output from the simulation model is a function of the
underlying pool of tumors that are biologically onset, the nature of the tumors (in
particular, tumor diameters), the probability of clinical surfacing as a function of size of
tumor, and the operating characteristics for screening mammography as a function of
size of the tumors (i.e., screening sensitivity).
With one exception, we do not model recurrence or second primary breast cancers. The
exception is that a woman with an undetected LMP tumor which then disappears is
again at risk for onset of any type of breast cancer. A woman may not have both an
LMP and a "real" tumor simultaneously. Once a woman is diagnosed with breast
cancer—LMP or otherwise—in the current simulation she cannot develop a second
primary breast cancer. We do not model recurrence per se, as discussed later under
"treatment."

RELEVANT ASSUMPTIONS
RELEVANT PARAMETERS
RELEVANT COMPONENTS
DEPENDENT OUTPUTS
RELEVANT RESULTS
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SUMMARY
This document describes the model of tumor progression.

OVERVIEW
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We model breast cancer as a progressive disease, starting with biologic onset at a small
focus within the breast and growing spherically in size over time, with probabilistic
spread to lymph nodes. The growth model is a simplification of a complicated biologic
process, assuming that most breast cancers start as small non-invasive entities and if
detected at this time would likely be classified as having historical stage "in situ."

DETAIL
Natural history of the disease.
We discuss tumor progression before biological tumor onset here since we found
parameters controlling onset depend on the nature of the progression model.
The tumor progression model.
We initially began with a model proposed by Shwartz 4 which modeled tumor growth
as an exponential doubling process. In Shwartz’s model, every breast cancer is
assumed to have a fixed growth rate once drawn at the tumor’s biologic inception from
a lognormal distribution. Shwartz modeled the number of involved lymph nodes at a
given time as a cumulative Poisson process with rate parameter determined by current
tumor diameter and the rate at which the diameter is changing so that the larger the
tumor, the more likely it is to have involved nodes and the faster growing the tumor is
the more likely it is to have metastatic spread. In Shwartz’s model all tumors started at
a diameter of 0.5cm.
We altered two aspects of Shwartz’s model to better calibrate to surveillance data.
Because modern screening is potentially capable of detecting breast cancers less than
0.5cm in size, tumors now enter the simulation with a size of 0.2cm. Second, we
implemented a decelerating, Gompertz growth function 5 to replace Shwartz’s
exponential growth function. Shwartz had suggested a Gompertz function may fit
equally well as the exponential model and did some exploration of this alternative. 6;
(M. Shwartz, personal communication, 2002) The exponential model, characterized by
constant tumor volume doubling times, is plausible for early tumor growth, but
implausible as tumors become larger in size. The Gompertz growth model is
exponential growth with decelerating doubling time shown in equation (1).

(1)
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Here
is the tumor volume at time , is the initial tumor volume, the parameter
is the initial tumor growth rate, and a governs deceleration in growth rate over time.
We fix one of these parameters by fixing the maximum asymptotic tumor volume as
,
. Solving for and substituting into equation (1) we get the
volume at time expressed in terms of one free parameter, .

(2)
Finally, assuming spherical tumors, tumor volume and diameter are related by
. Substituting this expression where appropriate in (2), taking the cube root of both
sides, and solving for
as a function of corresponding constants
, , and , we
get an equation for tumor diameter at time .

(3)
The minimum and maximum diameters were specified arbitrarily at 0.2 and 8.0 cm, to
be reasonably within bounds observed clinically. The growth parameter is modeled
as a gamma-distributed random variable with a mean of 0.12 and a variance of 0.012,
values derived in the model calibration process. The mean and variance of the gamma
distribution were determined by model calibration. Figure 1 shows tumor diameter as
a function of time (in months) for tumors with growth parameters from various
percentiles of the growth rate distribution.
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FIGURE 1. Sample growth curves for tumors. The ordinate is diameter in cm, and the abscissa
is the number of months since tumor inception. The five curves, left to right, represent values
of

at the 95th, 75th, 50th, 25th, and 5th percentiles of the gamma distribution for growth rate

(smaller values of represent slower growth)

The rate of additional involved nodes was modeled based on Shwartz’s model 6. In
Shwartz’s model the instantaneous rate at time t was given by
where the bi, are constants with values 0.0058, 0.0053, and
0.0002 respectively, i=1,2,3,. Integrating
from time
to time , we derive the
additional nodes in that interval,

In calibrating the model to observed incidence surveillance data we found that this
formula gave slightly too fast a rate of tumor spread. For a tumor of a given diameter,
, and corresponding volume
, we used Shwartz’s equation for a tumor with a
volume corresponding to a diameter 25% smaller,
, based on fitting this
parameter during calibration. Figure 2 shows the resulting empirical rate of
additionally involved lymph nodes in a 6 month period as a function of simulated
tumor diameter and growth rate.
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FIGURE 2. Poisson rate of additional involved nodes in the next 6 month period as a function
of current tumor size. The three curve segments represent (from left to right) tumors in the 5th
, 50th, and 95th percentiles of the growth rate distribution.

Tumors with zero nodes that are less than 0.95 cm in diameter are defined as having in
situ stage in our model. Tumors with zero nodes and greater than 0.95 cm are
considered to be localized. Tumors with 1 to 4 nodes are considered to be regional
stage tumors. Any tumor with 5 or more involved nodes is considered to be in the
distant stage and proxy for more widespread involvement.
Additional assumptions about tumor natural history.
Preliminary model results revealed that far too many occult tumors were required to
achieve the rise in incidence (detection) that occurred after the widespread use of
screening mammography during the late 1980s. In order for breast cancer incidence to
be sufficiently high during this time period the model required unrealistically elevated
breast cancer mortality rates prior to the dissemination of mammography. For this
reason, we incorporated the same assumption that Chang included in his original
model: A substantial fraction of all incident breast cancers prior to screening must have
be of limited malignant potential (LMP), i.e., of no lethal threat to the host woman.
Furthermore, we inferred there must be a reservoir of these occult LMP tumors that
would be discovered with the advent of screening programs. The following
characterization of LMP tumors evolved during model fitting and calibration:
LMP tumors have the same growth rate distribution as other tumors (the gamma
distribution described above), and grow according to the same Gompertz growth
function as other tumors. However they cease growth at 1 cm in size, and they
disappear after 2 years dwell time at this size. LMP tumors never exhibit metastatic
spread, and thus do not lead to breast cancer death.
Each of these characteristics was needed to obtain satisfactory calibration of the model
dynamically across time. Since LMP tumors were needed as biologically prevalent but
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occult tumors to feed the dramatic rise in incidence of localized breast cancer with the
advent of screening, they could not progress beyond the localized stage and do not
cause breast cancer death. To remain largely occult in the absence of screening they
could not grow too large, hence the 1 cm upper limit. Too large a pool of undiagnosed,
prevalent tumors developed in the simulation if the LMP tumors remained indefinitely
after reaching the 1 cm limit, so we imposed the 2-year dwell time (this parameter
being fit during calibration); future versions of the model will include regression over
time, but currently disappearance is modeled as instantaneous at 2 years. The fraction
of all tumors that were defined as LMP tumors was found through calibration to
incidence surveillance data and the corresponding parameters are discussed below
under "onset." The existence of LMP tumors is at present hypothetical. We must
assume they are histologically indistinguishable from "real" breast cancer or their
existence would be already known. It is our claim, resulting from our modeling efforts,
that assuming their existence is necessary to explain the dynamics of the observed facts
about breast cancer in the population over the past 25 years.
It is reasonable to ask whether the role that LMP tumors play in the model might be
simulated by skewing the growth distribution toward slow-growing tumors. In fact the
upper growth limit of about 1 cm is also needed in the characterization of LMP tumors,
as is the regression of these tumors. While they may represent an "indolent" end of the
growth distribution of breast cancer they appear to be a distinct subpopulation of
cancers statistically, with the entire population being a mixture of LMP type and lethal
type tumors. An extensive discussion of the need for the LMP tumor type is presented
elsewhere 7.
In the same way that LMP tumors represent an indolent end of the tumor growth
spectrum, we found we needed to assume there were hyper aggressive tumors at the
other end of the spectrum as well. Since the mid-1990s, the incidence rates for breast
cancer diagnosed at the regional or distant stage have leveled off 8. Our simulation
model assumes that a small fraction of tumors have rapid metastatic spread. At
initiation in the growth model, when the primary tumor diameter is assumed to be 0.2
cm, 1% of non-LMP tumors are assumed to have 4 positive nodes, and 2% has 5 or
more nodes, i.e., these tumors are either regional or distant stage tumors right at
initiation and cannot be detected in an earlier stage in the model.

RELEVANT ASSUMPTIONS
RELEVANT PARAMETERS
RELEVANT COMPONENTS
DEPENDENT OUTPUTS
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OVERVIEW
Breast cancer death occurs if the time to a woman's death from non-breast cancer
causes is longer than her time to death from breast cancer. The time until death from
non-breast cancer causes is chosen at the start of the simulation using mortality
probabilities derived from birth cohort-specific, U.S. mortality tables published at UC
Berkeley. From these probabilities we have removed breast cancer as a cause of death
using breast cancer mortality rates in SEER data, and standard actuarial procedures.

DETAIL
Breast cancer death.
We assume that breast cancer death results only from disease which has progressed to
the distant stage. (In our model, tumors continue to grow larger and involve an
increasing number of lymph nodes even after clinical detection if they are not "cured."
This is obviously a simplistic shadow model for more complicated biologic processes
of recurrence and spread of treated breast cancers.) At the time a woman’s cancer
reaches the distant stage in the simulation, whether detected or not, she is assigned a
time of death from breast cancer. Time until death is drawn from an empirical
distribution based on survival times for women in the SEER registry diagnosed with
distant stage breast cancer between 1975 and 1982 and who died of breast cancer 1. We
selected this time period to be prior to the advent of widespread mammography
screening. Presumably tumors found in the distant stage after the advent of screening
are from the increasingly aggressive end of the growth spectrum and we wished to use
survival times to breast cancer death from a more representative sample of the
spectrum. The 1975-82 time period also pre-dates modern treatment protocols for
distant stage breast cancer. The empirical distribution (figure 3) was estimated by
smoothing a life table of years of life from age at diagnosis created for these women
from SEER data 1. The median time to breast cancer death after arriving at the distant
stage in our model is 1.95 years, and mean time 5.22 years.
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FIGURE 3. Empirical distribution of time from diagnosis to time of breast cancer death for
women diagnosed with distant stage breast cancer in SEER between 1975 and 1982.

Mortality from non-breast cancer causes
We actuarially adjusted age-specific all-cause life tables of female mortality by birth
cohort to develop mortality rates from non-breast cancer causes. The all-cause
mortality by birth cohort from 1891 to 2000 is published by the Berkeley Human
Mortality Data Base 2, while the age-specific breast cancer mortality is from National
Center for Health Statistics, Centers for Disease Control and Prevention, vital
statistics(see 3 for details). The resulting non-breast cancer mortality rates are common
input to all the CISNET breast cancer collaboration models.

RELEVANT ASSUMPTIONS
RELEVANT PARAMETERS
RELEVANT COMPONENTS
DEPENDENT OUTPUTS
RELEVANT RESULTS

Page 29 of 281

All material © Copyright 2003-2009 CISNET

REFERENCES:
University of Wisconsin
Survival And Mortality Component
References:

Page 30 of 281

Ries, LAG., Eisner, MP., Kosary, CL., Hankey, BF., Miller, BA., Clegg, L “SEER
Cancer Statistics Review, 1975-2000” in National Cancer Institute 2003;
2 Wilmoth, JR., Shkolnikov, V., [Directors] “Human Mortality Database. US Female
Death Rates by Year of Birth” 2003;
3 Rosenberg, MA “Competing risks” in JNCI Monographs 2004;
1

All material © Copyright 2003-2009 CISNET

SCREENING COMPONENT
University of Wisconsin
Screening Component

SUMMARY
This document describes the methods by which screening is simulated in the model.

OVERVIEW
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

We specify tumor detection probabilities, whether by mammography or clinical
surfacing, as a function of the diameter of the tumor in centimeters, the age of the
woman, and the calendar year being simulated. These probabilities were originally
specified by a priori expert judgment, then refined by calibrating model outputs to
observed surveillance incidence data by tumor stage, not size. The dependence within
the model on size is due to an interaction in the model between the growth sub-model
and the detection sub-model and the output of these as counts of detected simulated
tumors graded into the four stages.

DETAIL
Clinical Surfacing
Clinical surfacing is expressed as an annual probability, and converted to a 6-month
interval probability in each cycle of the simulation. We presume the probability of
detecting an existing breast cancer in the absence of screening is low for small tumors
and the probability should increase with diameter of the tumor. We also believe that
women’s self-detection of breast lumps has improved, particularly over the past
decade, as a result of increasing public awareness of breast cancer. Under these
assumptions, the annual probabilities for clinical surfacing of a tumor are shown in
Table 1. These are the result of fitting and smoothing during calibration of the model
subject to constraints that they are increasing in tumor diameter and over time, and
that the probability at 0.3 cm is zero and at 8 cm is 1.0. Notice that the improvement
in detection in the decade of the 1990s appears to be mostly for small to mid-size
tumors.

TABLE 1. Annual Probabilities of Clinical Surfacing
Diameter of the tumor (cm)*
Year*
1990
2000

1.0

1.5

2.0

3.0

4.0

5.0

8.0

0.0

0.3

0.06

0.07

0.15

0.40

0.70

0.80

1.0

0.0

0.06

0.07

0.30

0.55

0.75

0.80

1.0

*Probabilities are linearly interpolated for years between 1990 and 2000, and between
tumor diameters.
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The one exception to this table is that if at the beginning of a simulated 6 month
interval a woman with an as-yet undetected tumor is determined to die of breast
cancer, we force detection at that time regardless of size of the primary tumor on the
presumption that the cause of death would almost surely be diagnosed ante mortem
from other signs and symptoms of metastatic disease even though the primary may be
small. This proviso is necessitated because of the discrete time steps of the simulation
and the fact that we do not model symptoms.
Sensitivity of Mammography Screening
Table 2 shows detection probabilities of a mammogram for an existing breast cancer.
These are probabilities of detecting a tumor of a given diameter, in a woman of a given
age, in a given calendar year on a given screening mammogram. (These are not rates or
annual probabilities.) The values in Table 2 are the result of calibration to incidence
data given constraints of monotonicity in tumor diameter, woman’s age, and calendar
year, and that the sensitivity to a tumor 5 cm is .99, and 8 cm in diameter is 1.0. Note
the probability of detecting a tumor between 0.2 and 0.5 cm in diameter is constant in
tumor diameter as detection of small tumors is mostly dependent on factors other than
size such as calcification.

TABLE 2. Sensitivity of Mammography
Diameter of the tumor (cm)**
Year*

0.20

0.2-0.5

0.75

0.35
0.60

1.5

2.0

5.0

8.0

0.65

0.85

0.99

1.0

0.65

0.85

0.99

1.0

Women aged
1984

0.00

0.06

2000

0.00

0.20

Women aged

50y**

1984

0.00

0.1

0.45

0.65

0.85

0.99

1.0

2000

0.00

0.30

0.65

0.80

0.90

0.99

1.0

*Probabilities are linearly interpolated for years between 1984 and 2000, and between
tumor diameters.
**Sensitivity of mammography is presumed to increase after menopause when breast tissues become
more radiolucent with fatty replacement. Our current model uses an abrupt transition at age 50 to
represent what is likely a more gradual process.
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Diffusion of mammography utilization
Screening mammography before 1982 was sporadic and rare. Originally, we used
mammography dissemination data from Wisconsin to specify the probability that a
woman of a given age would receive a screening mammogram in a given calendar year
from 1982-1991 2. More recently we have incorporated an age-period model of annual
screening probability 3. The output of this model is random ages representing the age at
first screen for a woman and the ages of subsequent screens up to age 100. The
marginal frequencies match national data from the US for screening rates from 1975 to
2000. If a woman with an occult tumor is screened in the simulation, the probabilities
in Table 2 are used to determine whether or not the tumor is detected at that screen.
When a tumor is detected, the underlying state of the tumor according to the natural
history model determines the stage of detection. Note that detection probabilities are
not a function of stage, but of simulated tumor size and mammography sensitivity
given the woman’s age and the calendar year. Mammography detection rates by tumor
stage are emergent properties of the simulation.

RELEVANT ASSUMPTIONS
RELEVANT PARAMETERS
RELEVANT COMPONENTS
DEPENDENT OUTPUTS
RELEVANT RESULTS
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Treatment and treatment effectiveness
For simplicity we model treatment as a cure/no-cure process. When a breast cancer is
detected, regardless of mode of detection, we assume it is treated. The result of
simulated treatment is either "cure" with total arrest of progression at that time and
hence no possibility of progressing to a breast cancer death, or the result is "no cure" in
which case the tumor continues to progress as if it were undetected and the woman
may die of breast cancer, competing causes, or achieve age 100 depending on her
individual circumstances. Continued simulated growth in this case is used to mark a
time-line for progression and size per se is not meant to be biologically representative.
This method for modeling treatment outcomes models survival given treatment as a
mixture of two survival curves conditioned on the woman’s age and the tumor
characteristics at the time of detection. One curve is the survival curve of women that
age without breast cancer; the other curve is women that age and with tumors of the
same stage but untreated, which is a function of the underlying natural history model.
The mixture probability to be fit is termed the "cure" fraction. Although this method
gives up fitting the shape of the survival curve given stage, and treatment, it avoids
having to make direct assumptions about survival given mode of detection, treatment,
etc., which we wish to be emergent properties of the model rather than inputs.
The treatment submodel has three logical parts. First, we specified treatment
effectiveness—cure fractions—in the pre-tamoxifen pre-adjuvant polychemotherapy
era for tumors treated at different stages with a standard, baseline therapy. These
"baseline" cure probabilities metaphorically represent overall mastectomy with or
without radiation as was common in the pre-1975 era. Second, we specified the relative
improvement in survival with the various combinations of adjuvant therapies added to
the baseline therapy. Third, we specified the diffusion of these adjuvant treatments
over time as a function of characteristics of the woman and the stage of tumor at
diagnosis.

DETAIL
The model assumes that all women receive baseline treatment consisting of standard
therapy such as surgery and/or radiation and that the effectiveness of this baseline
treatment has not changed over time. In addition women may receive one of five
modes of adjuvant therapy. The different modes of adjuvant therapy, which are
determinants of the effectiveness of treatment, are chemotherapy only, tamoxifen only
for two years, tamoxifen only for five years, chemotherapy in combination with
Tamoxifen for two years or chemotherapy in combination with tamoxifen for five
years.
Women with breast cancer detected in the localized or regional stages are assigned a
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mode of adjuvant treatment based on the calendar year, her current age, tumor size/
stage and revealed estrogen receptor (ER) status. Tumors diagnosed in the in situ or
distant stages are not assigned adjuvant therapy. The likelihood of each mode of
treatment is based on observed use of the treatment. Data describing the likelihood of
treatment were provided by NCI based on analysis of data from the Patterns of Care
study as well as combined data from numerous cancer registries 1. These data show
increasing use of chemotherapy for large localized tumors and regional tumors over
time and increasing use of a 5-year course of tamoxifen for ER positive tumors. All
CISNET collaboration models use these data as input.
Revealed ER status is modeled as a function of the true ER status of the tumor as well
as the calendar year. True ER status is based on the age of the woman at the time of
tumor onset (Table 3) 2. In the simulation, the treatment probabilities are determined in
part by whether the ER status is known. We used SEER data from 1990 forward (the
first year this was recorded in the SEER data) to estimate the proportion of tumors with
ER status determined; probabilities before this time were based on assessment of a
local expert oncologist-breast cancer researcher (Table 4). The treatment administered
is in part determined by whether the ER status is known and if so whether it is positive
or negative. The treatment effectiveness is determined as a function of the ‘true’
underlying ER status of the tumor and the treatment given.
TABLE 3. Probability that a tumor is ER Positive by Age
Age

Pr(ER+)
0.6

45-54

0.65

55-64

0.74

65-74

0.77

75+

0.83

TABLE 4. Likelihood that the True ER status of a tumor will be known
Year

Pr(ER Status Known)
0.1

1975-1979

0.2

1980-1984

0.5

1985-1989

0.63

1990

0.68

> 1991

0.69

No data directly describe the effectiveness of treatment as implemented in the
simulation model. Data from randomized clinical trials are usually reported as relative
survival gains or decreases in annual mortality odds. Thus the derivation of the
likelihood that a particular mode of treatment would be effective was a several step
process.
The estimation of treatment effectiveness started with baseline effectiveness for
standard treatment by stage at detection in the absence of adjuvant therapy. These
likelihoods were estimated by expert opinion and were refined during the calibration
process. Observed survival was approximated by a mixture of the survival given
treatment is completely effective and the survival given treatment is completely
ineffective where the mixture proportion is the probability that treatment is effective.
Using this relationship, 10-year survival probabilities (considering all causes of death)
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were estimated from the simulation model under conditions that all treatment is
completely effective and again assuming all treatment is completely ineffective, and
modified 10-year survival probabilities were computed by age group and stage.
Annualized mortality rates were calculated assuming that the annual mortality rate
was constant over the 10-year interval.
The annual odds of mortality for adjuvant treatment were calculated by applying trial
results about the performance of treatment reported as the annual reduction in the
odds of mortality to the computed annual odds of mortality for baseline treatment.
These annual odds were further adjusted based on the length of the course of treatment
for tamoxifen. These adjustments to the baseline odds of mortality assume that the
effects of chemotherapy and tamoxifen are independent and that tamoxifen is effective
for women with tumors that are ER positive 3(pp1-15,71-85).
These adjusted annual odds of mortality by the current age of the woman, tumor stage
(localized and regional only), true ER status, and mode of adjuvant treatment were
converted back to the annualized mortality rates. Again assuming constant annual allcause mortality, implied 10-year survival probabilities were computed. Adjusted
mixture proportions that treatment is curative were recomputed based on the adjusted
10-year survival probabilities and the two simulated survival probabilities under
conditions that all treatment is either completely effective or completely ineffective.
These adjusted cure fractions are reported in table 5.
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Stage

Age ER status No Adj Tx Tam 2yr Tam 5yr Chemo only

Tam 2yr +chemo

Tam 5yr +chemo

In Situ

-

0.990

0.990

0.990

0.990

0.990

0.990

In Situ

50-59 -

0.990

0.990

0.990

0.990

0.990

0.990

In Situ

60-69 -

0.990

0.990

0.990

0.990

0.990

0.990

In Situ

70+

-

0.990

0.990

0.990

0.990

0.990

0.990

In Situ

+

0.990

0.990

0.990

0.990

0.990

0.990

In Situ

50-59 +

0.990

0.990

0.990

0.990

0.990

0.990

In Situ

60-69 +

0.990

0.990

0.990

0.990

0.990

0.990

In Situ

70+

+

0.990

0.990

0.990

0.990

0.990

0.990

-

0.820

0.820

0.820

0.882

0.882

0.882

Localized 50-59 -

0.820

0.820

0.820

0.867

0.867

0.867

Localized 60-69 -

0.820

0.820

0.820

0.864

0.864

0.864

Localized 70+

-

0.820

0.820

0.820

0.957

0.957

0.957

Localized

Localized

+

0.820

0.861

0.884

0.882

0.913

0.931

Localized 50-59 +

0.820

0.881

0.916

0.867

0.921

0.952

Localized 60-69 +

0.820

0.921

0.980

0.864

0.959

1.000

Localized 70+

+

0.820

1.000

1.000

0.957

1.000

1.000

Regional

-

0.400

0.400

0.400

0.527

0.527

0.527

Regional 50-59 -

0.400

0.400

0.400

0.470

0.470

0.470

Regional 60-69 -

0.400

0.400

0.400

0.446

0.446

0.446

Regional 70+

-

0.200

0.200

0.200

0.268

0.268

0.268

Regional

+

0.400

0.482

0.532

0.527

0.599

0.642

Regional 50-59 +

0.400

0.492

0.549

0.470

0.558

0.611

Regional 60-69 +

0.400

0.509

0.578

0.446

0.554

0.621

Regional 70+

+

0.200

0.370

0.493

0.268

0.448

0.575

Distant

-

0.050

0.050

0.050

0.050

0.050

0.050

Distant

50-59 -

0.050

0.050

0.050

0.050

0.050

0.050

Distant

60-69 -

0.050

0.050

0.050

0.050

0.050

0.050

Distant

70+

-

0.025

0.025

0.025

0.025

0.025

0.025

Distant

+

0.050

0.050

0.050

0.050

0.050

0.050

Distant

50-59 +

0.050

0.050

0.050

0.050

0.050

0.050

Distant

60-69 +

0.050

0.050

0.050

0.050

0.050

0.050

Distant

70+

0.025

0.025

0.025

0.025

0.025

0.025

+

The baseline cure fractions are shown in the "No Adj Tx" column. Initially we held
these constant within stage regardless of the age of the woman. However breast cancer
mortality among older women was consistently too low. Accordingly, we reduced the
cure fractions of the two more advanced stages for women aged 70 years and older.
This is consistent with observations that older women appear to be less aggressively
treated than younger women 6.
Treatment of LMP tumors is assumed to be 100% curative since these tumors are, by
our definition, not lethal.

RELEVANT ASSUMPTIONS
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4 Newcomb, PA., Carbone, PP. “Cancer treatment and age: patient perspectives” in J
Natl Cancer Inst 1993; 85: 19: 1580-4
5 Kemeny, MM., Peterson, BL., Kornblith, AB., Muss, HB., Wheeler, J., Levine, E.
“Barriers to clinical trial participation by older women with breast cancer” in J
Clin Oncol 2003; 21: 12: 2268-75
6 Wyld, L., Reed, MW. “The need for targeted research into breast cancer in the
elderly” in Br J Surg 2003; 90: 4: 388-99
1
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The inputs to the simulation model are numerous. We took the following inputs as
given:
1. Estimated breast cancer incidence in the absence of screening;
2. The patterns of mammography dissemination over time;
3. The patterns treatment dissemination over time;
4. Dissemination of ER status determination over time, and the relationship
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Component Overview
Output Overview
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Key References

between the woman’s age and ER status of her tumor;
5. The relative effectiveness of various modes of adjuvant therapy.
Other inputs to the model were calibrated to make the model outputs conform to
surveillance data from 1975-2000. These calibrated inputs include the tumor detection
probabilities in Tables 1 and 2 in Screening Component, the baseline treatment
effectiveness probabilities in the no adjuvant therapy ("No Adj Tx") column of Table 5
in Treatment Component, and the variables listed in Table 6. Table 6 is entitled "core
parameters" because these 10 turned out to be the parameters about which the least is
known and which apparently control model output with the most sensitivity.
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Parameter

Use in the model

[Sampled
Range]
(increment size
for discrete
sampling)

Final
value

Wide
Focused
ranges* ranges*
1. LMP

Proportion of all biologically incident tumors assumed to be Limited

[0% -

[30% -

Fraction

Malignant Potential (LMP)

55%]

50%]

(1%)

(1%)

2. Max

LMP tumors assumed to grow no larger than this diameter (cm) (this variable 1 cm

1 cm

LMP Size

was fixed as it is entangled with In Situ Boundary, the Gompertz growth

42%

1 cm

parameters, and LMP Dwell Time)
3. LMP

Maximum sojourn time (years) for LMP tumor after reaching Max LMP Size; [1-3]

Dwell Timeafter this time without discovery, the LMP tumor disappears next simulation (0.5)

[1.5-2.5] 2 y
(0.5)

cycle.
4. In Situ

The diameter (cm) below which the tumor is classified as in situ stage in the

Boundary simulation if there are no associated positive lymph nodes

5. Onset

Ratio of assumed age-specific biologic onset rate divided by age-specific

Proportion incidence rate (the latter specified by age-period-cohort model estimated in

[0.75 -

[0.85 -

0.95

1.0]

0.99]

cm

(0.01)

(0.01)

0.85 - 1.2 0.8 - 1.0 0.9
(0.01)

(0.01)

absence of screening - see text).
6. Onset

Time interval (years) between year of index onset rate and incidence rate used [1-8]

[1.5-4]

Lag

in Onset Proportion. This is to "fill the pipeline" with biologically onset tumors (0.5)

(0.5)

3y

which will be discovered at a given incidence rate some years later. Because
the cycle time of the model in 0.5 years, this was taken to be step size.
7. Percent 4 Percent of biologically onset, non-LMP tumors which are assigned 4 positive

[0 - 5%] [0 - 1%] 1%

nodes

(1%)

lymph nodes at onset. (This places these tumors at the upper limits of

(1%)

simulated regional tumors, which are presumed to have 1-4 positive nodes.)
8. Percent 5 Percent of biologically onset, non-LMP tumors which are assigned 5 positive

[0 - 5%] [2 - 4%] 2%

nodes

(1%)

lymph nodes at onset. (This simulates these tumors in the distant stage from

(1%)

their initiation in the model.)
9. Mean

The Gompertz growth rate is assumed to have a gamma distribution across all [0.01 -

[0.08 -

Gamma

onset tumors. This parameter is the mean of this gamma distribution (see text). 0.2]

0.18]

(0.01)
10. Var

The variance of the gamma distribution of Gompertz growth rates

Gamma

0.12

(0.01)

[0.006 - [0.01 0.1]

0.05]

(0.001)

(0.001)

0.012

*The wide range was used for initial sampling of parameter space; the focused range
was used to focus sampling in a sub-region of parameter space closer to where the best
solution was thought to be. See text for details.
Our objective in constructing this simulation model of breast cancer epidemiology was
to have a computer model whose output mimics the contents of a cancer surveillance
registry. Thus, we calibrated to breast cancer incidence data for 10 5-year age groups
from 30-34 years to 75-79 years across the 26 calendar years 1975-2000, and 4 historical
stages at detection (in situ, local, regional, distant) appearing in the Wisconsin Cancer
Reporting System and in the national SEER data base, exclusive of Iowa 1. Jointly, these
comprise a surface of (10x26x4) = 1040 points at which model output should
approximate data from the two (non-equal) surveillance data sets. Manipulating the
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inputs in order to maximize fit to this surface is a complex optimization problem with
no unique objective function and no closed form solution. Accordingly, we approached
calibration heuristically in several stages.
First, to reduce the dimensionality of the problem of comparing model output to
known registry data we adjusted incidence rates to the year 2000 standard age
population (for ages 30-79 years) and subjectively judged the fit of the model by
comparing the 4 stage-specific incidence rate curves and the age-adjusted breast cancer
mortality curve over the single years from 1975 to 2000. We concentrated not only on
minimizing error in predicting rates (demanding approximately the same relative fit
for each curve despite the large variation in absolute rates by stage), but also on the
qualitative shapes of these curves compared to WCRS and SEER data.
We began calibration with a set of initial values for input parameters in Tables 1, 2 in
Screening Component, and 6. These tables jointly summarize all calibrated inputs to
the simulation model and are the parameters controlling incidence rates. Initial values
were based on literature searches and expert judgments. Factorial experiments were
devised to examine the effects of varying combinations of parameters in reasonable
ranges. The output of each combination of parameters was represented as a
"calibration plot" such as shown in the first five panels of Figure 5. We assessed these
plots "by eye", judging how closely model output fit WCRS and SEER data. A typical
factorial experiment varying 3 parameters in a 2 x 2 x 4 design took on the order of 3
days to run and analyze. This process led to modifications of the model structure and
inputs. Once model output appeared to fit incidence curves well, the 4 baseline cure
fractions (one for each stage) in the "No Adj Tx" column of Table 5 in Treatment
Component were adjusted to bring age-adjusted breast cancer mortality rates predicted
by the model to the levels of the observed data.
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FIGURE 5. This is a calibration plot for the final model inputs. Four panels of the figure show
incidence rates per 100,000 women (adjusted to population aged 30-79, US standard
population for year 2000) for each stage, in situ, local, regional, or distant, and one panel
shows breast cancer mortality rates. The scales have been adjusted to provide comparable
visual assessment of fit across the panels; the absolute rates vary considerably across the
panels. The two dark lines are data from SEER (excluding data from Iowa) and from the
Wisconsin Cancer Registry. Iowa has been held out for later cross-validation as a state similar
geographically and demographically to Wisconsin. Vertical bars indicate plus or minus 2
standard deviations for each annual point value across 300 replications using the fixed input
parameters. The final panel is a histogram of the evaluation scores (as described in the text) for
the 300 replications with the model inputs fixed.

For the next phase of calibration, we performed parameter sampling experiments. The
purposes of parameter sampling were to explore whether a better fitting parameter
combination(s) may be found than the one at which we arrived heuristically, to assess
the likelihood of parameter combinations yielding good fitting solutions, and to be able
to make uncertainty statements about our fitted parameter values. In this phase we
specified wide ranges around the parameter values resulting from the first phase of
calibration and sampled trial parameter values from uniform distributions in these
ranges.
It was necessary to develop auxiliary computational tools to carry out the sampling
experiments. The major tool was a function to automatically screen the model’s "fit"
resulting from a particular set of input parameters. Each unique combination of input
parameters is a vector in the model parameter space (a 10-dimensional space if we
consider only parameters in Table 6, or a higher dimension space if parameter values
from Tables 1 and 2 in Screening Component are also considered). Let be a vector of
input parameter values. We wished to evaluate a set of parameter vectors,
, where N is a large number (on the order of tens or hundreds of
thousands), sampled uniformly in a pre-specified hypercube of parameter space
(ranges for sampling are shown in Table 6). To do this we evaluated the fit of the
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simulation output to observed surveillance data using each as input. Because there
were many parameter vectors to evaluate, a method was required to automatically
evaluate "fit", the evaluation we had been doing by "eye" in phase 1. Denote the fit of
the simulation at by the function,
. The function must evaluate the closeness of
the simulation output to approximately 1040 non-independent points defined by 26
years of surveillance incidence data. Further, given , the output of the simulation is
complex stochastically. Each execution of the simulation, a "replication", mimics
detailed surveillance data from 1975-2000. We did not wish to fit observed data exactly
because observed data are only one "sample" from a stochastic real world, but rather to
find underlying parameters leading to behavior stochastically similar to observed
surveillance data.
Accordingly, we were reluctant to define solely in terms of an error function such as a
sum of squared deviations across the 1040 points. Such an error function deemphasizes incidence rates with small numerical values thus obscuring the importance
of the trends from low to high rates in early stage cancers. Using a squared error
penalty function resulted in representing age-adjusted incidence curves which do not
"flatten" enough in later years compared to observed surveillance data. We instead
elected to define using acceptance envelopes around the four age-adjusted stagespecific incidence curves shown in Figure 6 and to count number of points at which the
simulation output fell outside the envelopes. This equalizes importance of matching
general shapes of the observed data curves regardless of the absolute numerical size of
the rates in a given year. Envelope widths were defined using replication-to-replication
variation in the simulation output (the variation is largely independent of the specific
parameter values) such as shown in Figure 5. We set envelope widths to screen for
potentially "good" input parameter combinations. That is, given an input parameter
vector whose mean output across many replications would fall near the centers of the
envelopes, we expected the 4 stage-specific output incidence curves from a _single
_replication run would be unlikely to exceed the envelope often and a vector whose
mean output was near the edges of the envelope was likely to generate data exceeding
the envelope in many places on any given replication. We defined a scoring function,
, as the sum of the number of points at which the 4 curves from one replication
executed using the input parameters fell outside the envelopes. With 26 years from
1975-2000 and 4 curves, there is a total of 26x4=104 points at which the output from one
replication could exceed the envelopes, hence the range of the evaluation function was
.
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FIGURE 6. The dotted boundaries show the acceptance envelopes used for parameter
sampling experiments. Incidence rates are age-adjusted to the U.S. population aged 30-79 in
year 2000. The fit of a proposed input parameter vector was scored by counting excursions of
one replication’s output of the simulation beyond the envelope bounds at any of the 26x4=104
possible annual points from 1975 to 2000. The envelope for in situ cancer is biased toward the
SEER data since those represent a much larger number of cases. Generally envelope widths
vary with wider envelopes being associated with lower, and hence more variable, rates.

We used the CONDOR environment for simultaneous execution of the simulation by a
large pool of networked computers. With approximately 120 computers in the
CONDOR pool to which we had access, we could evaluate approximately 1000-1500
sampled s per day.
Three "experiments" were conducted to calibrate and evaluate the model. Experiment 1
was designed to sample the parameter space broadly across all variables from Tables 1,
2 in Screening Component, and 6. The curve cut-points in Tables 1 and 2 in Screening
Component were constrained so that probabilities of detection increased with size of
tumor. Table 6 shows ranges sampled. All initial sampling was from uniform
distributions (or equal probability distributions for variables sampled discretely). After
approximately 57,000 s were evaluated with the result being no score under 10 (i.e.,
for all s evaluated), we constrained the LMP fraction to be under 10% for the
next 15,000 samples to ensure dense sampling near zero for this potentially contentious
variable. A total of 72,335 s were evaluated in this fashion with none scoring less than
10 and only 10 scoring under 16. For the next 30,000 samples we constrained LMP
fraction to range from 30-55%, closer to our initial solution of 42%. Of the 30,188
uniformly sampled s a total of 363 yielded scores of 10 or less, 91 with a score of 5 or
less, 15 with a score of 3, 4 scoring a 2, 1 scoring 1, and none scoring 0.
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From Experiment 1, it appeared s leading to acceptably calibrated simulated
incidence curves are rare in the parameter space defined by plausible marginal ranges
of inputs. By sampling, we improved only slightly on our initial "by eye" solution,
making small changes in parameters to match a with score of 2. We did not select the
vector with a score of 1 because of the 4 vectors with score of 2, one of them had
slightly better age-specific results than the one scoring 1 point better on age-adjusted
evaluation. We also conclude that models with LMP fraction less than 30%, and
especially those with LMP fraction near 0%, can be excluded for lack of fit to observed
incidence, and this was in spite of testing a very wide range of other inputs to
compensate.
Experiment 2 asked whether which were identified with low (good) scores in
Experiment 1 generally had good solutions also existing in neighborhoods near them,
and if those identified with higher (poorer) scores generally had poor solutions in their
neighborhoods – i.e., does our scoring function f appear to separate neighborhoods
well. We picked four of the s with scores in the 0-3 range ("good"), and four s with
scores in the 11-15 range ("poor"), and sampled and scored an additional 500 in the
neighborhood of each of these eight vectors. A "neighborhood" was defined by freezing
the detection probabilities for each vector (parameters from Tables 1 and 2 in Screening
Component), and sampling remaining parameters (from Table 6) within a range of ±5%
of the original vector’s values. Examining the distributions of scores from samples
around these vectors we generally found about 30% of samples in the neighborhood of
a "good" vector to have scores equal to or less than 10, and far fewer than 1% of
samples around "poor" vectors to score at 10 or less. We concluded that using our
scoring function, , was a reasonable method to automate exploring the parameter
space.
Although broadly speaking our acceptable solutions—i.e., the set of with scores less
than 10—appear somewhat concentrated in the parameter space, they do not form a
connected set. We believe there may be clusters of mutually non-identifiable
parameters, hence we see a solution set with some marginal distributions being bimodal or multimodal. Figure 7 presents marginal plots of selected parameters in the
set of with scores less than 10. These may be interpreted roughly as posterior
marginal distributions for the input parameter values.
Experiment 3 ran 300 replications using our "best fit" solution, denoted . These
replications, when scored using f yielded a score range of 0-10; the distribution of
scores is shown in the lower right hand panel of Figure 5. The calibration plot in Figure
5 was drawn using these replications of . Tables 1, 2 in Screening Component, and 6
present the parameter values for . Note that is not simply a joint mean of the
marginal distributions in Figure 7 because we have selected the this vector based on
having a score at the lower end of the range deemed "acceptable" for purposes of
producing figure 7.
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FIGURE 7. Marginal posterior distributions for six of the input parameters in Table 6. These
histograms show values of the named parameters for input parameter vectors with scores of
10 or less in the sampling experiment. The ranges shown correspond to the ranges sampled for
these parameters. Note that the parameters are not independent.

Additional outputs of the model have been compared to data where they exist (results
not shown). For example the survival curves implied by the baseline cure probabilities
are a good match to long-term survival published by Fisher, et al, in a follow-up study
of modified mastectomy and lumpectomy treatments 3. The stage distribution at
detection as a function of tumor size is similar to SEER data 1. The age-specific
prevalence of breast cancer in the year 1975 appears to match prevalence rates derived
by NCI statisticians from SEER data (data not shown).

REFERENCES:
Ries, LAG., Eisner, MP., Kosary, CL., Hankey, BF., Miller, BA., Clegg, L “SEER
Cancer Statistics Review, 1975-2000” in National Cancer Institute 2003;
2 Fisher, B., Jeong, JH., Anderson, S., Bryant, J., Fisher, ER., Wolmark, N. “Twentyfive-year follow-up of a randomized trial comparing radical mastectomy, total
mastectomy, and total mastectomy followed by irradiation” in N Engl J Med
2002; 347: 8: 567-75
3 Fisher, B., Anderson, S., Bryant, J., Margolese, RG., Deutsch, M., Fisher, ER.
“Twenty-year follow-up of a randomized trial comparing total mastectomy,
lumpectomy, and lumpectomy plus irradiation for the treatment of invasive
breast cancer” in N Engl J Med 2002; 347: 16: 1233-41
1
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SUMMARY
This document describes the method by which population is simulated in the model.
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The model was designed to produce counts of incident tumors and breast cancer
deaths over time to reproduce corresponding counts in the WCRS from 1980-1998, this
being the interval for which WCRS is available and stable. Hence we scaled the
simulation to replicate the life histories of a population of women from whom these
counts would arise. Starting the model in 1950, we simulate a number of women equal
to each single-year age cohort of women in the Wisconsin population aged 20-99. In
each year 1951-1999 we add to the simulation model the number of women aged 20y in
that year. (We chose age 20 under the assumption that breast cancer is so rare in
younger women that we can ignore its occurrence before that age.)

DETAIL
The total number of women simulated is approximately 2.95 million. Each complete
simulation of these 2.95 million women is one replication of the simulation and results
in data equivalent to the breast cancer cases in the WCRS from 1978-1998 plus the years
1950-1977, and 1999-2000. One replication on a desktop computer with a Pentium 4
processor and 384 Mb of RAM requires approximately 10 minutes. We submit runs
consisting of multiple replications, typically 10-50, using a large set of networked
computers utilizing the CONDOR sharing software 3.
We started the model in 1950 assuming no breast cancer is present in any woman
living at that time. The breast cancer onset and progression submodels described above
are invoked in 6 month cycles from simulated year 1950 to 1975 as "burn-in" for our
model under the assumption that the prevalence has stabilized after the 25 year runup.
For comparison of output to other CISNET collaborators, when we computed ageadjusted rates, we adjusted results to the US standard population (male and female)
aged 30-79 in the year 2000.

RELEVANT ASSUMPTIONS
RELEVANT PARAMETERS
RELEVANT COMPONENTS
DEPENDENT OUTPUTS
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In: Buyya R, editor
3 Thain, D, Tannenbaum, T., Livny, M. “Condor and the grid. In: Berman F, Hey AJG,
Fox G, editors” in Grid Computing: Making the Global Infrastructure a Reality
1

Page 48 of 281

All material © Copyright 2003-2009 CISNET

OUTPUT DESCRIPTION
University of Wisconsin
Output Description

When a woman meets the exit criteria for the simulation (i.e., she dies, she reaches age
100, or the ending calendar year of the simulation is reached) her data are tallied in a
series of event counters.
The primary counters accumulate counts relevant to numerators and denominators of
output quantities of interest. Example counters are:
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1. indexed by age and calendar year, counts instances of being alive and a given
age in a given calendar year. This count is used as a denominator.
2. similarly indexed, counts instances of being alive and breast-cancer free at a
given age in a given calendar year. This too is a potential denominator.
3. indexed by historical stage, age, and calendar year, and mode of detection
(mammogram or clinical surfacing), counts instances of incidence breast cancer.
4. indexed by historical stage, age, and calendar year, and nature of the tumor
(agressive breast cancer or breast cancer of limited malignant potential) tallies
undetected breast cancers
Similar ad hoc counters can be implemented for special runs of the simulation.
The counts in these arrays are converted to rates per 100,000 at the end of 1 simulation
replication of the entire population. These rates are then stored for N complete
replications and the median, mean, and standard deviations are computed across the N
replications.
These single-year outputs can be combined to show age-adjusted outputs across time
(see Results Overview)
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Core Profile Documentation
These topics will provide an overview of the model without the burden of detail. Each
can be read in about 5-10 minutes. Each contains links to more detailed information if
required.
Model Purpose
This document describes the primary purpose of the model.

Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

Model Overview
This document describes the primary aims and general purposes of this modeling
effort.
Assumption Overview
An overview of the basic assumptions inherent in this model.
Parameter Overview
Describes the basic parameter set used to inform the model, more detailed
information is available for each specific parameter.
Component Overview
A description of the basic computational building blocks (components) of the model.
Output Overview
Definitions and methodologies for the basic model outputs.
Results Overview
A guide to the results obtained from the model.
Key References
A list of references used in the development of the model.
Further Reading
These topics will provide a intermediate level view of the model. Consider these
documents if you are interested gaining in a working knowledge of the model, its
inputs and outputs.
JNCIMonograph Outline
This topic provides links to profile content organized according to the JNCI
Monograph Outline for Model Description Chapters. Use this outline for
comparisons focused on the CISNET Base Case simulations.
Advanced Reading
These topics denote more detailed documentation about specific and important aspects
of the model structure
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SUMMARY
This document summarizes the purpose of this modeling effort

PURPOSE
The purpose of the modeling effort described in this publication is two-fold:
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

1. Designing explanatory and predictive tools for quantitative description of the
effects of breast cancer screening for various screening strategies, including the
national trends in breast cancer incidence and mortality under the base case
scenario.
2. Developing methods for statistical inference on the natural history of breast
cancer in terms of biologically meaningful parameters.
In what follows, we use the term prediction to mean extrapolation of the basic
epidemiological descriptors from one setting to another, including new interventions
and risk factors, but not the problem of forecasting future population trends. The latter
sort of model-based 1 predictions is of dubious value without sufficient knowledge of
future changes in all components of the natural history of the disease. See Clayton and
Schifflers 1 for the discussion of this problem in the context of age-period-cohort model.
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SUMMARY
This document provides a high-level background on the model and the guiding
principles used to develop it.

PURPOSE
The purpose of the modeling effort described in this publication is two-fold:
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

1. Designing explanatory and predictive tools for quantitative description of the
effects of breast cancer screening for various screening strategies, including the
national trends in breast cancer incidence and mortality under the base case
scenario.
2. Developing methods for statistical inference on the natural history of breast
cancer in terms of biologically meaningful parameters.
See Model Purpose and Model Discussion for more details.

BACKGROUND
The traditional approach to mathematical or simulation modeling of cancer screening
tends to describe the process of tumor development in only one dimension, that is, the
time natural history. A broader methodological idea is to construct a stochastic model of
cancer development and detection that yields the multivariate distribution of
observable variables at the time of diagnosis 1. By focusing on such multivariate
observations, rather than just on the age of patients at diagnosis, this idea seeks to
invoke an additional source of information (available only at the time of detection) in
order to improve estimation of unobservable parameters of cancer latency. Some
authors (Blumenson and Bross, 1969; Schwartz, 1978a, 1978b) 4 have long realized the
advantages of multivariate analysis in screening studies, but specific modeling and
inferential techniques require a much higher level of sophistication than that in the
earlier attempts at a comprehensive theory of cancer screening. In the present paper,
we limit our inference on the natural history of breast cancer to just two important
variables, namely, the tumor size and the age of a patient at diagnosis, using
mechanistic models of tumor development and detection to derive an analytic
expression of the joint distribution of the said variables. In doing so, we take advantage
of a mechanistic two-stage model of carcinogenesis to describe the "disease-free" stage
of breast cancer development and the so-called quantal response model to relate a
chance of detecting a tumor to its size; the latter mechanism applies equally to both
incident and screen-detected (prevalent) cases.
The proposed model of the natural history of breast cancer has the following
advantages:
1. It is based on a minimal set of biologically plausible assumptions.
2. It is proven to be completely identifiable.
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3. It is formulated in terms of probabilistic characteristics that can be estimated in
the presence of data censoring, thereby requiring no demographic information
for their evaluation.
4. When applied to the data generated by randomized screening trials, the model
allows estimation of all parameters by the method of maximum likelihood,
while a subset of its parameters responsible for the progression (preclinical)
stage of tumor development can independently be estimated from the
population-based data available from the Surveillance, Epidemiology and End
Results (SEER) NCI program.
5. All parameters are estimated from epidemiological data using the same model
which makes them by far more reliable than those available from the literature,
because the latter estimates have been obtained under dramatically dissimilar
models and assumptions.
6. When extrapolations are made to a different data set, minimal calibration is
needed, involving only those parameters that are likely (on biological grounds)
to vary between the two sets of data.
7. The predictive power of the model has been evaluated in several applications
under strict conditions allowing no further calibration of any of its parameters
already estimated (calibrated) in a different setting.
The model has been built in part on the base case inputs shown in Table 1.
TABLE 1 Base Case Parameter Usage Table
Parameter

Usage

Base Case Treatment Dissemination

not needed

Base Case Mammography Dissemination

used in provided form

Base Case Other Cause Mortality

not needed

Base Case Age Specific Breast Cancer Incidence used for validation
Base Case Age Adjusted Breast Cancer Incidence some values were used for calibration
Base Case 1975 Breast Cancer Prevalence

not needed

Base Case 1975 Cause Specific Survival

not needed

Base Case Historical Survival

not needed

Base Case 1975 Breast Cancer Mortality

used for calibration

Base Case Breast Cancer APC Incidence

uses a processed version of the standard parameter (relative risks)

Base Case Treatment Effect

not needed

Base Case SEER 9 Mortality

used for calibration

The natural history model allows us to estimate the effects of screening on the agespecific cancer incidence and the distribution of major covariates at the time of
diagnosis. This inference is entirely independent of the data on cancer mortality. To model
the effect of screening on cancer-specific mortality, one needs to establish a quantitative
relationship between clinical covariates (age, stage, tumor size, etc) and post-detection
survival of patients with breast cancer. Regression survival models are designed to
estimate the survival time distribution conditional on covariate information, while the
joint (multivariate) distribution of covariates at the time of diagnosis provides a link
between the natural history of breast cancer and cancer-specific survival. It should be
noted that the periodic screening evaluation methodology 5, while quite elegant, does
not represent a strong alternative to flexible natural history models because of its many
limitations among which is the assumption that any effect of birth cohort is negligible.
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We resorted to a new class of extended hazard regression models with cure that has
been extensively studied in recent years (Yakovlev and Tsodikov, 1996; Asselain et al.,
1996; Ibrahim et al., 2001a; 2001b; Tsodikov, 2002; 2003; Tsodikov et al., 2003, to name a
few) 12. Even the simplest model from this class provides an excellent description of the
effects of clinical covariates on cancer survival 10. In combination with the natural
history component, this model was used in our studies to describe the US national
trend in breast cancer mortality over the period from 1975 to 1999. The observed
mortality trend is consistent with the assumption that there has been a relatively long
history of incremental improvements in breast cancer treatment. The conjecture is
corroborated by a recent analysis of breast cancer mortality in the United Kingdom 15
indicating that the mortality rate began to decrease before the start of mammographic
screening.
The model has proven to be adequate for the complex phenomena that so far have
been explored in relation to cancer incidence and mortality. This, however, does not
mean that our model is either perfect or universal; it may call for further modifications
if future applications so require. We believe that improved models of cancer screening
can be developed in the future through including more components (in addition to age
and tumor size) in the vector of clinical covariates accessible to measurement at the
time of diagnosis. See Hanin and Yakovlev 1 for the general idea and associated
analytical techniques.

MODEL DESCRIPTION
This modelling effort may be partitioned into two sections, the underlying, analytical
model and a simulation-based counterpart used to explore the behavior of the basic
model under various theoretical scenarios.
A Simulation Model
While many characteristics of the above described model of the natural history of
breast cancer can be derived analytically, we developed its simulation counterpart on
which to explore the behavior of the basic model under various theoretical scenarios.
This simulation model is easier to handle when comparing modeling results with
epidemiological indicators in population settings. Another advantage of the simulation
approach is that the software can be more readily modified when new elements, such
as sensitivity thresholds, need to be incorporated into the basic model structure. Also,
the simulation model makes it easier to calculate such important characteristics as the
mean lead time (and the corresponding variance) and program sensitivity. The
simulation model generates individual histories of cancer development and detection
for each birth cohort in accordance with the postulates formulated in Natural History
Component and Screening Component. The time of tumor onset was generated
according to the distribution given by formula (1) in Natural History Component,
while for the preclinical stage duration
the Gompertz distribution given by the
second formula in (2) was employed. The reciprocal of the growth rate was generated
from a two-parameter gamma distribution. The effect of screening was modeled as
described in Screening Component with the probabilities of detection at the th screen
specified by formula (5). The information on age and tumor size was retrieved after
each event of either screen-based or spontaneous detection. The probabilistic
characteristics of interest were estimated nonparametrically from the simulated data.
The code was written in PASCAL DELPHI.

Page 61 of 281

All material © Copyright 2003-2009 CISNET

CONTRIBUTORS
University of Rochester
Model Overview
Contributors

REFERENCES:
Hanin, L.G., Yakovlev, A.Y. “Multivariate Distributions of Clinical Covariates at the
Time of Cancer Detection” in Statistical Methods in Medical Research 2003;
2 Blumenson, L.E., Bross, I.D.J. “A mathematical analysis of the growth and spread of
breast cancer” in Biometrics 1969; 22: : 95-109
3 Schwartz, M. “An analysis of the benefits of serial screening for breast cancer based
upon a mathematical model of the disease” in Cancer 1978a; 41: : 1550-1564
4 Schwartz, M. “A mathematical model used to analyse breast cancer screening
strategies” in Operations Research 1978b; 26: 937-955
5 Baker, S.G., Erwin, D., Kramer, B.S., Prorok, P.C. “Using observational data to
estimate an upper bound on the reduction in cancer mortality due to periodic
screening” in BMC Medical Research Methodology 3, 4 2003;
6 Yakovlev, A.Y., Tsodikov, A.D. “Stochastic Models of Tumor Latency and Their
Biostatistical Applications” 1996;
7 Asselain, B., Fourquet, A., Hoang, T., Tsodikov, A.D., Yakovlev, A.Y. “A parametric
regression model of tumor recurrence: An application to the analysis of clinical
data on breast cancer” in Statistics and Probability Letters 1996; 29: : 271-278
8 Ibrahim, J.G., Chen, M.H., Sinha, D. “Bayesian Survival Analysis” 2001a;
9 Ibrahim, J.G., Chen, M.H., Sinha, D. “Bayesian semi-parametric models for survival
data with a cure fraction” in Biometrics 2001b; 57: : 383-388
10 Tsodikov, A. “Semiparametric models of long- and short-term survival” in Statistics
in Medicine 2002; 21: 895-920
11 Tsodikov, A. “Semiparametric models: A generalized self-consistency approach” in
J. Roy. Statist. Soc. 2003; Ser. B: 65: 759-774
12 Tsodikov, A.D., Ibrahim, J.G., Yakovlev, A.Y. “Estimating cure rates from survival
data: An alternative to two-component mixture models” in J. Amer. Statist.
Assoc. 2003;
13 Yakovlev, A.Y., Tsodikov, A.D., Boucher, K., Kerber, R. “The shape of the hazard
function in breast carcinoma: curability of the disease revisited” in Cancer 1999;
85: 1789-1798
14 Zaider, M., Zelefsky, M.J., Hanin, L.G., Tsodikov, A.D., Yakovlev, A.Y., Ling, C.C.,
Fuchs, Z., Leibel, S.A. “A survival model for fractionated radiotherapy with an
application to prostate cancer” in Physics in Medicine and Biology 2001; 46:
2745-2758
15 Kobayashi, S. “What Caused the Decline in Breast Cancer Mortality in the United
Kingdom?” in Breast Cancer 2004; 11: : 156-159
1

Page 62 of 281

All material © Copyright 2003-2009 CISNET

ASSUMPTION OVERVIEW
University of Rochester
Assumption Overview

SUMMARY
The document summarizes the key assumptions the model rests upon.

BACKGROUND
As noted in the Model Overview, one of the model's advantanges is that it is based on
a minimal set of biologically plausible assumptions.
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ASSUMPTION LISTING
Key assumptions are listed below, see the referenced pages for more detail on the
reasoning and impact of these assumptions.
Natural History Component
The latent period of tumor development can be broken down into three stages:
1. formation of initiated cells,
2. promotion of initiated cells resulting in the first malignant clonogenic cell,
3. subsequent tumor growth and progression until the event of detection occurs.
The time to tumor onset distribution:
Let be the age of an individual at tumor onset, and the time of spontaneous tumor
detection (in the absence of screening) measured from the onset of disease. We use a
two-stage stochastic model of carcinogenesis proposed by Moolgavkar et al. 3 to specify
the probability density function,
, of the random variable . The model is given by
the following survival function

(1)
from which the density

can be derived. Here

are identifiable

model 6.

parameters of the
Formula (1) specifies the distribution of the duration of the
first two stages of carcinogenesis. The process of initiation is usually modeled as a
Poisson process. In this case, the parameter is the ratio of the initiation rate and the
rate of proliferation of initiated cells, while and are parameters of the promotion
time distribution. This model has proven to provide a good fit to diverse data on
animal and human carcinogenesis (see Gregori et al. 7 for goodness of fit testing).
Tumor detection:
If a random variable represents tumor size (the number of cells in a tumor) at
spontaneous detection, we assume the law of tumor growth is described by a
deterministic function
with
so that
. It is assumed
in addition that
1. random variables
independent;

and

are absolutely continuous and stochastically

2. function is differentiable and
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3. the hazard rate for spontaneous tumor detection is proportional to the current
tumor size with coefficient
If is the exponential tumor growth rate, the most straightforward generalization of
the model can be accomplished by assuming that some of its parameters are random.
In particular, suppose
is gamma distributed with parameters and . Note that
randomness of is reflective of the individual variability of tumor growth rate.
Screening Component:
Let
be the time of spontaneous detection (incidental and interval cases) and
the
time of screening based detection, both times being measured from the disease onset.
Then for the time of combined detection we have:
It is natural to
assume that the random variables and are conditionally independent given the onset time
.
We assume that the conditional discrete rate of screening based detection is
proportional to the current tumor size.
To make the model of screening more realistic, we introduced threshold values for
detectable volumes of tumors. The threshold volume for screening based detection was
set at
which is the minimum volume observed among screen-detected tumors
in the CNBSS data set. Similarly, a threshold of
for spontaneous detection was
determined from the CNBSS data after eliminating four smallest values suspected as
likely outliers. However, the net results of modeling epidemiological descriptors are
not perceptibly affected by the above thresholds.
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SUMMARY
This document describes the estimation of key model paramters.

BACKGROUND
The core set of paramters used in the Natural History Component and Screening
Component were derived from individual data generated by the Canadian National
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Breast Screening Studies. This study consists of two screening trials individually
randomized and conducted during 1980-96 and followed to 1996 in fifteen centers in
Canada. Both trials were coordinated at the University of Toronto by a study team
directed by one of the co-authors of this paper (Dr. A. B. Miller).
See Parameter Estimation Discussion for details on methods used to estimate paramter
from these data.
In addition to these Canadian data, we utilized the paramters provided by the NCI for
the CISNET Breast Base Case Simulation. Parameters used are summarized below.
Also see Model Calibration Procedures.

PARAMETER LISTING OVERVIEW
TABLE 1: Base Case Parameter Usage Table
Parameter

Usage

Base Case Treatment Dissemination

not needed

Base Case Mammography Dissemination

used in provided form

Base Case Other Cause Mortality

not needed

Base Case Age Specific Breast Cancer Incidence used for validation
Base Case Age Adjusted Breast Cancer Incidence some values were used for calibration
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Base Case 1975 Breast Cancer Prevalence

not needed

Base Case 1975 Cause Specific Survival

not needed

Base Case Historical Survival

not needed

Base Case 1975 Breast Cancer Mortality

used for calibration

Base Case Breast Cancer APC Incidence

uses a processed version of the standard parameter (relative risks)

Base Case Treatment Effect

not needed

Base Case SEER 9 Mortality

used for calibration
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SUMMARY
This document describes the logical components of the model.

OVERVIEW
The model includes the following components:
Readers Guide
Model Overview
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Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

1. Natural history component
2. Screening component
3. Treatment component
The first two components are required to model breast cancer incidence
(independently of mortality), while the third component translates the first two
components into breast cancer mortality. The link between the first two and the third
component is provided by the distribution of major clinical covariates (age, tumor size,
stage) at diagnosis and a regression survival model allowing for a non-zero cure rate.

COMPONENT LISTING
Cancer Incidence Component
Natural History Component
Our methodology attempts to implement the following concept formulated by Albert
et al. 1: More realistic models for tumor detectability can be synthesized by first modeling the
behavior of tumor growth over time and superimposing a model for detection probability as a
function of tumor size. This idea was set forth in the so-called quantal response model of
tumor detection developed by Bartoszy´nski and other authors in several publications
(see 2, for details and references). In the Natural History Component document, we
outline the most basic features of the class of quantal response models of cancer
detection combined with mechanistically motivated models of carcinogenesis.
Screening Component
Treatment Component
Survival And Mortality Component

REFERENCES:
Albert, A., Gertman, P.M., Louis, T.A., Liu, S.I. “Screening for the early detection of
cancer. 2. The impact of the screening on the natural history of the disease.” in
Mathematical Biosciences 1978; 40: 61-109
2 Bartoszynski, R., Edler, L., Hanin, L., Kopp-Schneider, A., Pavlova, L., Tsodikov, A.,
Zorin, A., Yakovlev, A. “Modeling cancer detection: Tumor size as a source of
information on unobservable stages of carcinogenesis” in Mathematical
Biosciences 2001; 171: 113-142
1
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SUMMARY
General categories of outputs produced by the model.

OVERVIEW
Intermediate outputs:
The simulation counterpart of the natural history model produces a vector of clinical
Readers Guide
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Component Overview
Output Overview
Results Overview
Key References

covariate (age, stage, tumor size) at diagnosis of breast cancer.
The regression survival model produces survival times conditionally on the vector of
covariates resulted from the natural history model.
Final outputs:
Using intermediate outputs the most basic epidemiological indicators characterizing
incidence and mortality are computed.

OUTPUT LISTING
Intermediate outputs: age, stage, and tumor size at diagnosis; post-detection survival.
Final outputs: age-specific incidence and mortality; age-adjusted stage-specific
incidence; age-adjusted size-specific incidence; age-adjusted overall incidence; ageadjusted mortality.
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SUMMARY
This document discusses results produced by the model when simulating various
scenarios.

OVERVIEW
We used the proposed model to obtain maximum likelihood estimates of the basic
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parameters of the natural history of breast cancer from randomized screening trials.
This inference is entirely independent of the data on cancer mortality. The biologically
meaningful parameters of breast cancer development are of significance in their own
right.
Having estimated parameters of the model from such data, we used a simulation
counterpart of the same model to predict various epidemiological indicators associated
with breast cancer incidence and mortality in the general population under different
screening scenarios.

RESULTS LIST
Model Validation Procedures
Describes preliminary results from validation runs of the model.
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We begin our discussion by quoting Clayton and Schifflers 1: It is the purpose of statistical
analysis to extract from research data the maximum information in as parsimonious and
comprehensive manner as possible. While absolutely valid, this statement places two
conflicting requirements upon model-based statistical inference. For a model to be
useful, its complexity must be adequate for the information contained in the data to be
analyzed. A mathematical or simulation model whose parameters are not identifiable
is practically useless, because there may be infinitely many parameter combinations
providing the same (best) fit. A proper reparametrization can make a particular model
identifiable (the age-period-cohort model represents a typical example), but the most
commonly met situation is that additional sources of information need to be utilized in
order to overcome this difficulty. Wherever possible, a theoretical proof of model
identifiability should be provided. Alternatively, numerical or simulation studies are
needed to show that the model is not over-parameterized and is sensitive enough to
parameter values to allow for estimation of its parameters from real data. This usually
implies that a model must be sufficiently simple to meet the above requirements. At
the same time, it should be flexible enough to provide a good description of
heterogeneous data sets. The approach presented here appears to satisfy both
requirements, thereby representing the desired compromise between identifiability
and flexibility of the proposed model.
We use a fully parametric model of the natural history of cancer for making maximum
likelihood inferences from randomized screening trials. Having estimated parameters
of the model from such data, one can use a simulation counterpart of the same model
to predict various indicators associated with breast cancer incidence and mortality in
the general population under different screening scenarios. It is a well-known fact that
in predictive settings, where model parameters are estimated from some other data set,
calibration is necessary to mitigate the effect of over-fitting. This is a very important
step in an attempt to extrapolate the initial parametric inference from a randomized
trial to a population-based setting. The proposed model structure is well suited to
calibrate the model in a parsimonious and biologically meaningful way. This is
accomplished through designing a step-wise fitting procedure so that the parameters
and are chosen to fit the tumor size distribution observed at a time when the
dissemination of mammography is believed to be low, while the parameter is
estimated to fit the same distribution at the end of the observation period. Relative
insensitivity of the size distribution to certain subsets of parameters helps design such
a procedure. The calibration procedure thus designed can also be viewed as a method
for estimating some parameters of the natural history from data on cancer incidence in
the general population. For example, the mean growth rate can also be estimated
from the incidence size distribution (Step 2 of the proposed algorithm), which may
improve the fit shown in Table 4 for
. Just to make our validation procedure as
strict as possible, we intentionally refrained from adjusting the parameter . However,
estimation of the parameters incorporated into the onset time distribution, like , ,
and , calls for cohort observations. Randomized trials represent the best designed
cohort studies, which is why we combine both types of parametric inference in the
analysis of breast cancer incidence.
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We use a fully parametric biologically based model of the natural history of cancer for
making maximum likelihood inferences from randomized screening trials. Having
estimated parameters of the model from such data, one can use a simulation
counterpart of the same model to predict various indicators associated with breast
cancer incidence and mortality in the general population under different screening
scenarios. It is a well-known fact that in predictive settings, where model parameters
are estimated from some other data set, calibration is necessary to mitigate the effect of
over-fitting. This is a very important step in an attempt to extrapolate the initial
parametric inference from a randomized trial to a population-based setting. The
proposed model structure is well suited to calibrate the model in a parsimonious and
biologically meaningful way. This is accomplished through designing a step-wise
fitting procedure so that the parameters and are chosen to fit the tumor size
distribution observed at a time when the dissemination of mammography is believed
to be low, while the parameter is estimated to fit the same distribution at the end of
the observation period. Relative insensitivity of the (incidence) size distribution to
certain subsets of parameters helps design such a procedure. The calibration procedure
thus designed can also be viewed as a method for estimating some parameters of the
natural history from data on cancer incidence in the general population. For example,
the mean growth rate can also be estimated from the incidence size distribution (Step
2 of the proposed algorithm), which may improve the fit shown in Table 3 for
.
We intentionally refrained from adjusting this parameter, just to make our validation
procedure as strict as possible. However, estimation of the parameters incorporated
into the onset time distribution, like , , and , calls for cohort observations.
Randomized trials represent the best designed cohort studies, which is why we
combine both types of parametric inference in the analysis of breast cancer incidence.
The value of estimated from the SEER data appears to be much higher than its
maximum likelihood estimate obtained from the Canadian study. This discrepancy can
be attributed to the fact that the CNBSS data include in situ tumors, while the
calibrated parameter refers to invasive breast cancer. Yet another possibility is that
the NCI model of mammography dissemination may under-estimate the actual
intensity of screening, so that the model compensates for this bias yielding a higher
value of the sensitivity parameter . The latter explanation is quite speculative, of
course.
The model shows an excellent description of the observed breast cancer incidence and
mortality in the US population. The mortality trend is consistent with the assumption
that there has been a relatively long history of incremental improvements in breast
cancer treatment. There are two reasons why we refrained from using the results of
meta-analysis based on the proportional hazards model to explicitly describe the effect
of adjuvant chemotherapy on breast cancer mortality. First, we know that the Cox
model does not provide a good description of covariate effects on breast cancer
survival 6. Second, one can see that the age-adjusted mortality curve is flat for a period
of 15 years (beginning from 1975) while breast cancer incidence continues to increase.
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This pattern indicates that improvements in breast cancer treatment began manifesting
themselves before the start of any appreciable dissemination of mammography in the
US population. A similar observation was recently reported for breast cancer mortality
in the United Kingdom 7.
The contribution of screening to the observed decline in mortality appears to be rather
weak under our model (Figure 7). The main point here is that the actual dissemination
of screening in the US population is too low for a tangible survival benefit from
mammography due to screening by treatment interactions. It is also quite low in
screening trials because of a narrow range of screening ages and just a few scheduled
examinations. If the survival benefit of screening in randomized trials were truly
strong it would inevitably be seen far beyond the well-known breast cancer screening
controversy 8. To appreciate such a benefit, the target population must be subjected to a
much more intensive screening. In order to demonstrate this, we ran the model in a
way that mimics annual screening of all women older than 30 over the period
1975-1999 (special run). In this run, the percent decline in mortality due to screening is
expected to be more than 19.8% by 1999 (Figure 7). Thus, the model indicates a significant
benefit of breast cancer screening providing its dissemination is sufficiently intensive. The
estimated mean lead time is 2.06 years (all ages) and does not change much in the
special run.

FIGURE 7 Predicting breast cancer mortality (Model 2) in the absence or presence of
screening.
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However nice a final fit may be, it is not enough for model validation. One needs to
evaluate predictive properties of the model under study in a situation where no further
calibration is allowed. In some predictive settings (e.g., where missing information is
included in the indicator to be predicted, see Model Calibration Procedures) there is no
way to obviate the need for an additional calibration, although such situations should
be avoided whenever possible. If such a calibration appears to be unavoidable, it
should involve as few parameters as possible.
It is also interesting to note that we failed to explain the observed increase of breast
cancer incidence by mammography dissemination alone. At no reasonable parameter
values does the model fit the data after removing the birth cohort effect. This shows
that the model is realistic enough to reject unrealistic scenarios.
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SUMMARY
This document describes the stochastic model of tumor latency used to produce
natural history of disease in the model.

OVERVIEW
Our methodology attempts to implement the following concept formulated by Albert
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et al. 1: More realistic models for tumor detectability can be synthesized by first modeling the
behavior of tumor growth over time and superimposing a model for detection probability as a
function of tumor size. This idea was set forth in the so-called quantal response model of
tumor detection developed by Bartoszynski and other authors in several publications
(see Bartoszynski et al., 2, for details and references). Below we outline the most basic
features of the class of quantal response models of cancer detection combined with
mechanistically motivated models of carcinogenesis.

DETAIL
A STOCHASTIC MODEL OF TUMOR LATENCY
The latent period of tumor development can be broken down into three stages:
1. formation of initiated cells,
2. promotion of initiated cells resulting in the first malignant clonogenic cell,
3. subsequent tumor growth and progression until the event of detection occurs.
Let be the age of an individual at tumor onset, and the time of spontaneous tumor
detection (in the absence of screening) measured from the onset of disease. We use a
two-stage stochastic model of carcinogenesis proposed by Moolgavkar et al. 5 to specify
the probability density function,
, of the random variable . The model is given by
the following survival function

(1)
from which the density

can be derived. Here

are identifiable

model 8.

parameters of the
Formula (1) specifies the distribution of the duration of the
first two stages of carcinogenesis. The process of initiation is usually modeled as a
Poisson process. In this case, the parameter is the ratio of the initiation rate and the
rate of proliferation of initiated cells, while and are parameters of the promotion
time distribution. This model has proven to provide a good fit to diverse data on
animal and human carcinogenesis (see Gregori et al. 9 for goodness of fit testing).
Introduce a random variable to represent tumor size (the number of cells in a tumor)
at spontaneous detection. Suppose the law of tumor growth is described by a
deterministic function
with
so that
. It is assumed
in addition that
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and

are absolutely continuous and stochastically

2. the function is differentiable and
3. the hazard rate for spontaneous tumor detection is proportional to the current
tumor size with coefficient
It follows from the above assumptions that

Therefore,

where stands for the inverse function for
exponential tumor growth with rate

(

In the case of deterministic
) we have

(2)
In this particular case, tumor size at detection

follows a translated exponential

distribution with parameter
, while the distribution of age at detection measured
from the disease onset is a Gompertz distribution. The random variable has the
same meaning as the preclinical stage duration within the traditional approach to
modeling the natural history of cancer.
Consider the random vector
which components are interpreted as age
and tumor size at diagnosis, respectively. The probability density function of is given
by

(3)
for
distribution 2,

. In this case, the marginal distribution of tumor size is a Pareto
As shown by our analysis of the Utah Population Data Set, the

distribution (3) provides a very good fit to cohort data on breast cancer 10.
This distribution is identifiable 11. It can be shown that the random variables
and are positively correlated. A lower bound for the covariance
is given
in 10.
In the particular case of exponential tumor growth we obtain

The parameter has only a scaling effect on the distribution of tumor volume.
In practice, it is not the number of tumor cells that is observable but the volume in
appropriate units, and one needs to change variables using the equality
, where
is the volume of a single tumor cell
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FIGURE 1 Parametric (left panel: solid line, right panel: dashed line) versus nonparametric
estimates of the p.d.f. of tumor size (left panel) and the hazard function of age at diagnosis
(right panel).

The most straightforward generalization of the model can be accomplished by
assuming that some of its parameters are random. In particular, suppose
is gamma
distributed with parameters and . Note that randomness of is reflective of the
individual variability of tumor growth rate.
Then we have

(3)
for

. In this case, the marginal distribution of tumor size is a Pareto

distribution 12.

As shown by our analysis of the Utah Population Data Set, the

distribution (3) provides a good fit to cohort data on breast cancer 10. As an illustration,
Figure 1 shows the relevant results for one (birth years 1924-29) of the five cohorts
studied in the paper by Zorin et al. 10.
Also see: Screening Component and Parameter Overview

RELEVANT ASSUMPTIONS
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SUMMARY
This document describes the screening component of the model and how it interacts
with the natural history of disease.

OVERVIEW
This component of the model serves to quantify the impact screening will have on an
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existing population of breast cancer tumors. It will be helpful to refer to the Natural
History Component document while reading the detail below.

DETAIL
MODELING THE IMPACT OF SCREENING ON THE NATURAL HISTORY OF
BREAST CANCER
Let
Let

be a given screening schedule. It is convenient to set
and
be the time of spontaneous detection (incidental and interval cases)

and
the time of screening based detection, both times being measured from the
disease onset. Then for the time of combined detection we have:

It

is natural to assume that the random variables and are conditionally independent given
the onset time . This is quite plausible in the case of deterministic tumor growth if we
hypothesize in addition that
and are independent and that the hazard rate for the
distribution of
as well as the discrete hazard rate of tumor detection at a medical
exam (provided the previous exams did not detect the tumor) given are both
proportional (with different coefficients of proportionality and , respectively) to
the current tumor size. Then we have for

(4)
where

It can be proven that under mild conditions the distribution of the random vector
identifiable 1.

is

Unfortunately, no identifiability results are available for its randomized
versions due to prohibitive complexity of the analytic expression for this distribution
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even in the case of exponential tumor growth with random growth rate. The same is
true for the joint distribution given by formula (3). However, our simulation
experiments have shown that identifiability of the model is preserved if the
compounding procedure uses the gamma distribution for or its reciprocal.
Remark 1. It is tempting to generalize the model by making the growth rate (or the
preclinical stage duration) dependent on the age of a patient at the time of tumor onset.
There have been attempts to incorporate this element into models of the natural history
of cancer. However, the fact that no tangible birth cohort effect on the
nonparametrically estimated distribution of tumor size at detection is seen in a cohort
study 2 is consistent with stochastic independence of tumor growth rate of the age at
tumor onset. The same argument applies equally to the sensitivity parameter

. There

literature 3

are indications in the
that the sensitivity of mammography increases with
age. However, the tendency does not appear to be strong enough to manifest itself in
the type of data we deal with in this paper.
Next we need a formula for the probability of detection at a given screen. Let
For

and
define the probability
of tumor detection at the th screen given the cancer
onset at moment and by
the corresponding conditional
probability that tumor is not detected by screening. Introduce a discrete analogue of
the conditional (given
) hazard rate for the screening based detection as

where

stands for the Dirac measure at

and the sum over the empty set of indices is

set, as usual, to be zero. Then the following formula holds 4:

Observe that this holds true for all
if we set
for
Assuming in addition that the conditional discrete rate of screening based detection is
proportional to the current tumor size:
we
have

(5)

ADDITONAL COMMENTS
A few further comments are in order here. To specify the initial value of the sensitivity
parameter for the base case, we proceeded from its estimate obtained from the
CNBSS data on the combined mode of detection, i.e. mammography and physical
exam, because in real practice the two medical procedures frequently come together.
To make the model of screening more realistic, we introduced threshold values for
detectable volumes of tumors. The threshold volume for screening based detection was
set at
which is the minimum volume observed among screen-detected tumors
in the CNBSS data set. Similarly, a threshold of
for spontaneous detection was
determined from the CNBSS data after eliminating four smallest values suspected as
likely outliers. However, the net results of modeling epidemiological descriptors are
not perceptibly affected by the above thresholds.
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Individual schedules of mammographic examinations were modeled using the
dissemination model developed by the NCI. This software generates a screening
schedule for each individual pertaining to a given birth cohort. In addition to this
sequence of screening ages, each individual history of breast cancer includes random
variables and , as well as the times
and
of spontaneous and screen-based
detection, respectively. Both random variables
and
are measured from the time
of tumor onset.
Given , , and an individual screening schedule
, the random variables
and
are generated using the second of formulas (2) and formula (5), respectively,
which gives a sample value of
It should be noted that the
components
determining the actual age at detection are only conditionally
independent, given the time of tumor onset. Therefore, these components cannot be
manipulated independently to achieve a better fit to the observed data.
Once the age at tumor detection

has been determined, a check is made as to

whether its value exceeds the maximum allowable age in a given cohort. If it does not,
the size of the detected tumor is recorded. Thus, the output of our simulations is
represented by the pairs
. The clinical stage (local, regional, distant) is generated
conditionally on this output from a distribution estimated from the SEER data, yielding
triples of quantities that are necessary to construct the most basic epidemiological
indicators.

RELEVANT ASSUMPTIONS
RELEVANT PARAMETERS
RELEVANT COMPONENTS
DEPENDENT OUTPUTS
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PARAMETER ESTIMATION
DISCUSSION
ESTIMATION OF MODEL PARAMETERS
When considering a study design typical for randomized screening trials it is possible
to derive the likelihood function based on the observations of tumor size and age at
diagnosis.
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Let
be a sequence of screening ages. We proceed from the model
assumptions introduced in Natural History Component and Screening Component
with an arbitrary probability density function
for the rate, , of tumor growth.
The model is formulated in terms of tumor size and age at detection denoted by and
, respectively. The contributions to the likelihood function are given by the following
formulas 1:
(1) For interval and incidental cases the contribution of an observation
is equal to the
value at
of the joint p.d.f. of age and tumor size at spontaneous (clinical) detection:

(6)
where

,

(2) For screen-detected cases, the contribution of an observation
the value of the p.d.f. of tumor size at detection on the -th screen:

equals

(7)
(3) For censored observations, the contribution of an observation equals
is the age at combined tumor detection:
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where

is the survival function of the onset time, and

(8)
. Since

age at enrollment varies among study subjects, the above formulas must be modified in
the usual way in order to incorporate left random truncation 2.
We estimated all parameters incorporated into the model from individual data
generated by the Canadian National Breast Screening Studies. This study consists of
two screening trials individually randomized and conducted during 1980-96 and
followed to 1996 in fifteen centers in Canada. Both trials were coordinated at the
University of Toronto by a study team directed by one of the co-authors of this paper
(Dr. A. B. Miller).
The first study (CNBSS-1) included 50,430 women aged 40-49 on study entry, and
evaluated the efficacy of annual mammography, breast physical examination, and
breast self-examination instruction (BSE) in reducing breast cancer mortality 3. In the
mammography plus physical examination group, 62% of women received five annual
screens, comprised of two-view mammography, physical examination and BSE. The
remaining women, recruited later, received four annual screens. The usual care group
were not recalled for re-screening after their first visit, when they had a breast physical
examination plus BSE, but were mailed annual questionnaires. The second study
(CNBSS-2) included 39,405 women age 50-59 on study entry, and evaluated the
contribution of annual mammography over and above annual physical examination of
the breasts plus BSE in the reduction of mortality from breast cancer 3. Women were
randomized to receive annual mammography and physical examination plus BSE or
annual physical examination plus BSE only for a total of five or four screens.
For both trials, center coordinators conducted the randomization using allocation lists
prepared by the central office. Randomization was independent of physical
examination findings. The center coordinators collected surgery and pathology reports
for all breast diagnostic and therapeutic procedures. CNBSS pathologists reviewed all
slides. If the community and CNBSS pathologist disagreed, a panel of three to five
CNBSS pathologists conducted a blind and independent review. Extensive quality
control procedures were carried out while data collection was in progress. After the
screening centers closed in 1988, all women known to have breast cancer were
followed annually by the CNBSS central office until June 30, 1996. Passive follow-up of
all participants through linkage with the National Cancer Registry identified new
diagnoses of breast cancer in study participants to December 31, 1993. The central
office collected pathology reports for post-screen breast cancers. For these, the
community diagnosis was accepted for study purposes. Deaths that occurred before a
participant's screening schedule was completed were identified by family members in
response to the annual mailed questionnaire. Attending physicians, who received
annual requests for information on women with breast cancer, reported deaths to June
30, 1996. Linkage with the CMDB (including deaths in Canadians resident in the
United States at time of death) identified causes of death in the entire cohort to
December 31, 1993. Independent reviewers, blind as to allocation, reviewed clinical
records and classified the underlying cause of death.
In CNBSS-1, a total of 592 invasive and 71 in situ breast cancers were diagnosed by
December 31, 1993 in the mammography plus physical examination group, compared
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with 552 and 29, respectively, in the usual care group. Of these, 208 and
58,respectively, were screen-detected. At seven years, there were 38 breast cancer
deaths in the mammography plus physical examination group and 28 in the usual care
group, for a rate ratio of 1.36 4. At the 11-16 (average 13) year follow-up, there were 105
and 108 breast cancer deaths, respectively, for a rate ratio, adjusted for mammograms
performed outside the CNBSS, of 1.06 5. In CNBSS-2, a total of 622 invasive and 71 in
situ breast carcinomas were ascertained in the mammography plus physical
examination group, and 610 and 16 in the physical examination only group. Of these,
267 and 148, respectively, were screen-detected. At seven years there were 38 and 39
deaths from breast cancer in the respective groups for a rate ratio of 0.97 6. At 11-16
years there were 107 and 105 deaths from breast cancer in the respective groups for a
rate ratio of 1.02 7. Information on tumor size and clinical stage at diagnosis is available
in both data sets.
Maximization of the likelihood given by (6)-(8) is a challenging problem because it
involves many time-consuming computations. This is especially true for numerous
(tens of thousands) double integrals (8) representing the contributions of censored
observations, for censoring is heavy in this kind of study. Therefore, we resorted to
simulations in order to estimate the contributions of censored data rather than evaluate
these integrals numerically. The simulation model described in Section C.6 was used
for this purpose. The survival function
(for censored observations) and the p.d.f.
(for missing tumor size) were estimated nonparametrically from the simulated data.
There is always a certain level of random noise in the simulated likelihood, calling for
stochastic approximation methods to find a maximum of its expected value. Therefore,
we used the Kiefer-Wolfowitz procedure to obtain maximum likelihood estimates.
Unfortunately, when applied to the log-likelihood function the Kiefer-Wolfowitz
procedure may result in biased estimates and one needs to generate extremely large
simulation samples to keep this bias to a minimum. For this reason, we provided
simulated samples when estimating
and
samples when estimating
per each iteration of the Kiefer-Wolfowitz procedure in the likelihood inference from
the Canadian screening trials. In a separate set of simulation experiments, we assured
ourselves that this sample size was sufficient for obtaining stable results. The
contributions of exact observations were computed numerically in accordance with
formulas (6) or (7).
In our analysis of the CNBSS data, we assumed that the reciprocal of in formulas
(6)-(8) is gamma distributed with mean and standard deviation . Since there are
three modes of breast cancer detection in the trial, we extended the likelihood function
to incorporate three sensitivity parameters: , , and for spontaneous (clinical)
detection, mammography combined with physical exam, and physical exam only,
respectively. Based on age at enrollment it is possible to pick out four distinct birth
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cohorts in the CNBSS data. Each of the four cohorts is composed of women born within
the following 5 year intervals: 1921-25, 1926-30, 1931-35, and 1936-40, respectively. If
we allow the parameter to vary among the different birth cohorts, there will be four
parameters , , , forming the proportional hazards structure of the onset time
distribution. We made these parameters responsible for the birth cohort effect as
suggested by Boucher and Kerber 8. The remaining two parameters

and

(see

formula (1)), along with the parameters
and , are assumed to be common
to all birth cohorts. Therefore, there are eleven parameters in total to be estimated from
the CNBSS data by the method of maximum likelihood.
Our procedure resulted in the following maximum likelihood estimates (MLE) of

,

,

, :
,
,
,
. These estimates indicate that breast
cancer risk tends to increase over the time range covered by the birth cohorts under
study. The MLE's of the parameters , , , and their 0.95-confidence intervals are
given in Table 2. The construction of approximate confidence intervals is based on
asymptotic normality of maximum likelihood estimators. The MLE's of ,
are equal to
,
, and
, respectively, with the

, and

corresponding confidence intervals:
,
,
and
Note that there is a more than three-fold difference in the
sensitivity parameters associated with mammography combined with physical exam (
) and with physical exam alone ( ), respectively.

TABLE 2: Maximum likelihood estimates of model parameters with asymptotic .95-confidence
intervals

Randomized screening trials are especially well suited for estimation of model
parameters in a statistically sound way, because such studies generate individual data
on age and tumor size at detection. However, it is the objective of our study to provide
a means of explanatory and predictive inference at the population level. We use the
CNBSS data to estimate parameters associated with the four birth cohorts identified
through the Canadian studies, keeping in mind that some of these parameters may still
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be adjusted when an additional calibration of the model is necessary (see Model
Calibration Procedures). The CNBSS do not provide any information on women born
before 1921 and after 1940, so that the birth cohort effect cannot be estimated in terms
of the parameter from this data set beyond the period 1921-40. To surmount this
difficulty, the parameters for other birth cohorts were calculated by using the rate
ratios that resulted from the age-cohort model 12. In doing so, we define

associated

with the 1921-25 cohort as a new baseline parameter, while retaining the ratios
,
, and
suggested by the analysis of the CNBSS data. The corresponding ratios
for other birth cohorts are given by the analysis based on the age-cohort model. All
birth cohorts were grouped in 5 year intervals and the estimated rate ratios were
applied to the mid-points of these intervals. The estimated values of the parameter
for the various birth cohorts are shown in Figure 2.
Remark 2. By no means can the age-period-cohort model replace or be superior to
mechanistically motivated models, even when modeling cancer incidence in the
absence of screening, because its structure is rather rigid being completely determined
by the assumption of proportionality of risks (rates). Besides, the relative risk variance
tends to increase in calendar time due to an increasing extent of truncation of the
baseline rate for late cohorts in order to eliminate the effect of screening.

FIGURE 2 Estimated values of the parameter

Also see Parameter Overview
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General Principles
It is a very difficult task to assess goodness of fit for the model described above,
because of its complex and multivariate structure. There are no theoretically-based
statistical methods of goodness of fit testing for the bivariate distribution given by
formula (4), while resampling and cross-validation techniques are computationally
prohibitive with a model of such complexity. Data censoring and truncation also stand
in the way as far as the CNBSS data are concerned. It will not be out of place to
mention that the CNBSS data are quite heterogeneous with respect to individual
screening schedules, which is why nonparametric estimators of such important
quantities as the distribution of tumor size at detection or its mean value may be biased
in finite samples, thereby causing additional complications in goodness of fit testing.
For all these reasons we use the base case only to validate the model. In doing so, the
CNBSS data will serve as a training set, while the SEER data will be treated as a control
sample. This validation design is typical of supervised learning methods. Unlike
situations in discriminant analysis, where outcome variables are categorical, we have
to compare two continuous functions representing parametric (model-based) and
nonparametric estimates of the epidemiological indicator of interest. Statistical
goodness of fit tests are unlikely to be needed for comparing the expected values
predicted by the model with the observed values of epidemiological indicators in the
base case from the following considerations:
1. In large sample studies, goodness of fit tests may be overly conservative
rejecting any reasonable (no model is perfect!) model.
2. Even if one is prepared to assume the Poisson error structure (which is not a
plausible hypothesis in the presence of screening 1), it is still extremely difficult
to make use of asymptotic results for the sampling distribution of a statistic
based on residuals, because the parameters are not estimated from the same
data. For example, the asymptotic sampling distribution of the chi-square
statistic becomes very complicated when a distribution with parameters
estimated from one set of data is tested for goodness of fit to some other set 2.
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Therefore, we rely on graphical methods based on residuals characterizing the
discrepancy between the observed population-based indicators (rates) and their values
predicted by the best fit model. When estimating model parameters from a given set of
data, there is always a danger of over-fitting, that is, fitting overly specific patterns that
do not extend to new samples. This kind of over-fitting has to do with model
flexibility; it may manifest itself even if a model is identifiable and all its parameters
are properly estimated (see Verweij and Van Houwelingen 3 for discussion of the
difference between the explained variation and predictive properties of a model). The
phenomenon of over-fitting is also known in regression analysis as the shrinkage
effect. This is the reason why the model needs to be calibrated when tested against the
control sample. It is important to keep in mind that calibration should not end up with
the re-estimation of all parameters from the control data set, otherwise no conclusion
regarding predictive qualities can be made. In other words, a calibration procedure
should be as parsimonious as possible. We require in addition that at least some
predictions must be made without any further calibration of the model.
Calibration of the Model
There are two principles of parsimony we tried to follow in this work:
1. Calibration may be applied to a given parameter if there are biological grounds
to believe that this parameter may indeed vary between the two settings under
comparison (variations in risk factors, sensitivity of screening procedures, etc.).
A calibration procedure may also involve those parameters that cannot be
estimated from the training set for the lack of relevant data.
2. The number of parameters involved in calibration should be kept to a minimum.
The first principle suggests that the mean growth rate

is a fundamental biological

parameter which should not be subjected to calibration. In other words, we do not
expect this parameter to be responsible for any systematic differences between the two
data sets. Therefore, the parameter was fixed at its value of 0.526 obtained from the
CNBSS data. However, it makes sense to include in the calibration procedure,
because we expect more heterogeneity in the SEER than in the CNBSS data. The
sensitivity parameters and may also vary between the two sets of data.

TABLE 4: The model fit to the incidence size distribution
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To meet the second requirement, we can take advantage of some properties of the
model described below. These properties have to do with a relatively low sensitivity of
some epidemiological indicators to a certain subset of parameters. To calibrate the
model we used the so-called incidence size distribution defined as follows. Let
be
the age-adjusted incidence for the th tumor size category (range),
, then the
incidence size distribution at time is given by

(16)
where is calendar time. Our calibration procedure involves the following steps:
Step 1. Since the distribution
for = 1975 is practically insensitive to the
parameters characterizing the birth cohort effect (this conjecture was corroborated by
computer simulations) and the effect of screening (reflected in the parameter ) is
expected to be negligibly small in 1975, we fit the model to the observed size
distribution (three size categories) by minimizing the sum of squared residuals with
respect to only two parameters: and , while setting
.
Step 2. In 1999, we expect the size distribution to depend predominantly on

.

Therefore, we fit this distribution by the method of least squares, changing only
setting the parameters and at their values resulted from Step 1.

and

Step 3. We repeat Step 1 with the newly estimated and then proceed to Step 2.
We alternate between the first two steps until a stable solution is obtained; just two
iterations are normally needed to obtain such a solution. Clearly this algorithm can be
improved by sequentially including more time points in the objective function when
alternating between the two steps. In our preliminary studies, we used only the
simplest version of the algorithm.
Remark 3. It should be noted that the model-based marginal distribution of tumor size
evaluated at a given time point (say, at
) is no longer a Pareto distribution even
in the absence of screening, because it involves the condition that the age at detection
does not exceed a certain value. This is all the more so for the distribution
.
Therefore, it is not recommended to use the Pareto approximation in Step 1 of the
above algorithm.
The above calibration procedure was applied to the SEER data on invasive breast
cancer (excluding all in situ tumors) with all ages included in the adjustment of the
age-specific incidence to the 2000 U.S. standard population. The resultant estimate
indicates that the distribution of tumor growth rate may be slightly overdispersed. The estimate of is higher but slightly than the maximum likelihood
estimate of
from the CNBSS data; the observed tendency is consistent with the
fact that the SEER data are more heterogeneous than the CNBSS data. The sensitivity
parameters and were estimated as
and
, respectively. It is
just natural that the calibrated parameter tends to be slightly smaller than its
maximum likelihood estimate obtained from the CNBSS, because all participants in the
latter study received self-examination instruction. However, a much higher value of
still awaits interpretation (see Model Discussion). The comparison of the size
distributions resulted from this procedure and their empirical counterparts is shown in
Table 4.
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Recall that the initial values of (initiation rates) for each cohort were obtained by our
analysis of the CNBSS data on age and tumor size at detection followed by the
application of the age-cohort model. It is interesting to note that almost no calibration (
, see below for definition) was necessary of the size-specific incidence (for
tumors of known size) with respect to these parameters. Therefore, the results of our
predictions pertaining to the size-specific incidence (see Model Calibration Procedures)
were effectively obtained using the maximum likelihood estimates of for the four
birth cohorts in the CNBSS data and the relative risks estimated under the age-cohort
model.
However, the situation is not the same for the total age-adjusted incidence that
includes counts of tumors with missing size information. To predict this
epidemiological descriptor, an additional calibration of the model with respect to is
absolutely necessary. This amounts to imputation of missing data on the number of
cases with unknown tumor sizes. Indeed, it is impossible for a model based on tumor
size at detection to provide a description of the contribution of cases with unknown
sizes to the overall incidence, because the model requires that the total age-adjusted
incidence be equal to the sum of size-specific age-adjusted incidence curves. To keep
the extent of this additional calibration to a minimum, all parameters were
multiplied by the same (independent of ) scaling factor, , chosen as a minimizer of
the corresponding sum of squared residuals. This scaling procedure appears to have no
tangible effect on the other parameters and on the quality of our predictions, so that no
further tuning of the model is warranted. Thus, the parameter
plays essentially the
same role as the shrinkage factor in the predictive regression analysis. For the total ageadjusted incidence we report
, which value was obtained by calibration of the
model to fit the observed incidence that includes cases with unknown tumor size.
Needless to say that the total age-adjusted incidence is not the only example where the
calibration with respect to may be required to compensate for missing information;
there may be other cases (where the results of modeling are extrapolated to another
data set) calling for such a calibration.
Also see: Model Validation Procedures
JNCIMonograph
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SUMMARY
This document describes how cancer incidence is generated in the model.

OVERVIEW
The basic purpose of this component is to produce an output that can be compared
with the observed breast cancer incidence in the U.S. population. This output is
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produced by the natural history model.

DETAIL
It is important to make inferences in terms of a characteristic of the model that can be
estimated in the presence of data censoring. In a cohort setting, the most natural
characteristic to be modeled is the hazard rate
as a function of age at cancer
detection. Under the model of independent censoring, the function
can be
estimated from real or simulated data so that the resultant estimate does not depend
on competing mortality.
Let

, then the life-table type estimator of

is given by

(9)
so that there is no need to model competing risks explicitly. This is a distinct advantage
of this indicator, because invoking independent information on competing mortality
would induce an additional random noise in the epidemiological characteristic to be
estimated. The estimator for
has desirable asymptotic properties: it is consistent
and efficient. The same estimator can be used for mortality.
In a population setting, the hazard rate becomes time-dependent and needs to be
generalized leading to the notion of composite hazard. Let
be the hazard function
for the th cohort, and be the calendar year. The composite hazard
is defined
as

(10)
Therefore, a pertinent estimator for

is

(11)
The empirical counterpart of

is

(12)
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(13)
In addition to the risk set, the denominator of (13) counts those persons in the age
group who have been diagnosed with cancer but are still alive in calendar year .
The estimator depends on the effects of data censoring (competing mortality) and
there is no meaningful probabilistic characteristic for which the statistic
could
be an unbiased estimator. If one uses
as an estimator for
, the bias
remains unknown. However, formulas (12) and (13) are expected to be numerically
close to each other, and for this reason we believe that for all practical purposes the
estimator
is well approximated by
. For the purposes of model calibration
and validation, we use the incidence
and its age-adjusted (to the 2000 U.S.
standard population) counterpart as meaningful summary characteristics of the SEER
data. The age-adjusted true incidence is defined as

where
replace

(14)
is the age distribution in the standard population. When estimating we
with .

RELEVANT ASSUMPTIONS
RELEVANT PARAMETERS
RELEVANT COMPONENTS
DEPENDENT OUTPUTS
RELEVANT RESULTS
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SUMMARY
This component is necessary to describe changes in treatment efficacy with calendar
time.

OVERVIEW
The basic concept behind this component is that there has been a
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relatively long history of incremental improvements in breast cancer treatment. This
trend is incorporated into the model through a time-dependent scaling of regression
coefficients involved in the survival component.

DETAIL
Modeling the Effects of Treatment
As described in Survival And Mortality Component, the effect of early detection on
mortality was modeled through the regression coefficients and characterizing the
contributions of age, tumor size, and clinical stage to short- and long-term survival
effects, respectively. Maximum likelihood estimates of these coefficients were obtained
from the SEER data on post-detection survival of patients with breast cancer diagnosed
after 1988. This time interval is characterized by a widespread use of novel modes of
adjuvant therapy for breast cancer, first and foremost of those associated with the
advent of tamoxifen. When modeling the base case, however, one needs to cover the
whole interval between 1975 and 1999. Therefore, using the coefficients and thus
estimated would result in a significantly lower mortality than that was actually
observed. The SEER data do not provide the necessary information on breast cancer
treatment so that the effect of tamoxifen and other advancements in breast cancer
treatment has to be modeled by the indirect route.
One way of doing this is to calibrate the model by introducing two additional timedependent covariates and and the corresponding scaling parameters
and
that modify the short- and long-term survival effects by acting
multiplicatively on the functions
,z) =
and
in formula (15).
The effect of treatment on breast cancer mortality needs to be modeled as a function of
calendar time, , in order to reflect the dissemination of tamoxifen and other therapy
improvements. To retain indentifiability of the model, we assume that there is a change
point (calendar year) so that
,
for
and
for
. Thus, we
introduce the simplest step-wise dependence of the effect of treatment on calendar
time. This model will be referred to as Model 1. This gives us three more parameters ,
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and to calibrate the model of breast cancer mortality. The rationale for model
calibration is discussed in the next section. Using the SEER data we obtained the
following least squares estimates:
and = 1980. These values
provide a reasonably good fit to the observed breast cancer mortality over the period
1975-1999 (Figure 5), and at the same time they serve as auxiliary quantitative
characteristics of the contribution of therapy advancements (including tamoxifen) to
breast cancer survival. In particular, extending the estimated values of and to the
period
would yield a mortality rate that would be observed without any use of
tamoxifen (no improvements in treatment), while setting
for all one could
predict a mortality rate that would have been observed had the contemporary modes
of treatment been in effect since the beginning of the twentieth century.
A more realistic description of the observed mortality trend can be provided by
introducing a gradual advent of improved treatments (better surgical procedures,
improved irradiation regimens, adjuvant chemotherapy, patient care, etc) that has
begun before 1975. A simple model (Model 2) is derived by assuming that both
and
are linearly decreasing functions such that
and
, where /> 1975. As shown in Figure 6 (see Model Validation
Procedures), a nearly perfect fit to the observed breast cancer mortality is provided by
this model with

= 1960 and

= 1990.

RELEVANT ASSUMPTIONS
RELEVANT PARAMETERS
RELEVANT COMPONENTS
DEPENDENT OUTPUTS
RELEVANT RESULTS
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SURVIVAL AND MORTALITY
COMPONENT
SUMMARY
This component is needed to provide a link between breast cancer incidence and
mortality.
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OVERVIEW
To relate significant covariates (age, tumor size, and stage) observed at the time of
diagnosis to post-detection cancer-specific survival, we resort to a newly developed
regression survival model allowing for
non-zero cure rates.

DETAIL
To model mortality rates, we proceed from the following regression model 4 that relates
the survival function, , of the post-diagnosis survival time to the values of clinical
covariates (age, stage, tumor size) represented by vector :

(15)
where
and are vectors of regression coefficients,
survival function, and the functions and are each of the form

is an arbitrary
( z).

Formula (15) is a natural generalization of the proportional hazards (PH) model with
cure 3; the latter is a special case of (15) with
. A distinct advantage of this model is
that each covariate may exert its effect both on long-term survival through
and on
short-term survival through
; this explains its higher flexibility as compared to the
traditional PH model. The need for extension (15) of the PH model is motivated by the
fact that the original PH model does not provide a good description of breast cancer
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survival 8. Within a semi-parametric framework, the baseline function is treated as a
step-function (with jumps at the observed failure times) which is set at zero at the point
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of last observation. Efficient algorithms are available to fit the semi-parametric model
(15) to survival data 4. The model (15) has proven to provide an excellent fit to data on
breast cancer 8 and prostate cancer 1 survival. The regression coefficients incorporated
into

and

were estimated from the SEER data using an algorithm proposed by

Tsodikov 2; their numerical values are given in Table 3. In this analysis, we used
survival data on over 165,000 patients diagnosed with breast cancer since 1988. This
subset was chosen because it provides the information on tumor size at diagnosis
needed for our analysis. Similar estimates of the regression coefficients were obtained
when the baseline function was approximated by a two-parameter Weibull
distribution.
In the simulation counterpart of our model, we generated a random variable, , from
the conditional survival function (15) for each set of covariates produced by the model
of cancer detection (age, tumor size, clinical stage), with parameter values estimated
from the Canadian studies (after a pertinent calibration of the model, see Model
Calibration Procedures), so that the life-time of each individual is equal to
. We
did not analyze the CNBSS survival data because of their scarcity. The basic
probabilistic characteristics of breast cancer mortality (such as the hazard rate) were
estimated nonparametrically from the sample of simulated times
.

TABLE 1 Regression coefficients estimated from the SEER data on breast cancer survival

RELEVANT ASSUMPTIONS
RELEVANT PARAMETERS
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Predictive Properties
Once performing the Model Calibration Procedures, we are in a position to validate the
model by predicting (without any further calibration or tuning) certain quantitative
characteristics obtained from the SEER data. In particular, we would like to predict the
dynamics of the following indicators:
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a. Size-specific (three size categories) and stage-specific age-adjusted (all ages)
incidence curves as functions of calendar time as well as the total (excluding
tumors of unknown size) age-adjusted incidence of malignant breast cancer over
the period 1975-1999.
b. Age-specific incidence for cases of invasive breast cancer with known tumor
sizes.
As is obvious from Figure 2, the model provides an excellent description of the sizespecific age-adjusted breast cancer incidence at fixed values of all parameters. Shown
in Figure 3 are the stage-specific (three stages) age-adjusted (all ages) incidence and the
total (excluding unstaged tumors) age-adjusted incidence of malignant breast cancer. It
is important to note that the mechanism generating missing data on tumor size is not
purely random and appears to depend on calendar time, which is why we need to
identify and eliminate such cases from the SEER data rather than attempting to model
this mechanism.
As is obvious from Figure 3, the model provides a very good description of the sizespecific age-adjusted breast cancer incidence at fixed values of all parameters. Shown
in Figure 4 are the stage-specific (three stages) age-adjusted (all ages) incidence and the
total (excluding unstaged tumors) age-adjusted incidence of malignant breast cancer. It
is important to note that the mechanism generating missing data on tumor size is not
purely random and appears to depend on calendar time, which is why we need to
identify and eliminate such cases from the SEER data rather than attempting to model
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this mechanism. Figure 5 shows sample predictions of the age-specific incidence (cases
with known tumor size) which appear to be surprisingly good, given that the
parameters and were held constant across all age groups and none of these curves
was used for calibration; the model was calibrated only to the incidence size distribution at
two time points. The results for other years (not shown because of space limitations) are
similar. The only notable discrepancy observed in 1999 is somehow related to the fact
that the age-adjusted incidence displays some sort of irregular behavior in the vicinity
of this time point (see Figure 3).
Figure 6 shows how the model fits the observed breast cancer mortality. While it is
clear that breast cancer incidence continues to increase after 1975, the mortality curve is
flat for a period of 15 years. It is impossible to explain these trends by screening by
treatment interactions in view of the fact that such an effect may show up only after a
time delay. In contrast, incremental improvements in therapy (before and after 1975)
provide a likely explanation. It is seen from Figure 6 that Model 2 improves the fit
dramatically in comparison to Model 1 as far as the early portion of the mortality curve
is concerned. As is obvious from Figure 6, the effects of screening by treatment
interactions begin manifesting themselves in mortality after 1990. These results clearly
demonstrate that the model captures the most salient features of the processes under
study.

FIGURE 3 Predicting size-specific age-adjusted (all ages) breast cancer incidence at fixed
parameters of the model. Only invasive tumors of known size are included.
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FIGURE 4 Predicting stage-specific age-adjusted (all ages) breast cancer incidence. Solid lines:
model predictions, dashed lines: observed incidence curves. Only invasive tumors of known
stage are included.
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FIGURE 5 Predicting age-specific breast cancer incidence at fixed parameters of the model.
Only invasive tumors of known size are included. The same notation as in Figures 3 and 4.}
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FIGURE 6 Age-adjusted (30-79 years) breast cancer mortality for the period between 1975 and
1999.
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Core Profile Documentation
These topics will provide an overview of the model without the burden of detail. Each
can be read in about 5-10 minutes. Each contains links to more detailed information if
required.
Model Purpose
This document describes the primary purpose of the model.
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Results Overview
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Model Overview
This document describes the primary aims and general purposes of this modeling
effort.
Assumption Overview
An overview of the basic assumptions inherent in this model.
Parameter Overview
Describes the basic parameter set used to inform the model, more detailed
information is available for each specific parameter.
Component Overview
A description of the basic computational building blocks (components) of the model.
Output Overview
Definitions and methodologies for the basic model outputs.
Results Overview
A guide to the results obtained from the model.
Key References
A list of references used in the development of the model.

Further Reading
These topics will provide a intermediate level view of the model. Consider these
documents if you are interested gaining in a working knowledge of the model, its
inputs and outputs.

JNCIMonograph Outline
This topic provides links to profile content organized according to the JNCI
Monograph Outline for Model Description Chapters. Use this outline for
comparisons focused on the CISNET Base Case simulations.

Advanced Reading
These topics denote more detailed documentation about specific and important aspects
of the model structure
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SUMMARY
This document gives the general purpose of the model and other typical applications it
might be used in.

PURPOSE
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

The purpose of the model is to predict the mortality associated with female breast
cancer. The predictions may be by chronological year and/or age. Mortality may
change by advances in treatment and/or changing dissemination of screening. The
model incorporates the possibility that these latter two factors will change by
chronological time and age. The model is general and enables the prediction of changes
in mortality if technical advances are made by radiology or the discovery of other
disease markers.
The probability model was developed to describe the early detection process for any
chronic disease. The application to breast cancer requires knowledge of the relevant
parameters associated with the natural history, diagnosis and treatment of breast
cancer. Application to other chronic disease requires similar specialized inputs.
In addition to using the model to predict national mortality trends there are a number
of other important applications of the model; i.e. (i) prediction of the outcome of early
detection clinical trials without the necessity of long-term follow-up; (ii) evaluation of
service programs on early detection; (iii) investigation of different screening schedules
to compare mortality benefit. The screening schedules are a function of: age at first
exam, number of exams, spacings between examinations and modality of diagnosis
(physical exam, mammogram or both).
See Model Overview for deeper details and some limitations inherent in the model.
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SUMMARY
This document provides an overview of the modeling effort including the reasons it
was undertaken and the work it builds upon. It also contains a summary of the
methodologies employed.
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PURPOSE
The purpose of the model is to predict the mortality associated with female breast
cancer. The predictions may be by chronological year and/or age. Mortality may
change by advances in treatment and/or changing dissemination of screening. The
model incorporates the possibility that these latter two factors will change by
chronological time and age. The model is general and enables the prediction of changes
in mortality if technical advances are made by radiology or the discovery of other
disease markers. See Model Purpose for more details.

BACKGROUND
The model is a stochastic model of the natural history of the disease. A series of
equations are derived that predicts the age specific probability of death which is the
mortality rate. The introduction of screening in the model makes the mortality rate
equations more complex as it is necessary to distinguish among screen detected and
interval detected cases. Screen detected cases are those in which the woman is
asymptomatic and the disease is diagnosed by an early detection screening
examination; interval detected cases are those cases not detected at a screening
examination, but there is a history of at least one negative screening examination. The
model takes into account both lead time and length biased sampling biases. The
assumption for the effect of screening assumes that diagnosis of screen detected cases
changes the distribution of staging beyond what would be expected due to length
biased sampling. We refer to this as a stage shift and is in the direction of having a
higher proportion of more favorable prognostic cases.
The basic probability model requires the choice of a reference time point in
chronological time. The model predicts the cumulative mortality relative to this
reference time conditional on being a specific age at the reference time point. If the time
point is chosen as a birth cohort year, then the model can predict the age specific
mortality rate for a specific birth cohort year. The age specific mortality for any point in
chronological time may be calculated by choosing a collection of birth cohort years.
These may be averaged with respect to a weight function to give the overall mortality
rate for a specific chronological year. Due to the generality of the model, predictions
may be made for populations and sub populations.

MODEL DESCRIPTION
The basic assumption of the model is that breast cancer is a progressive disease. Four
or possibly five states of health are envisioned. These states are:

•
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: A woman is disease free or has disease but it is asymptomatic and cannot be
diagnosed by any modality;
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: A woman has breast cancer, but it is asymptomatic and may be diagnosed by a
special examination or examination program;

•

: A woman, having usual care, is diagnosed with invasive breast cancer;

•

: Death attributed to breast cancer;

•

: Death, not attributed to breast cancer

The progressive disease model may be described by the path:

The main output of the model is breast cancer specific mortality. Hence the transition
into may be ignored. See Component Overview for more details on the model's
building blocks.
Inputs to the Model
The philosophy of the model is to have a probability model in which the parameters
can be observed or can be directly estimated from existing data. The inputs required of
the model are:
a. Age dependent incidence rates for a time period in which breast cancer
screening was not widely used;
b. Age dependent transition rates into Sp (pre-clinical state);
c. Stage distribution for usual care cases and cases diagnosed by screening or
having a history of screening exams. The stage distribution may be age related.
d. Survival distribution conditional by stage, chronological time and age. The
reason for specifying chronological time is to account for advances in therapy.
The dependence on chronological time will be a function of the dissemination of
treatment advances in the general population.
e. Dissemination or pattern of screening;
f. Sensitivity of mammograms and physical exams by age,
g. Birth cohort year(s) to which mortality predictions will be made.
Some of these parameters may be estimated from the eight randomized trials
investigating mammography; e.g. stage distribution by modality of diagnosis,
sensitivity. Others can be obtained from databases such as SEER (survival conditional
on stage, stage distributions with usual care). The age dependent transition rates into
may be obtained from the age incidence rates using the methods earlier derived by
Lee and Zelen. See Parameter Overview for more details.
Outputs
The outputs of the model are: overall breast cancer mortality for chronological time
and reduction in mortality relative to some base. We believe that the reduction in
mortality may be the most accurate prediction. Our reasoning is that if there are other
factors influencing breast cancer mortality, which do not interact with treatment and/or
early detection modalities, their effect on mortality reduction will be negligible as their
contribution to the hazard function will be additive. The reductions in mortality may
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be relative to a base year, a screening strategy (before and after) or a reduction in lag
time between a clinical trial showing the benefit of a new therapy and the time when
the new therapy is widely adopted.
The mortality outputs may also be age specific. Furthermore, the model outputs may
be cause specific or total mortality. See Output Overview for more details.
Limitations of the Model
The basic assumptions of the model are: (i) breast cancer is a progressive disease and
(ii) the benefit of early detection is through a stage shift in diagnosis. See Assumption
Overview for a more detailed list of assumptions. Current views of the natural history
of the disease agree that breast cancer is a progressive disease. However there is less
agreement on the reasons earlier diagnosis may result in reducing mortality. There is a
group of investigators who believe that early detection by mammography confers no
benefit. However it is now generally accepted that the criticisms of the scientific
evidence have been satisfactorily answered, discredited or are peripheral. Our model,
suitably modified, can be used to predict the outcome of the early detection clinical
trials. It was applied to the eight randomized early detection breast cancer clinical trials
and was able to predict the outcome of seven of the trials. The agreement with the
breast cancer early detection randomized trials indicates that the stage shift
assumption may be a valid assumption to explain benefit. Our findings were presented
at the Global Summit on Mammography held in Milan, Italy in early June 2002.
Another possible criticism of our model is that survival depends on modality of
detection as well as disease stage. However there is no clinical data to support this
conjecture.

CONTRIBUTORS
We gratefully acknowledge the collaboration with Dr. Diana Miglioretti of the Breast
Cancer Surveillance Consortium for making the stage shift data (Table 2) available. We
very much appreciate the many discussions with Drs. Kathy Cronin, Angela Mariotto,
Rocky Feuer and Rebecca Gelman in clarifying the nature of the input data used in our
model. Finally we are very much indebted to Ms. Hui Huang for carrying out the
difficult calculations required by the model to obtain numerical results. This
investigation was supported by the NCI CISNET project funded under grant CA88270.
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SUMMARY
In this section we summarize the main assumptions fo the model

BACKGROUND
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
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Key References

The basic assumptions of the model are: (i) breast cancer is a progressive disease and
(ii) the benefit of early detection is through a stage shift in diagnosis. A more detailed
list follows.
It is widely believed that breast cancer is a progressive disease.The stage shift
assumption is the only reasonable hypothesis as to why early detection may be
beneficial.
The prediction of the mortality reduction in the eight randomized early detection trials
indicated no benefit for the two canadian trials. These were the only two trials that did
not show a stage shift.
There is no intreaction between the progressive disease model and stage shift.
However there are interactions with age.

ASSUMPTION LISTING
a. Progressive disease model is basic to the model. The natural history of disease
progresses from no disease (or disease which cannot be detected) to pre-clinical
disease to clinical disease.The natural history will depend on age.
b. The process by which early detection changes prognosis is by a stage shift in
that a higher proportion of screened detected cases will have disease stages with
better prognosis. The stage shift may be age dependent.
c. Women who are interval-detected cancers have the same stage distribution as
those not participating in a screening exam.This is an observation from the eight
early detection trials.However this assumption is not necessary.
d. The survival distribution consists of a mixture of survival distribution
conditional on stage. The weights correspond to the probability of being
diagnosed in a particular stage. They will change according to a stage shift for
screen-detected cases. The conditional survival distributions will change with
chronological time corresponding to the introduction of advances in treatment.
e. The sensitivity of the exams (mammograms, physical and the combination) will
be age-related with lower mammogram sensitivities for younger women.
f. The sojourn time distribution is assumed to follow the exponential distribution
with a mean which is age dependentNOte that this distribution is not observed.
Older women are assumed to have longer mean sojourn times than younger
women.The expinential assumption is based on the results of the HIP trial in
which full data is available.We have shown that a necessary and suficient
condition for the sojourn time to be exponential is that the mean ages of those
diagnosed at the first exam is equal to the mean age of a diagnosed control
group. This condition was true for the HIP study.
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g. We have assumed that the sensitivity of a mammogram is age dependent with
higher sensitivities for the women over 50. This age dependence has been
illustrated in many of the early detection trials.
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SUMMARY
This document describes the basic parameters used by the model as well as provides
current estimates for each.

BACKGROUND
Readers Guide
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The key assumptions are outlined in Assumption Overview. These are that (i) breast
cancer is a progressive disease and (ii) the benefit from early detection is due to a stage
shift in screen-detected cases. The stage shift is by definition beyond that expected
from length biased sampling.
Our model requires input data which may come from various sources. They include:
survival conditional on stage, sensitivity of mammograms, sojourn time distribution in
the pre-clinical stage, stage distribution with and without screening, dissemination of
screening and therapy in the 1975-1999 period and the estrogen receptor (ER) status.
Many of these inputs may be age-related. In this section we discuss the values of these
inputs.
The philosophy of the model is that the input data may be observed or can be
estimated from existing data. Examples of the latter are the sensitivity of the screening
modality and the transition probabilities into . The model does not contain
parameters which are estimated to fit existing mortality. In this section the sources of
the basic input data and applications to our model are described. The notation used in
this section is previously defined in Natural History Component. We have used the
software, Mathcad 2001i from Mathsoft Inc., to carry out the calculations of the breast
cancer mortality in the U.S. women in the chronological time period 1975-1999.

PARAMETER LISTING OVERVIEW
The model requires numerical values of various parameters. In this section we
summarize our estimates and discuss various data sources.
Survival, Sensitivity, Sojourn Time in the Pre-clinical State and Stage Distribution
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The SEER database provides breast cancer incidence, staging and survival for the
period 1975-1979. We have chosen this time period for the input data as breast cancer
screening was not common at that time. Choosing a later period would result in these
data sources being influenced by screening. The estimate of the age-specific breast
cancer mortality for birth cohort year without screening history (
, defined in
equation (2.5) has utilized the input data
and
for birth cohort which was
provided by the CISNET NCI group. In our model, Ductal Carcinoma In Situ (DCIS)
cases were not included.
Table 1 summarizes the stage distribution without screening ( ) based on the SEER
data. The CISNET NCI group has estimated the AJCC stage distributions using the
SEER extent of disease data for the years 1975-1979. Age-specific breast cancer survival,
conditional on the AJCC stage, has also been provided by the CISNET NCI group. We
estimated the annual hazard rate and cumulative survival conditional on stage and
age. By multiplying these two quantities, the p.d.f of age-specific breast cancer survival
conditional on stage was estimated. Then the p.d.f of breast cancer specific survival as
defined in equation (2.1) was generated using the stage distributions ( ) and the p.d.f.
of breast cancer survival conditional on stage.

TABLE 1. Summary on Stage Distribution without Screening
AJCC Stage Distribution from SEER 1975-1979
Age

Stage I

Stage II-

Stage II+

Stage III

Stage IV

30-39

0.31

0.23

0.31

0.09

0.06

40-49

0.30

0.23

0.31

0.10

0.06

50-59

0.29

0.22

0.31

0.10

0.08

60-69

0.30

0.22

0.27

0.10

0.11

70-84

0.32

0.27

0.22

0.10

0.10

Our model requires further input data to incorporate screening history and advances
in treatment over chronological time. Using the age-specific incidence data
for
birth cohort , we have estimated transition probabilities between to and between
to . We have further assumed that the pre-clinical sojourn time follows an
exponential distribution with an age dependent mean. The mean sojourn times (
)
serving as input to the model are:
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sensitives of screening mammograms in the U.S. administered in 1996-1998 1. We used
their estimates in the model. (The BCSC project was founded by NCI in 1994 to
evaluate mammogram screening practices in the U.S. population.) The BCSC database
currently contains mammogram screening data and follow-up for approximately one
million U.S. women beginning in 1994. Specifically the age-dependent estimated
sensitivities (
) for screening exams from the BCSC data are:

Shen and Zelen 2 estimated sensitivities of screening examinations and mean preclinical sojourn times from the randomized clinical trials evaluating the benefit of
mammography. In their calculations, the mammogram sensitivities had an improving
trend over time for screening clinical trials conducted in 1963 - 1990's. Therefore the
sensitivities presented above were applied to screening exams conducted in 1995-1999
and the sensitivities for the previous years were lowered. For 1985-1995, the
sensitivities were lowered by 0.10 for ages Finally the assumption of exponential
sojourn times in the pre-clinical state can be justified from two sources. Zelen and
Feinleib 3 have proved that the necessary and sufficient condition for the sojourn time
to follow an exponential distribution is that the mean age of diagnosis for the initial
early detection exam be the same age as those diagnosed in a control group. This
condition was verified in the HIP randomized trial. The second source is the empirical
study carried out by Day and Walter 4 in which they investigated various distributions
for the pre-clinical sojourn time in the HIP trial and found that the exponential
distribution gave the best fit.
Stage Shift
The BCSC has provided data on AJCC stages at diagnosis for screen-detected and
interval cases. In the BCSC data, a screen detected cancer was defined as cancer
diagnosed within 4 months of a positive screening mammogram (bilateral
mammograms indicated by the radiologist to be done for routine screening). An
interval cancer was defined as cancer diagnosed within 4 months of a diagnostic
mammogram (mammogram indicated by the radiologist to be done for evaluation of a
breast problem). A mammogram was considered positive if it was given a final BIRADS assessment code of 0 (need additional imaging evaluation), 4 (suspicious
abnormality), 5 (highly suggestive of malignancy), or 3 (probably benign finding) with
a recommendation for immediate follow-up. Time since prior mammography was
determined using dates of prior examinations in the mammography registry or selfreported information. We have categorized the time since prior mammogram as oneyear and longer than one-year.
We estimated the distribution of AJCC stages for screen detected cases in age groups of
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AJCC Stage Distribution with Annual Screening (from BCSC)
Age

Stage I

Stage II-

Stage II+

Stage II

Stage IV

0.62

0.11

0.21

0.04

0.01

50-59

0.67

0.11

0.19

0.03

60-69

0.76

0.07

0.14

0.02

70+

0.78

0.09

0.11

0.02

0.01

AJCC Stage Distribution with Screening Interval
Age

Stage I

Stage II-

Stage II+

Stage III

Stage IV

0.58

0.12

0.24

0.04

0.015

50-59

0.62

0.15

0.17

0.04

0.016

60-69

0.66

0.13

0.18

0.03

0.007

70+

0.73

0.13

0.11

0.01

0.014

TABLE 2B. Summary of Stage Distribution for Interval Cases
AJCC Stage Distribution with Annual Screening (from BCSC)
Age

Stage I

Stage II-

Stage II+

Stage III

Stage IV

0.46

0.19

0.26

0.07

0.02

50-59

0.45

0.17

0.30

0.07

0.01

60-69

0.54

0.15

0.23

0.06

0.01

70+

0.54

0.23

0.16

0.05

0.01

Age

Stage I

Stage II-

Stage II+

Stage III

Stage IV

AJCC Stage Distribution with Screening Interval

0.37

0.22

0.31

0.08

0.02

50-59

0.29

0.26

0.26

0.12

0.06

60-69

0.41

0.22

0.27

0.07

0.03

70+

0.43

0.29

0.18

0.07

0.03

The stage distribution in the absence of screening can be compared to the stage
distribution estimated from the BCSC data. For example, for women under the age of
50 years, 54% were diagnosed with Stage I/II- disease when no screening was
conducted. (Stage I/II-disease is essentially node negative or local disease stage).
However 73% of the same age group were detected at screening with stage I/II- with
annual mammograms and 70% with exams having longer than a one-year interval
between exams. This shift of 54% to 73% in finding more cases at an earlier stage (stage
I/II-), when women were screened annually, results in a mortality reduction.
This staging information compared to the SEER stage distribution presented in Table 1
allows comparison of stage shift data for screening versus usual care. There is a larger
proportion of women detected at earlier stages when diagnosed by screening.
Furthermore the stage shift is slightly more pronounced with a shorter screening
interval. Similar stage shift data are available from the eight randomized early
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detection clinical trials and are in close agreement (see Discussion). Finally, the p.d.f. of
disease-specific survival for screening exam diagnosed groups were estimated using
the stage distributions presented in Tables 2a and 2b combined with the 1975-79 SEER
survival data.
It is interesting to note that the interval cases had a slightly better prognostic stage
distribution than the control group. The stage shift distribution for interval cases
depends slightly on the screening intervals.
Screening Dissemination
Screening patterns for each birth cohort year have been modeled by the CISNET NCI
group using the data from the National Health Interview Survey (NHIS) and BCSC.
This effort provides information on the probability of the first screening examination
for birth cohorts 1891-1970 at chronological years 1975-1999. This information is
directly incorporated into our model. In addition, the information on screening
patterns, conditional on the age at the first screening examination, was available. The
screening pattern was incorporated into our model using the age intervals 18-39, 40-49,
50-59, 60-69 and 70-79. In addition, the screening patterns are summarized using three
idealized screening intervals; i.e., short (1 year), medium (2 years) and long (5 years).
For women starting the first screening examination at ages 50-59, the possible
screening patterns and probabilities of observing specific patterns are summarized in
Table 3. If women die of breast cancer before age 70, screening patterns up to age 69
and the corresponding probabilities are utilized.

TABLE 3. Screening Patterns for Women with First Screening Exam at Ages 50-59 Years
Screening during Ages
50-59

60-69

70-79

Probability

s

s

s

0.369

s

s

m

0.033

m

s

m

0.012

m

m

m

0.259

m

m

l

0.034

m

l

l

0.001

l

l

l

0.292

s=1 year, m=2 years, l=5 years

For the purpose of illustration, we have displayed only a summary of screening
patterns for women who had their first screening examinations between ages 50-59.
However we have created similar tables for all of the age categories described above.
The combinations of various screening patterns ( for
) together with
disease-specific survival data and stage shift information have been incorporated into
equation (2.8) to assess the disease-specific mortality for the screened population. The
stage distributions used in the model correspond to the screening patterns summarized
in Tables 2a and 2b. For women following screening exams with mixed intervals (1,2
and 5 years), the stage distribution associated with screening interval greater than oneyear was used. When all the screening exams are 5 years apart, the stage shift
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associated with screening interval greater than one-year interval was lowered by
combining it with the stage distribution of the control group in Table 1. These
adjustments were made to take into account the empirical observation that the
magnitude of the stage shift is associated with actual screening intervals.
Treatment Dissemination
The dissemination of adjuvant therapies for breast cancer has also been modeled by the
NCI CISNET group. The patterns of care data has been utilized to model the
dissemination of breast cancer treatments in the U.S. between the years 1975-1999 5. The
CISNET NCI group has provided the data on the proportion of women receiving
Tamoxifen, multi-chemotherapy or both by age groups (69) and the AJCC stages for
the years 1975-1999. For each treatment option, a median smoothing technique was
applied to model the proportion of women receiving therapy as a function of
chronological years 1975-1999. The smoothed function of the dissemination pattern for
each treatment option has been directly incorporated into our model.
We have utilized the survival benefit of multi-chemotherapies reported by the Early
Breast Cancer Trialists' Collaborative Group 6. The EBCTCG reported the proportional
reduction in the annual odds of death for multi-chemotherapies by age groups
A similar adjustment was made for the survival benefit attributed to Tamoxifen. The
EBCTCG 7 reported the proportional reduction in the annual odds of death ratio for
tamoxifen use of 2 years and 5 years of continuous use. Again the disease specific
survival from the SEER 1975-1979 database has been appropriately adjusted using the
reported annual odds of death for 2 year or 5 year Tamoxifen course of therapy. We
have estimated the age specific ER positivity using the 1988-1993 SEER data (ER status
data became available in the SEER database beginning in 1988). Table 4 summarizes
the age specific ER status data used in our model. The benefit of Tamoxifen was
applied only to ER+ women. In addition, the dissemination and benefit of Tamoxifen
have been modeled separately for the 2 year vs. 5 year use of Tamoxifen.

TABLE 4. Distribution of ER Status by Age Group in SEER 1988-1993
Age

ER+

ER-

63%

37%

50-69

77%

23%

70

85%

15%

REFERENCES:
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2 Shen, Y, Zelen, M “Screening sensitivity and sojourn time for breast cancer early
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SUMMARY
Describes major model components.

OVERVIEW
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

In this section we describe the major components of the model. Since our models are
probability models we will describe the elements in minimal technical language. The
development of the model requires that individuals without a screening history be
treated differently than those with a screening history. The equations for individuals
with screening history are more complex.

COMPONENT LISTING
Natural History Component
Survival And Mortality Component
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SUMMARY
A Stochastic model has been developed for predicting U.S. breast cancer mortality as a
function of chronological time and/or age.The model takes into account the
changinging disemination of new therapies and screening patterns using
mammography.

Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

OVERVIEW
The output from this model may consist of: annual breast cancer mortality for specified
chronological times and age specific breast cancer mortality for specified chronological
times. Reductions in breast cancer mortality can also be similarly generated relative to
a base year. In addition the model will be able to partition the reduction in breast
cancer mortality according to changes in treatment and changes in the dissemination of
mammography use. In general the output for the model will will be mortality as a
function of the inpput parameters; i.e.age distribution of population, screening
schedules, survival conditional on stage and treatment, stage distribution. In many
cases the output will be the proportional reduction in mortality relative to a control
group.

OUTPUT LISTING
Important outputs: mortality by chronological time and/or age, reduction in
proportional mortality by age or chronological time. The mortality can be standardized
to any base year. Finally, our overall model has been used to predict the outcomes of
the eight randomized early detection breast trials. We have been able to verify the
reduction in mortality reported by seven of the eight trials.
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SUMMARY
This contains the outputs of the model

OVERVIEW
Eventually the application of model will generate:
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

1. Mortality predictions
2. Predictions of mortality reduction for proposed screening schedules
3. Reductions in mortality associated with screening dissemination, advances in
therapy and a combination of both.
4. Prediction of probability of over diagnosis by age.
5. Test of model by predicting outcomes of eight early detection breast cancer trials

RESULTS LIST
Several results have been generated by this modeling effort. We list a few of them
below.
Model Validation Procedures
Describes model validation and sensitivity analysis used in this effort.
Predicted Mortality Reductions
A table of predictions of the outputs for the eight randomized breast cancer early
detection trials.
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SUMMARY
This document overviews the models treatment of the natural history of the disease.

OVERVIEW
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

The theoretical model builds on the natural history of the disease. The basic
assumption of the natural history is that breast cancer is a progressive disease. Four or
possibly five states of health are envisioned. The states are:

The progressive disease model may be described by the path:

The main interest is the reduction in breast cancer specific mortality. Women
diagnosed with breast cancer who eventually die of other causes are regarded as rightcensored observations. Hence the transition into
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The goal of a breast cancer screening program is to diagnose women who are
asymptomatic for breast cancer. Hence by definition women diagnosed by a screening
exam are in the pre-clinical state. It is necessary to distinguish among cases which are
diagnosed: (i) by a screening exam, (ii) after a negative exam when the disease becomes
symptomatic and (iii) by usual care. Screen detected cases are those in which the women
are asymptomatic and the disease is diagnosed by an early detection examination.
Interval cases are those not detected at a screening examination, but there is a history of
at least one negative screening examination. An incident case refers to women who have
no history of screening exams but are diagnosed by usual care; i.e., the disease has
generated signs/symptoms which makes the women seek medical attention. Interval
and incident cases are assumed to be diagnosed in the clinical state. Note that
mammography and/or a physical exam may be used to aid in the diagnosis of breast
cancer when there are signs/symptoms as well as being used to detect cases in which
there are no signs/symptoms. The latter is referred to as a screening exam whereas the
former is a diagnostic exam even though the same examination modality is used. In
addition to the assumption that breast cancer is a progressive disease, the other basic
assumption is that the potential reduction in breast cancer specific mortality from
screening is due to a favorable stage shift in diagnosis relative to the distribution of
stages when diagnosis is by usual care. We have used the AJCC classification for breast
cancer staging. However any system of disease staging may be used in the model.

DETAIL
See Survival And Mortality Component for details on the modeling of mortality
reduction.
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SURVIVAL AND MORTALITY
COMPONENT
SUMMARY
This document describes development of mortality reduction models for screening and
non-screening individuals.

Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

OVERVIEW
In this section we describe the major components of the model. The development of the
model requires that individuals without a screening history be modeled differently
than those with a screening history. Our formulation allows us to follow a specific birth
cohort and predict the age-specific breast cancer mortality in any chronological year for
the birth cohort.

DETAIL
No Screening History Model
Define:

= year of birth cohort
= age of incidence
= age at death
= probability of normal population surviving to year for birth
cohort
= age specific disease incidence for birth cohort
= probability density function (p.d.f.) of disease specific
survival for subject incident at age in chronological year

;

= probability of disease-specific death at age T for birth cohort .
= age-specific mortality rate for birth cohort .

The p.d.f.
is a mixture of distributions weighted by the probability of being
diagnosed in a particular stage. Specifically

(2.1)

Page 126 of 281

All material © Copyright 2003-2009 CISNET

where
Dana-Farber Cancer Inst.
Survival And Mortality Component
Detail

is the probability of being diagnosed in stage

and
is the survival distribution p.d.f. for stage for a subject diagnosed in
chronological time
for a subject having incidence at age .
In the chronological year of diagnosis
, there may be several treatment options
which may have different survival outcomes.
In this case

may be written as the mixture

(2.2)
where

= probability of treatment for a subject diagnosed in stage at

chronological time

and

is the corresponding survival p.d.f. Then the

p.d.f. of the disease-specific survival for a subject diagnosed at age in chronological
year
and receiving available treatments at that time is

(2.3)
The age-specific mortality rate for a subject from birth cohort year is defined as

(2.4)
where

(2.5)
That is, the age-specific mortality rate represents the number of disease-specific deaths
between ages (T, T+1) in a population of 100,000 from birth cohort year .
One aim of the model is to estimate the age specific mortality by chronological year. If
refers to chronological year and denotes the age of death, then
. Hence by
choosing a birth cohort year, estimates can be made about age specific mortality
corresponding to chronological time .
Overall disease-specific mortality rate for a chronologic year may be calculated with
reference to some base year. Suppose
represents the distribution of ages for a
chosen base year. Then the age-adjusted disease-specific mortality rate for
chronological year is
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(2.6)
The range of integration will be over the values of in which
is non-negligible.
Screening History Model
Subjects undergoing screening require a more complex model than those without a
screening history. Furthermore it is necessary to distinguish between cases diagnosed
at a screening examination (screen detected cases) and those diagnosed at other than a
screening exam (interval cases). Suppose a subject from cohort year has a history of
screening exams at ages
Screen detected cases get diagnosed at any exam given at ages
. It is
assumed that no further exams are given after a diagnosis. Interval cases get diagnosed
in between exams
for
or after the last exam at .
The probability of disease-specific death at age for birth cohort who follows a
screening pattern has a more complicated expression than the probability expression
( ) of the non-screened population. It can be written as

where
= Probability of disease-specific death at age
for screen detected cases with screening history of ;
= Probability of disease-specific death at age
for interval cases with a screening history of
These probabilities are a function of many parameters involved in the case finding
process and have complicated expressions. Details of the derivations and expressions
will be published in another paper 1. In calculating these probabilities, it is necessary to
introduce a sensitivity parameter which may be age dependent and two new
probability distributions. One of the distributions corresponds to the age-specific
probability of entering the pre-clinical state and the other denotes the sojourn time in
the pre-clinical state. Both may be age-related.
The survival distribution for screen-detected cases is assumed to be a mixture of
distributions as described in equation (1), except that the probabilities
of being
diagnosed in the various disease stages have changed due a possible stage shift. In our
model the stage shift is represented by the new values of . Generally larger values
are expected for better prognostic stages when screening is involved. The lead time,
which is defined to be the difference between the age transitioning into the clinical
state and the age of earlier diagnosis, is a random variable, which is not observed. It is
equivalent to having a random guaranteed survival time; i.e., the subject will live at
least to the age at which clinical diagnosis is made. The model accounts for the
guaranteed survival time. Otherwise there will be a lead time bias when compared to
non-screened cases.
The age-specific mortality rate for a birth cohort having a screening history is
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The quantity
is a basic element in estimating various screening scenarios.
Weighted linear combinations of this quantity can be used to predict the age-specific
mortality rate for birth cohort having a variety of screening histories. The screening
histories consist of various combinations of the age at the first screening, frequencies of
the screening examinations and the total number of exams. Then the age-specific
mortality rate of birth cohort with screening histories ; for
is defined as

(2.7)
where is the probability of screening history .
The age-specific mortality rate for chronological year can be calculated using the
relation
to identify the appropriate birth cohort year. The overall diseasespecific mortality rate for chronological year for a population with screening histories
, standardized to a population having ages
, is then

(2.8)
where the limits of integration are over the range of
probabilities

which has non-negligible

Mortality Reduction
We have formulated the expressions for the overall disease-specific mortality rate at
chronological year . This formulation can be used to estimate the mortality reduction
due to treatment, screening or to both treatment and screening disseminated in the
population over years. Using the expressions in equations (2.6) and (2.8), one can
estimate the overall disease-specific mortality reduction at chronological year due to
screening as

(2.9)
The mortality reduction due to treatment disseminated in the population is given by

(2.10)
where
can be estimated from equation (2.6) using the treatment incorporated
survival p.d.f. described in (2.3).
Lastly, the mortality reduction due to both screening and treatment disseminated in
the population is formulated as
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(2.11)
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SUMMARY
This document describes some preliminary validation and sensitivity analysis work
done with the model.

RESULT TYPE
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
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Output Overview
Results Overview
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Validation

OVERVIEW
Model Validation and Sensitivity Analysis
The stochastic model we proposed has two basic assumptions: (i) natural history is
progressive and (ii) gains from screening are attributed to a stage shift. In order to
validate our model, we applied it to the eight randomized trials investigating the
benefits of mammography. The application used input parameters from the trials; e.g.,
stage shift distribution, exam sensitivities, frequency and spacing of examinations, age
distributions and mean sojourn time in the pre-clinical state. These parameters would
generally be available during the first few years of the trial. The survival, conditional
on stage, was obtained from the 1975-79 SEER data base. The follow-up period for the
trials ranged from seven to nineteen years. The follow-up times coincided with the last
published follow-up time. Our model predictions for mortality reduction were within
the reported confidence intervals for seven of the trials (c.f. Lee and Zelen 1). The other
trial did not report a confidence interval for the reported mortality reduction.
A sensitivity analysis for the model has also been carried out. We have varied two of
the input parameters specific to our model (mammogram sensitivities and stage
distributions) to evaluate the impact on disease-specific mortality. In particular we
have: (i) increased the sensitivity of mammograms to
for all ages in the period
1975-1999, (ii) lowered the age-dependent sensitivities to 0.35-0.70 in the period
1975-1999, (iii) changed the stage shift for women following a 5 year screening pattern
to the stage distribution from the BCSC for screening with more than one-year and (iv)
lowered the stage shift of women following a 5 year screening pattern to the stage
distribution of the control group. The results are displayed in Figures 1 and 2.

RESULT
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FIGURE 2. Sensitivity Analysis for Stage Shift

The curve labled "Model" in Figures 1 and 2 represents our final model prediction
(equation 2.11). The other curves represent the changes by varying the input
parameters. The curve labeled "Worse Comb" represents a combination of (ii) and (iv);
and the curve labled "Better Comb" represents a combination of (i) and (iii). The
magnitude of the reduction depends on the dissemination patterns. Generally the
mortality reduction (MR) increases over time as screening and modern treatment
become more widely disseminated in the population. Note that the MR ranged from
0% to 34% in the 25 year period 1975 to 1999 in the CISNET model.
As displayed in Figure 1, if the sensitivity of the screening examination was increased
to 1, the MR increased. In the year 1999, it increased to 34% compared to 33% from the
lower sensitivities in the base case model. When the mammogram sensitivities were
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lowered, the MR in 1999 was lowered to 32%. Figure 1 also displays the better and
worse combinations of mammogram sensitivities and stage shifts. In the year 1999, the
maximum MR with a better combination of mammogram sensitivities and stage shift
was 36% and the minimum MR was 30% with a poorer prognosis combination. Our
sensitivity analysis indicates that the deviation from the model predictions was always
less than 3%.
The mammogram dissemination patterns modeled by the NCI that indicated
approximately 30% of U.S. women, who have started screening, followed a screening
schedule of exams 5 years apart. In calculations, a combination of stage distributions
from the BCSC estimate for screening with more than a one-year scheduling interval
and SEER (1975-1979, no screening exams) was used for this group. The stage shift for
this group has been changed to assess the impact of the stage distribution on MR.
Figure 2 displays the results. A more favorable stage distribution was utilized by using
the BCSC estimate of screening with a more than one-year screening interval; a less
favorable stage distribution was utilized by using the stage distribution of SEER. The
better stage shift improved the MR in the year 1999 to 35% and the control stage
distribution lowered the MR in the year 1999 to 31%. Thus these sensitivity calculations
show that there are small deviations between the model predictions and the
predictions based on alternative stage shift distributions.
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RESULT
Below is the predictions of the outputs for the eight randomized breast cancer early
detection trials.

TABLE 1. Summary of Reported and Predicted Mortality Reductions (MR)
Trial

FU(yrs)

Reported

MR(CI)

Prediction MR

Malmo-1

19

19%

(0,34%)

17%

Stockholm

15

10%

(-28%,37%)

21%

Gothenburg

13.5

22%

(-7,43%)

20%

Ostergotland

17

11%

(-9,28%)

22%

Edinburgh

14

17%

(-18,42%)

11%

HIP

10

30%

(?)

3%

Canada-1

7

-36%

(-121,16%)

1%

7

3%

(-52,38%)

1%

(40-49)
Canada-2
(50-59)
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The intent of this document is to provide the interested reader with insight into
ongoing research. Model parameters, structure, and results contained herein
should be considered representative but preliminary in nature.
We encourage interested readers to contact the contributors for further
information.

Go directly to the: Reader's Guide.
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Core Profile Documentation
These topics will provide an overview of the model without the burden of detail. Each
can be read in about 5-10 minutes. Each contains links to more detailed information if
required.
Model Purpose
This document describes the primary purpose of the model.
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Model Overview
This document describes the primary aims and general purposes of this modeling
effort.
Assumption Overview
An overview of the basic assumptions inherent in this model.
Parameter Overview
Describes the basic parameter set used to inform the model, more detailed
information is available for each specific parameter.
Component Overview
A description of the basic computational building blocks (components) of the model.
Output Overview
Definitons and methodologies for the basic model outputs.
Results Overview
A guide to the results obtained from the model.
Key References
A list of references used in the development of the model.
Further Reading
These topics will provide a intermediate level view of the model. Consider these
documents if you are interested gaining in a working knowledge of the model, its
inputs and outputs.
JNCIMonograph Outline
This topic provides links to profile content organized according to the JNCI
Monograph Outline for Model Description Chapters. Use this outline for
comparisons focused on the CISNET Base Case simulations.
Advanced Reading
These topics denote more detailed documentation about specific and important aspects
of the model structure
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SUMMARY
The primary purpose of our simulation model is to explain the impact of breast cancer
screening and treatment on US breast cancer incidence and mortality SEER trends from
1975-2000. We simulate breast-cancer specific events in the US female population and
track related health outcomes using a natural history model of the disease.
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PURPOSE
Our CISNET model (Model Overview) aims to reproduce population level breast
cancer mortality rates from 1975 to 2000 by capturing breast cancer events that involve
heterogeneity in disease progression, patient characteristics, compliance to screening
and response to adjuvant treatment. The main purpose of our model is to quantify the
impact of screening mammography and adjuvant therapy on breast cancer mortality
trends from 1975 to 2000. In addition, our model can be extended to predict what the
incidence and mortality trends would have been had alternative age-group been
targeted for screening, had there been changes to the interval between screening
examinations and/or changes to the groups targeted for adjuvant therapy.
Our specific aims are:
1. To develop and validate a stochastic natural history model of breast cancer.
We assume the tumor grows exponentially in the period that it can be screen detected.
We assume that the growth rate is constant for a given individual but it can vary
between individuals. We assume that the tumor progresses from local to regional to
distant disease as it increases in volume. We aim to produce robust estimates of tumor
growth rate distribution; the probability of the onset of the regional stage as a function
of tumor volume; and the probability of the onset of the distant stage as a function of
tumor volume.
2. To develop and validate a simulation model of the US female population
undergoing screening and treatment.
We embed the natural history model described in Specific Aim 1 into a simulation
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model of the US female population undergoing screening and treatment. For each
individual, we simulate her age of birth, age and stage at breast cancer clinical
detection, her age at breast cancer death and age at other-cause death. We assume that
breast cancer death and other-cause death are independent, competing events. If the
individual is screen detected, we will also simulate her age and stage at screen
detection and age at breast cancer death from her screen detected tumor. We simulate
individuals from every birth cohort since 1887 and aggregate the outcomes by calendar
year. We estimate leadtime, lengthtime and overdiagnosis biases from screening.
3. To estimate the impact of breast cancer screening and treatment on SEER
incidence and mortality rates.
We use the simulation model described in Specific Aim #2 together with a model of the
dissemination of screening and treatment to estimate SEER trends in age-adjusted
breast cancer incidence and mortality rates. We estimate: (i) the impact screening had
on reducing breast cancer incidence and mortality, independent of treatment; (ii) the
impact treatment had on breast cancer mortality, independent of screening; (iii) the
impact treatment had as a result of early detection from screening programs.

* In this discussion, treatment refers to multi-agent chemotherapy and tamoxifen. It is
assumed that breast cancer patients had mastectomy or breast conserving surgery
followed by radiation.
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SUMMARY
This document provides a background and basic description of the simulation model
that we developed to estimate the impact of screening and treatment on US breast
cancer incidence and mortality SEER trends since 1975.

PURPOSE
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The purpose of this simulation model is to explain the impact of breast cancer
screening and treatment on SEER trends in age-adjusted breast cancer incidence and
mortality since 1975.

BACKGROUND
In the United States, approximately one out of every eight women will develop breast
cancer in their lifetime and one out of every 29 women will die from breast cancer.
Cancer control programs on prevention, screening and treatment aim to reduce breast
cancer mortality. Yet the impact of past and current cancer control programs are hard
to interpret. SEER-based analyses demonstrate that age-adjusted breast cancer
mortality rates have been approximately stable from 1975 to 1989. From 1990 to 2000,
breast cancer mortality rates fell 1.7% per year. Breast cancer incidence rates climbed
between 1977 and 1987, and have approximately been level between 1990 and 1996.
DCIS incidence rates are increasing. There is no widely accepted explanation for these
trends.
Views on the battle against breast cancer vary. It can be argued that our current breast
cancer control programs in screening and treatment (with multi-agent chemotherapy
and tamoxifen) are working. In particular, the increasing fraction of local disease, as
well as DCIS, is a result of screening. The increased incidence of DCIS would be
positive outcome if DCIS were known to be a precursor to invasive breast cancer.
Other positive news is that 5-year and 10-year survival probabilities have increased
and breast cancer mortality has started to decrease. On the other hand, it can be argued
that the benefits of breast cancer control programs are not obvious. Survival benefits
(measured from the time of diagnosis) may be due to leadtime, length time and
overdiagnosis biases. The measured mortality decline since 1990 may be due to
changes in treatment alone. This perspective would not say that the screening
programs are not essential, but might suggest that the most substantial benefit of
screening is local control of the primary disease as opposed to its life-threatening
metastases. Given these two divergent perspectives, an analytically rigorous
explanation of the trends is needed for effective, and cost-effective, cancer control
programs in the future. We are developing a computer model to simulate breast cancer
specific event in the US female population in order to explain the impact of screening
and treatment on SEER-observed breast cancer incidence and mortality trends.

MODEL DESCRIPTION
Our basic simulation model can be described by the following algorithm:

For birth cohorts from 1887 to 1970
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For each woman in the birth cohort
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Generate her natural history of breast cancer
Compute her life history without screening and adjuvant treatment
Compute her life history with screening but without adjuvant treatment
Compute her life history without screening but with adjuvant treatment
Compute her life history with screening and adjuvant treatment
End
End
Our model provides estimates for population-level breast cancer mortality trends by
simulating the life history of individual patients then aggregating the breast cancer
related outcomes at the population level. Via the Monte Carlo method, the following
characteristics are generated for an individual breast cancer patient: (1) the date of her
birth, (2) the age of her death of causes other than breast cancer, (3) the ages she
undergoes screening examinations, (4) the age she would be detected with invasive
breast cancer in the absence of screening, (5) the age she would be detected with
invasive breast cancer in the presence of screening, (6) her primary tumor size, extent
of nodal and distant involvement and ER status at the time of detection in the presence
and absence of screening, (7) the adjuvant treatment she received in the presence and
absence of screening (it is assumed that she received primary therapy which would
include surgery and possibly radiation) (8) her breast cancer survival time given her
disease stage, size, age at detection and mode of detection, (9) her cause of death (i.e.
breast cancer, other causes).
Our model generates information that could never be observed in a single patient. For
example, if a woman was screen detected with invasive breast cancer in a given stage,
we could not know when she would have been clinically detected and her disease
stage at clinical detection. Similarly, if the patient treated died of other causes, we
could not know when she would have died and her cause of death in the absence of
screening and/or adjuvant therapy. Outputs such as these enable us to estimate the
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survival and mortality benefit of screening and adjuvant therapy alone, as well as
estimate leadtime and overdiagnosis effects of screening on breast cancer survival.
In order to generate the breast cancer outcomes for an individual breast cancer patient
in the presence and the absence of screening and/or treatment, we model the natural
history of the disease. In particular, we model the tumor size and SEER historic stage
(defined as local, regional or distant) of patient’s tumor at and before the moment that
the tumor clinically surfaces. By “clinically surfaces,” we mean the tumor is detected
upon clinical examination because the patient experiences symptoms such as breast
pain or nipple discharge. The simulation model traces the tumor from the moment it
clinically surfaces “backwards” in time and provides estimates of the size and stage of
the tumor at any time during the preclinical phase of the disease. A screening schedule
that specifies the patient’s age at the time of screening mammography is superimposed
on the patient’s disease history. A patient is screen detected only if the size of her
tumor is at or above the tumor size detection threshold of mammography at the time of
screening. Once the patient is detected, she is assigned a breast cancer specific survival
time dependent on her age, tumor size, SEER historic stage mode of detection and her
use of adjuvant treatment. Her age of death is the minimum age of breast cancer death
and the age of other cause death. Individual level outcomes are aggregated and
summarized as population level outcomes in terms of age-adjusted breast cancer
incidence and mortality.

CONTRIBUTORS
PlevritisSylvia
RaiSanatan
GlynnPeter
SalzmanPeter
RosenbergJarret
SigalBronislava
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SUMMARY
We describe the assumptions in our model.

BACKGROUND
In order for the model to be mathematically tracktable we need to make certain
assumptions. We subdivide the assumptions we make into sevaral categories, i.e. the
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ones related to patients characteristics, tumor characteristics, screening, adjuvant
treatment (Component Overview).
Some assumptions regarding background cancer incidence are required, since, for
example, incidence for later years is contaminated by screening and hence background
rates are unobservable. The natural history of breast cancer is also unobservable.
Existing measurements of the growth rate are biased toward slower growing tumors.
The onset of regional and metastatic disease is not known. Finally, the rate that the
tumor advances in stage is not known. Size of the tumor at which it becomes detactable
by mammography is unobservable as well and requires modeling.

ASSUMPTION LISTING
Patient Characteristics
• The age- and cohort-specific incidence of breast cancer in the absence of screening
is provided by NCI. It is assumed to be zero for women under 25 years of age and
over 84 years. We treat this incidence as the hazard rate of the first cancer and
apply it to our estimated cancer-free population.
• A woman is screen detected with breast cancer only if the size of her tumour at a
screening exam is greater than the screening threshold (SD threshold). If this tumor
would have been clinically detected after her natural death, then she is
"overdiagnosed."
• Regardless of the mode of detection, breast cancer survival is based on SEERderived breast cancer age, size and stage specific survival curves for cases detected
in 1975-1979 (ie before screening).
• Death from causes other than breast cancer and death from breast cancer assumed
to be two independent events.
Tumor Characteristics
• The tumour grows exponentially.
• The tumour volume doubling time has gamma distribution.
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• The tumor begins in the local stage and progresses through the regional stage
before enters the distant stage. We define the onset of the regional stage as the
point at which nodal involvement first becomes detectable by techniques
commonly used in clinical practice. Similarly, we define the onset of the distant
stage as the point at which distant disease first becomes detectable by techniques
commonly used in clinical practice. If the tumor is clinically detected before the
onset of the regional or distant disease, it is staged as local disease. If the tumor is
clinically detected after regional transition but before distant transition, it is staged
as regional disease. If the tumor is clinically detected after the distant transition, it
is staged as distant disease.
• The hazard of clinical detection at time is proportional to the volume of the
tumor at time
. The onset of regional disease and the onset of distant disease
are each modeled as the time to the first out of the two independent competing
events. The hazard of the first event is constant over time and the hazard of the
second event is proportional to the volume of the tumor at time
. Clinical
detection, and onset of the regional stage are independent of each other given the
tumor volume doubling time. Onset of the distant stage is independent of the
clinical detection given doubling time and tumor size at transition to regoinal
stage.
• Tumor doubling time, hazard of clinical detection and stage transition are
independent of the birth cohort.
Operating Characteristics of Mammography
• The detection threshold is defined as first tumor size that can be detected by the
screening examination; tumors below this size will be missed and tumors above
this size will be detected.
• We assume that detection threshold dose not depend on the year in which
mammography is performed.
Mammography Dissemination
• Model for generating woman's ages at screening mammography is provided by
NCI.
Treatment Efficacy
• We assume proportional benefits due to adjuvant treatment using hazard ratios
published by Early Breast Cancer Trialists’ Collaborative Group 2.
Treatment Dissemination
• Model for generating treatment (adjuvant chemotherapy, adjuvant tamoxifen,
both or no treatment) recieved for given age, stage, size and ER status at detection
is provided by NCI.
Breast Cancer Survival
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• In the absence of screening and adjuvant treatment breast cancer cause specific
survival stratified by tumor size, stage and patient's age at detection is assumed to
be independent of the year of diagnosis.

REFERENCES:
Early Breast Cancer Trialists' Collaborative Group. “Tamoxifen for early breast
cancer: an overview of the randomised trials.” in Lancet 1998; 351: 9114: 1451-67
2 Early Breast Cancer Trialists' Collaborative Group. “Polychemotherapy for early
breast cancer: an overview of the randomised trials.” in Lancet 1998; 352: 9132:
930-42
1
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SUMMARY
This document describes our modeling philosophy and the input parameters of our
model.

BACKGROUND
Our model building process involves the following steps: we (1) decomposed the
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factors that drive population level breast cancer outcomes into distinct, less complex,
physically meaningful components at the individual patient level; (2) analytically
formulated the model components with a small number of parameters using basic
biological, clinical and epidemiological principles and widely-held assumptions; (3)
estimated the parameters from the best available national data; the parameters are
classified as either: (i) observable parameters, meaning that they are directly observed,
typically from clinical trials or (ii) unobservable parameters, meaning that they cannot
be directly observed but may be estimated based on modeling assumptions; (4) merged
all the components into a simulation algorithm that generates the population level
breast cancer outcomes across a large range of calendar years; (5) validated the
population level simulation model by measuring how well it reproduces data on breast
cancer trends that were not used in parameter estimation or model calibration; (6)
evaluated uncertainty in the estimated breast cancer trends due to uncertainty in the
estimates of the parameters of the model components; (7) performed sensitivity
analysis to modeling assumptions and (8) identified worthy refinements to the model
should the appropriate data become available.
The step that is perhaps the most critical in our model building process is that of model
validation. From the start of this project, we intended to validate the model by
analyzing how well it reproduces the observed SEER incidence and mortality trends,
particularly in the post-screening period. For this reason, we required that no
parameter estimation should rely on calibrating to the observed population trends,
particularly in the post-screening period. We needed to moderately relax this
requirement in the current version of the model.

PARAMETER LISTING OVERVIEW
Patient Characteristics
• Age-specific incidence rate of breast cancer with secular trend across birth cohorts.
• Other-cause death by birth cohort
• Kaplan-Meier breast cancer specific SEER survival curves stratified by age, tumor
size and stage.
Tumor Characteristics
• Mean growth rate is estimated together with mammography detection threshold
by calibrating to SEER incidence and BCSC data on size distribution of screen
detected cancers.
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• Parameters of the natural history model, i.e. hazard of clinical detection, hazard of
transition from local to regional and from regional to distant stages, are estimated
from SEER 1975-1981 data (prescreening period) on tumor size and stage at
detection using only cases which are the first malignant tumor in a patient.
• Probability of having ER+ tumor is estimated from SEER 1990-1994 data.
Mammography Operating Characteristics
• The distribution for the mammography threshold was modeled by assuming that
the hazard function for “screen-detectability”, i.e. the transition from a nonscreen
detectable tumor to a screen detectable tumor, is proportional to the crosssectional area of the tumor, which is in turn proportional to the tumor volume
raised to the two-thirds power.
Mammography Dissemination
• Model for generating woman's ages at screening mammography is provided by
NCI.
Treatment Dissemination
• Model for generating treatment (adjuvant chemotherapy, adjuvant tamoxifen,
both or no treatment) recieved for given age, stage, size and ER status at detection
is provided by NCI.
Treatment Efficacy
• We assumed proportional benefits due to adjuvant treatment using hazard ratios
published by Early Breast Cancer Trialists’ Collaborative Group (1998).
See also Component Overview.

Page 147 of 281

All material © Copyright 2003-2009 CISNET

COMPONENT OVERVIEW
Stanford University
Component Overview

SUMMARY
We describe the components of the model.

OVERVIEW
The following briefly describes the model algorithm and the model components
involved at each step.
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We start by generating woman's date of birth and age at death from other causes given
her year of birth. Then her age at clinical detection of breast cancer is generated. Given
parameter estimates for the stage-shift natural history model and age at clinical
detection, we sample from estimated distributions of the tumor volume doubling time,
tumor size at detection and tumor size at onset of the regional and the distant stage
conditioned on the doubling time. In the next step we compute tumor stage at clinical
detection in the absence of screening. If the tumor is clinically detected before the onset
of the regional disease, after the onset of the regional disease but before the onset of the
distant disease, after the onset of the distant disease, it is staged as local, regional or
distant respectively. Given age, size and stage at clinical detection we compute the age
at breast cancer death following clinical detection using survival curves estimated from
1975-1979 SEER data. Screening schedule is generated using either model provided by
NCI or custom schedule, i.e. screening interval can be kept constant or set arbitrarily.
Tumor-size detection threshold of the screening examination is generated using
approach in [ref]. Based on woman's screening schedule and detection threshold we
compute age, tumor size and stage at screen detection. A patient is screen detected
only if the size of her tumor is at or above the tumor size detection threshold of
mammography at the time of screening. The tumor size at the time of screening is
determined knowing the size of the tumor at clinical detection, the tumor volume
doubling time and the difference in the woman’s age at the time of screening and her
age at the time of clinical detection in the absence of screening. Next, using the model
provided by NCI we generate type of the adjuvant treatment recieved by the woman
given her year of diagnosis, age at diagnosis, tumor size and stage. Once the patient is
detected, she is assigned a breast cancer specific survival time dependent on her age,
tumor size, SEER historic stage mode of detection and her use of adjuvant treatment.
Her age of death is computed as the minimum of the age at breast cancer death and the
age at death from other causes.

COMPONENT LISTING
Our model consists of six underlying components: population, breast cancer incidence,
breast cancer survival, natural history model, screening intervention and adjuvant
treatment intervention. The components themselves contain subcomponents, some of
which are referred to as “CISNET base case inputs” because they were defined by
CISNET Breast Cancer Working Group as common inputs that would facilitate
comparison among the seven different models.
Below is the pseudocode for our simulation model.
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For birth cohorts 1887:1970,
For individuals 1:2,000,000
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Step 1: Generate date of birth (Population Component)
Step 2: Generate age at other-cause death given birth cohort (Population
Component)
Step 3: Generate age at clinical detection (Cancer Incidence Component)
Step 4: Generate tumor volume doubling time (Natural History Component)
Step 5: Generate tumor size at clinical detection given the tumor volume
doubling time (Natural History Component)
Step 6: Generate tumor size at the onset of regional and distant stage (Natural
History Component)
Step 7: Compute stage of the tumor at clinical detection
Step 8: Generate age at breast cancer death following clinical detection given
age and stage at clinical detection (Survival And Mortality Component)
Step 9: Generate the ages undergoing screening given birth cohort (Screening
Component)
Step 10: Generate the tumor size detection threshold of mammography
(Screening Component)
Step 11: Compute age, tumor size and stage at screen detection
Step 12: Generate type of adjuvant therapy (Treatment Component)
Step 13: Generate age at breast cancer death following screen detection given
age and stage at detection (Survival And Mortality Component)
Step 14: Compute age of death as min{age of breast cancer death, age of other
cause death} (Survival And Mortality Component)
Repeat for next individual
Repeat for next birth cohort
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SUMMARY
We describe the output of breast cancer population simulation model.

OVERVIEW
The following outputs are produced by our model to help answer CISNET questions:
age specific annual breast cancer incidence, age specific annual breast cancer deaths,
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mid-year population. The different type of output is used to estimate operational
mammography characteristics, and such unobservable quantities as lead time and
overdiagnosis.

OUTPUT LISTING
Breast cancer incidence and mortality:
• Age-specific (5-year) annual counts of detected breast cancers.
• Age-specific (5-year)annual counts of breast cancer deaths.
• Age-specific (5-year) annual counts of breast cancer prevalence cases.
• Age-specific (5-year) annual counts of detected breast cancers by size and stage.
• Age-specific (5-year) annual mid-year population.
The above outputs could be used to compute age-specific and age-adjusted annual
breast cancer incidence rates by year of diagnosis, breast cancer mortality rates by year
of death and prevalence rates.
Screening program characteristics based on cancers generated in years 1975-2000:
• Mean leadtime by 5-year age groups.
• Mean overdiagnosis by 5-year age groups.
• Mammography detection rates by 5-year age groups for the first screen and for the
all subsequent screens.
• Program sensitivity by 5-year age groups.
All of the above outputs could be produced under the four scenarios (where
appropriate):

• Background risk only
• Treatment only
• Screening only
• Screening and treatment
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SUMMARY
In this section we present the results that could be derived from our program outputs
as well as the results of sensitivity analysis.

OVERVIEW
In order to answer CISNET base case question : “What are the contributions of
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screening and treatment to mortality reduction?”, we predict age-adjusted breast
cancer mortality trends from 1975 to 2000. We also perform one-way sensitivity
analysis of the age-adjusted mortality trends with respect to changes in the various
input parameters of our model.

RESULTS LIST
Fit to the Age-adjusted Mortality Trend for Years 1975-2000
Comparison of the predicted and actual age-adjusted breast cancer mortality rates
from 1975 to 2000 as reported by the National Center for Health Statistics (NCHS) are
shown in Figure 1 (Age Adjusted Mortality).
Uncertainty analysis
We assessed uncertainty in the annual breast cancer mortality due to the estimated
uncertainty in the scaled parameters of the natural history model (see Uncertainty
Sensitivity Analysis)
Sensitivity Analysis
Because our model predicts a higher mortality rate than observed and does not predict
the continued decline in mortality after 1995, a sensitivity analysis was especially
critical. We performed the following one-way sensitivity analyses:
0. Varying the secular trend in breast cancer incidence.
1. Adding a temporal improvement in mammography detection.
2. Adding a temporal trend to treatment efficacy.
3. Adding a temporal improvement in baseline survival.
4. Allowing a fraction of screen detected invasive tumors to be screen detected as
DCIS.
For details see Uncertainty Sensitivity Analysis.
CISNET Base Case Result
In answering the CISNET base case question: “What are the contributions of screening
and treatment to mortality reduction?”, we predict age-adjusted breast cancer
mortality trends from 1975 to 2000 under the following four scenarios:
0. in the absence of screening and adjuvant therapy
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1. in the presence of screening only
Stanford University
Results Overview
Results List

2. in the presence of adjuvant therapy only
3. in the presence of both screening and adjuvant therapy.
See Base Case Results for details.
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DETAIL
Our population component specifies the birth cohorts for our population level
simulation analysis. To reproduce the outcomes of women ages 30 to 84 years in the US
from the years 1975 to 2000, a representative sample of women born in the US between
the years 1887 and 1970 is generated. Each birth cohort consists of two million women,
which we found was a sufficiently large number to reduce the variability associated
with the Monte Carlo method. Even though factors such as population immigration
and emigration are likely to vary the relative sizes of the birth cohorts, the size of each
birth cohort is kept constant in our simulation because the incidence and mortality
trends are reported as age-adjusted rates. Each woman is assigned a birth date and an
age at death from other causes. Death from breast cancer and other-causes are assumed
to be independent. The other-cause death rate is a NCI base-case input and based on
the Berkeley Mortality Database which start with the 1900 birth cohort 2. For birth
cohorts before 1900, we assume 1900 other-cause mortality rates.

REFERENCES:
The Berkeley Mortality Database. Department of Demography at the University of
California, Berkely. “BerkeleyMortality”
2 Rosenberg, M. “Annual probabilities of death from causes other than breast cancer.”
in Cancer Intervention and Surveillance Modeling Network; Base Case.
Unpublished data.
1

Page 153 of 281

All material © Copyright 2003-2009 CISNET

CANCER INCIDENCE COMPONENT
Stanford University
Cancer Incidence Component

Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

DETAIL
The breast cancer incidence component determines whether or not an individual from
a particular birth cohort would become clinically detected with invasive breast cancer
in the absence of the screening and other-cause mortality. The breast cancer patient is
assigned the age at which her first primary invasive tumor clinically surfaces.
This component relies on a CISNET base case input commonly referred to as the
“secular trend in breast cancer incidence” and is estimated from the historic
Connecticut Tumor Registry (CTR) and SEER 1. The base case input estimates breast
cancer incidence (invasive and in situ) in the absence of screening for annual birth
cohorts starting 1891 by single year of age, for ages 25 to 84 years. The base case
incidence is assumed to be zero for women under 25 years old and over 84 years old.
We treat the base case incidence as the hazard rate of the first cancer and apply it to our
estimated cancer-free population. For each birth cohort we interpret the given
incidence per 100,000 women (ha) as the hazard rate for age a . To reduce the execution
time for multiple runs, we generate and sample from a distribution function for the
clinical detection age ( ABC) at symptomatic detection of the first invasive breast cancer
for each birth cohort in the following way:

where the age a is an integer. Because this is a discrete distribution function of the
woman’s age at the first symptomatic detection, we generate the exact age by assuming
a uniform distribution within a year. The same calculation is made for all the birth
cohorts.
Two limitations with the breast cancer secular trend exist. First, we are likely
overestimating the true hazard of the first primary, particularly in the older age
groups. The base-case incidence was approximated as the observed count of “new
cancers” divided by the size of the mid-year population based on data from the CTR
and SEER, whereas the true incidence is defined as the count of “first cancers” divided
by the size of the cancer free population 2. This approximation is made because SEER
does not include the size of the cancer free population. It would produce the true
incidence if women are equally at risk for breast cancer regardless of their history of
breast cancer; however, the risk of breast cancer likely increases with a prior history of
primaries as evidenced by the Gail model 3.
The second limitation with our use of base case incidence is that we had to modify it in
order to estimate the incidence for clinically detected invasive cancers only. The base
case input provides the estimated trend for the sum of clinically detected in situ and
invasive disease. We adjusted it by removing an estimated proportion of in situ cases
as a function of age, which was estimated from SEER 1975-1979 data. The same
correction factor was applied to all birth cohorts.
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OVERVIEW
Our natural history component specifies the size of a breast cancer patient’s first
primary invasive breast tumor and its SEER historic stage during the preclinical phase
of the disease mechanism under which the first primary invasive tumor is clinically

Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

detected 1. Herein, the preclinical phase is defined from the moment the tumor is
invasive and 2mm in diameter to the moment it clinically surfaces. We trace the tumor
size backwards in time from the time it would have been clinically detected. (We are
not modeling the tumor forward in time by estimating the onset of the first malignant
cell or the onset of a tumor mass of a fixed size.)

DETAIL
Doubling time distribution of the primary tumor
The tumor is assumed to be spherical and grow exponentially, at a constant rate, in the
preclinical phase. The volume of the tumor at time is expressed as
,
where the inverse growth rate (which is doubling time divided by ln(2)) has gamma
distribution with rate and shape .
Stage transition of the primary tumor
The disease is assumed to start in the local stage, and progress to regional and distant
stages as it increases in size. We define the onset of the regional stage as the point at
which nodal involvement first becomes detectable by methods commonly used in
clinical practice. Similarly, we define the onset of the distant stage as the point at which
distant disease first becomes detectable by techniques commonly used in clinical
practice. If the tumor is clinically detected before the onset of the regional or distant
disease, it is staged as local disease. If the tumor is clinically detected after regional
transition but before distant transition, it is staged as regional disease. If the tumor is
clinically detected after the distant transition, it is staged as distant disease.
The onset of regional disease and the onset of distant disease are each analytically
modeled as the time to the first out of the two independent competing events. The
hazard of the first event is constant over time and the hazard of the second event is
proportional to the volume of the tumor at time
. In mathematical terms the
hazard of the time to onset of observable nodal involvement
has the form,

The hazard of the time to onset of observable distant metastasis
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We do not include a temporal trend in the stage-transitions due to the lack of data to
support parameter estimation. Yet it is reasonable to assume that technology
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advancements have caused a stage migration 2.
Clinical detection function
The hazard of the time to clinical detection
current tumor volume,

is assumed to be proportional to the

This clinical detection function was introduced previously for breast cancer 3. We do
not vary the clinical detection function by calendar year due to lack of data to support
estimation. Yet the clinical detection function has probably changed over time, yielding
smaller median tumor sizes as increasing numbers of women are becoming aware of
early breast cancer symptoms through greater education and outreach programs.
Parameter estimation
Estimation of scaled rate parameters
In total, our natural history model has seven parameters:
which are
specified above. Maximum likelihood estimates for these parameters are based on
SEER data of the tumor size and stage of invasive cancers that were clinically detected
in the absence of screening 4. Only tumors detected between 1975 and 1981, which
represents a period of no to little screening, were considered, and of these only the
breast tumor which is the first primary tumor in a women with multiple primaries
were selected. Because we do not use any data that contains temporal information
(such as age), the rate parameter estimates are dimensionless and scaled by the mean
doubling time. The scaled natural history parameters estimates are stratified by agegroups (20 – 39 years old, 40 – 49 years old, 50 – 69 years old, 70 – 84 years old).
Estimation of the mean volume doubling time and screening detection threshold
We estimated two unobservable parameters, namely the median tumor size detection
threshold of mammography and mean tumor volume doubling time simultaneously,
by calibrating to the SEER incidence trends and data from the Breast Cancer
Surveillance Consortium (BCSC) 5 using a two-step procedure. In the first step, each of
five-year age-specific SEER incidence curves were smoothed with respect to the year of
diagnosis using natural splines (SPLUS 6.1) in terms of the number of new cancers
divided by the mid-year population. Using our simulation program we estimated
incidence as a number of first cancers divided by the mid-year population minus the
prevalence. Sum of squared difference between age-specific smoothed SEER incidence
and simulated incidence was used as a goodness of fit measure, thus assuming the
same weight for each age group and each calendar year. This measure was computed
over the two-dimensional parameter grid with increments of 0.05 year for the mean
doubling time and 0.05 cm for the median threshold. The mean doubling time was
varied between 0.2 year and 1.1 year and median detection threshold was varied
between 6mm to 12mm. Various combinations of the parameters produced similar
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goodness of fit measures. In the second step, for each fixed threshold we selected the
best mean doubling time. Using thus created “pairs” we selected the one that produced
better fit to the median size at detection for screen detected cases in BCSC 1994-2000
data of cancers screen detected within three years of the previous screening
mammogram for women 50-69 years old. The resulting estimates currently used in the
program are 0.75 year for mean doubling time and 1.0 cm for the median threshold of
screening mammography.
This estimation procedure counters our intention to avoid calibration to post-screening
SEER trends. However, it is limited to two parameters and calibration to incidence
trends only. Through sensitivity analysis, we found these two parameters largely
impact the change in breast cancer incidence rate once screening was introduced. In
future work, this calibration procedure can be avoided because, in theory, these
parameters along with the other parameters underlying the natural history can be
simultaneously estimated from screening trial data.
Natural history model validation
After estimating the scaled rate parameters, we generate the goodness-of-fit measure
by comparing the observed versus estimated tumor size distribution and the stage
distribution conditioned on tumor size, for each age-group.
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Survival is determined by age, size, stage, mode of detection and use of adjuvant
therapy. For clinically detected cancer cases (in the absence of screening and
treatment), we use age, stage and cause-specific survival curves obtained from SEER
for women detected between the years 1975-1979 for which breast cancer was the first
primary tumor. This is an NCI base case input for tumor size categories

DETAIL
Baseline breast cancer survival
Breast cancer survival curves for patients detected in the absence of screening and
adjuvant therapy are a CISNET base case input, referred to as baseline breast cancer
survival curves. These are Kaplan-Meier estimates obtained from SEER for female
breast cancer patients who were detected between the years 1975-1979 and for whom
breast cancer was their first primary tumor. Because the period from 1975 to 1979 is
associated with minimal levels of screening and adjuvant therapy, the baseline survival
curves are assumed to only capture the effects of primary breast cancer treatment,
namely surgery with the possibility of radiation. The curves are stratified by age at
detection (30 – 39 years old, 40 – 49 years old, 50 – 59 years old, 60 – 69 years old, 70 –
84 years old), SEER historic stage (i.e. local, regional, distant), for local and regional
stages curves are further stratified by tumor size (i.e. We do not include temporal
variation in these curves, although improvements in primary treatment may have
improved survival 1. In addition, baseline survival may be impacted by temporal
variation in the proportion of disease histology 2.
Breast cancer survival post screen detection without adjuvant therapy
The breast cancer survival curve post screen detection is taken to be the maximum of
two curves: (1) the baseline survival curve that corresponds to the age, size and stage at
screen detection and (2) the baseline survival curve that corresponds to the age, size
and stage at clinical detection. Both survival curves are initiated at the corresponding
age of detection and survival probability for curve that corresponds to clinical
detection is set to be 100% during the leadtime. This approach rules out the possibility
of death during the leadtime.
The assignment of breast cancer survival post-screen detection is arbitrary. Better
breast cancer mortality outcomes would be obtained by using the baseline breast
cancer survival curve that corresponds to the screen detected tumor characteristics
initiated at the age of clinical detection. Worse outcomes would be obtained by using
the baseline breast cancer survival curve that corresponds to the screen detected tumor
characteristics initiated at the age of screen detection, because it would allow for death
in the leadtime. In a sensitivity analysis, we found that these two extremes do not
deviate significantly from the decision rule that we applied.
Breast cancer survival following adjuvant therapy with and without screening
We assume a proportional hazard reduction in breast cancer mortality due to adjuvant
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treatment (Treatment Component). In the absence of screening, the hazard ratio is
applied to the base case baseline breast cancer curves. In the presence of screening, the
hazard ratio is applied to the resulting survival curve obtained earlier.
Other cause mortality
Other cause mortality and cause-specific mortality are assumed to be independent.
Age and cause of death is then determined as the minimum of the cause-specific and
other cause mortality.
What is the effect of not modeling in-situ disease?
DCIS is not included in our natural history model because there is little known about
its progression. Some forms of in situ (in particular, high-grade DCIS) have been
suggested to progress to invasive disease 3, but exactly what percent progresses and
how fast it progresses is not known. For this reason, our model is limited to disease
that would have been clinically detected as invasive. By not including clinically
detected in situ disease we are implicitly making the assumption that DCIS does not
contribute to breast cancer mortality. We are also not considering disease that would
have been clinically detected as invasive but is screen detected as in situ. In our model,
DCIS is likely screen detected as localized, small invasive tumor and as such would
have good prognostic outcome. Should this assumption lack validity, we expect a poor
prediction of breast cancer mortality since DCIS is a substantial fraction of incident
breast cancer in the screening period 4.
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OVERVIEW
Our screening component specifies the screening schedule of a given individual and
the criterion upon which a patient is screen detected.
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We use the CISNET base-case input for mammography dissemination to specify the
ages at which a given individual undergoes screening, given her birth cohort. 1 The
screening schedule is truncated at the age of clinical detection or death of other causes,
whichever occurs first.
Screen Detection Mechanism
Each woman who receives at least one screening examination is randomly assigned a
mammographic detection threshold. The mammography detection threshold is defined
as smallest tumor diameter detectable on screening mammography. Tumors below this
diameter will be missed and tumors above will be classified as screen detected if they
have not clinically surfaced before the time of the screening examination. Because the
tumor size increases between screening examinations, the probability of screen
detection increases. Once a patient is screen detected, her age, tumor size, SEER
historic stage at detection are recorded. A patient is classified as an “interval case” if
her tumor is clinically detected between two scheduled screening examinations.
The distribution for the mammography threshold was modeled by assuming that the
hazard function for “screen-detectability”, i.e. the transition from a nonscreen
detectable tumor to a screen detectable tumor, is proportional to the cross-sectional
area of the tumor, which is in turn proportional to the tumor volume raised to the twothirds power, i.e.

In terms of the tumor diameter, the resulting cumulative distribution function is
. In our simulations, the distribution was truncated at diameter d
= 2mm i.e. we set
for d
Our mammography detection function has the advantage that it is fully specified by
one unobservable parameter, but the disadvantage that it produces a narrow
distribution. A wider distribution is more plausible however, it would require an
additional unobservable parameter that could not be identifiable from the available
data. Temporal variation in the screening detection function was not modeled because
its estimation would rely on data that are not available (other than data from the SEER
post-screening period which is being reserved for model validation).
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OVERVIEW
Our adjuvant treatment component assigns adjuvant treatment and its corresponding
survival benefit to a breast cancer patient.
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Each breast cancer patient is assigned adjuvant treatment (tamoxifen, multiagent
chemotherapy, both, neither) depending on the patient’s age, tumor size, disease stage,
ER status, and year at detection, as specified by the NCI treatment dissemination base
case input 1.
Tamoxifen dissemination targets ER-positive women in more recent years. Because ER
status was not part of the natural history model, we assume that ER status does not
vary over the preclinical course of the disease and does not impact the probability of
screen detection. The probability that a given breast cancer patient is ER-positive was
based on the proportion of women with ER-positive disease in the SEER data for years
1990-1994: the proportion of ER+ is 62%, 75%, and 83% for women
Survival Benefit from Adjuvant Treatment
We assumed proportional benefits due to adjuvant treatment using published hazard
ratios 3. For chemotherapy, the hazard ratio for the breast cancer specific survival
depends on the age at detection: 0.72 for women 2 to convert it to a breast cancer
specific mortality benefit. Ideally, this correction should depend an age and nodal
status. If a woman receives both treatments, the product of hazard ratios is applied.
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A comparison of the predicted and actual age-adjusted breast cancer mortality rates
from 1975 to 2000 as reported by the National Center for Health Statistics (NCHS) are
shown in Figure 1. Because a measure for goodness of fit is not clear for our purposes,
we proceed with a qualitative assessment. The general shape of the predicted mortality
curve is similar to the actual curve. The mortality trend has a dominant downward
trend in mortality approximately starting in the year 1990. However, two significant
discrepancies exist between the modeled and actual curves. First, the predicted
mortality rates are higher than the actual rates on an absolute scale. Second, the
predicted mortality curve levels off starting in the year 1995 but the actual mortality
curve shows a continued decrease. Both of these discrepancies were anticipated. The
mortality is systematically higher than expected because the incidence for the first
primary may be too high (see Cancer Incidence Component ). The predicted trends are
fairly flat after 1995 because there is little temporal variation in the model inputs just
before and during this period. Also, as expected, we find that both of these
discrepancies are most dominant among women over age 60 at death. The differences,
if any, are minor among the younger women, for whom the incidence of breast cancer
is relatively low.

FIGURE 1. Comparison of age-adjusted US breast cancer mortality: NCHS data versus
simulation model.
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The uncertainty in the annual breast cancer mortality due to the estimated uncertainty
in the scaled parameters of the natural history model (Natural History Component) is
less than 1 death per 100,000 women. We estimated this uncertainty by bootstrapping
the model with a new set of scaled natural history parameters. Parametric bootstrap
was used to approximate joint distribution of the maximum likelihood estimates. The
new parameter sets were generated by sampling from this joint distribution. This
uncertainty does not fully account for differences between the modeled and actual
breast cancer mortality.
Sensitivity Analysis
Because our model predicts a higher mortality rate than observed and does not predict
the continued decline in mortality after 1995, a sensitivity analysis was especially
critical. We proceed as follows:
0. Varying the secular trend in breast cancer incidence: Our breast cancer mortality rate
may be too high because we may be overestimating the true hazard of first
cancer (see Cancer Incidence Component). We adjust the number of new first
cancer patients as follows: (1) we determine if a patient has been diagnosed
previously given her age and stage, based on data from the CTR from the years
1975-1979; (b) if yes, then we return her to the healthy population. While this
adjustment may underestimate incidence of first cancer, we find that it does not
change the shape of the predicted mortality trend, but reduces its absolute level
closer to the observed level, as shown in Figure 1(a). These desirable features
warrant further investigation with alterations to the CISNET base case input for
the secular trend in incidence.

0. Adding a temporal improvement in mammography detection: We introduced a
stepwise change in the median tumor size detection threshold of mammography
by reducing it from 1.0 cm to 0.5 cm at a specified calendar year and thereafter.
The results from a step-wise change in the years 1985, 1990 and 1995 are shown
in Figure 1(b). A noticeable reduction in breast cancer mortality begins
approximately three years after the step-wise change. Despite the significant
reduction in the detection threshold, the reduction in mortality is not large
enough to account for continued mortality decline after the year 1995. For this
reason, we do not suspect that we are significantly underestimating the benefit
of screening mammography.
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0. Adding a temporal trend to treatment efficacy: The efficacy in adjuvant treatment
was assigned a stepwise change by improving the efficacy by 2 standard
deviations based on published meta-analysis 2 in a specified calendar year and
thereafter. The results following a stepwise change in 1985, 1990 and 1995 are
shown in Figure 1(c). The response in mortality was immediate. If one were to
consider a more gradual change in efficacy, such change in the 1990’s could
predict a continued mortality decline after 1995 without compromising the
agreement between the predicted and actual mortality trends before 1995.
Because a gradual improvement in multi-agent chemotherapy is likely due to
changes in prescribed agents, it is possible that we are currently
underestimating the benefit of adjuvant therapy in the later years. Future
refinements to the treatment efficacy are warranted.

0. Adding a temporal improvement in baseline survival: We introduced a stepwise
change in the baseline survival by forcing a 20% increase in a specific calendar
year and thereafter. The results from a step-wise change in years 1985, 1990 and
1995 are shown in Figure 1(d). The response in mortality was immediate. Even a
more modest improvement in baseline survival could significantly alter the
shape of the predicted mortality curve before the year 1995 since it affects all
cancer patients, so we do not expect it to be the major factor between 1975 and
1995 and hence after 1995.

0. Allowing a fraction of screen detected invasive tumors to be screen detected as DCIS:
We assumed that a fraction p of tumors screen detected in local stage and below
1cm would be in situ disease with no risk of death from breast cancer. This was
done by re-calibrating the remaining invasive cases to incidence while keeping
mammography threshold fixed at 1 cm (see Natural History Component). As
the percent of in situ disease varied from 5%, 10%, 20%, and 50%, the mortality
reduction in the year 2000 varied from 0.2%, 1.1%, 1.4%, and 3.1% respectively.
Even if 100% of all less than 1cm, local tumors were screen detected as in situ
disease, breast cancer mortality in the year 2000 would decrease by only 6%,
which is not large enough to explain the unaccounted for decline in mortality.
We suspect that mortality is not greatly impacted because small, local tumors
already have good prognosis.
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CISNET Base Case Result
In answering the CISNET base case question: “What are the contributions of screening
and treatment to mortality reduction?”, we predict age-adjusted breast cancer
mortality trends from 1975 to 2000 under the following four scenarios:
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(1) in the absence of screening and adjuvant therapy,
(2) in the presence of screening only,
(3) in the presence of adjuvant therapy only, and
(4) in the presence of both screening and adjuvant therapy.
The results are shown in Figure 1. In the absence of screening and treatment, we
predict a steady increase in age-adjusted breast cancer mortality due to the secular
trend in incidence. Compared to the predicted mortality rate in the absence of
screening and adjuvant therapy in the year 2000, the mortality rate in the presence of
both screening and adjuvant therapy is reduced by a total of 29.9%, which is
decomposed as follows: 16.9% due to screening, 6.9% due to chemotherapy and 8.9%
due to adjuvant therapy. The estimated relative contributions of screening and
adjuvant therapy to the mortality reduction were similar in magnitude: 53% due to
screening versus 47% due to adjuvant therapy. Based on a sensitivity analysis, we
found little difference in the relative contributions of screening and adjuvant therapy
with the variation in the breast cancer secular trend (see Uncertainty Sensitivity
Analysis). However, we may be underestimating the contribution due to adjuvant
therapy given a likely temporal improvement in treatment efficacy (see Uncertainty
Sensitivity Analysis). If we allow death in the leadtime (analysis not shown), we would
be allowing the possibility that screening impacts only survival but not mortality, yet
we still find a decline in breast cancer mortality.
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FIGURE 1. Simulated age-adjusted breast cancer mortality under four scenarios: (1) absence of
screening and adjuvant therapy; (2) presence of screening only; (3) presence of adjuvant
therapy only; and (4) presence of screening and adjuvant therapy. Observed NCHS ageadjusted breast cancer mortality is plotted for comparison.
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Core Profile Documentation
These topics will provide an overview of the model without the burden of detail. Each
can be read in about 5-10 minutes. Each contains links to more detailed information if
required.
Model Purpose
This document describes the primary purpose of the model.
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Model Overview
This document describes the primary aims and general purposes of this modeling
effort.
Assumption Overview
An overview of the basic assumptions inherent in this model.
Parameter Overview
Describes the basic parameter set used to inform the model, more detailed
information is available for each specific parameter.
Component Overview
A description of the basic computational building blocks (components) of the model.
Output Overview
Definitions and methodologies for the basic model outputs.
Results Overview
A guide to the results obtained from the model.
Key References
A list of references used in the development of the model.
Further Reading
These topics will provide a intermediate level view of the model. Consider these
documents if you are interested gaining in a working knowledge of the model, its
inputs and outputs.
JNCIMonograph Outline
This topic provides links to profile content organized according to the JNCI
Monograph Outline for Model Description Chapters. Use this outline for
comparisons focused on the CISNET Base Case simulations.
Advanced Reading
These topics denote more detailed documentation about specific and important aspects
of the model structure
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SUMMARY
This page summarizes the model's purpose.

PURPOSE
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

The MISCAN computer simulation program 2 has been developed for building models
for cancer screening in a dynamic population, and for subsequently applying these
models to analyze and explain results of cancer screening trials, to predict and compare
the (cost-) effectiveness of different screening policies, and to monitor the results of
population screening programs. MISCAN models have been made and applied for
cancer of the cervix, breast, colon, and prostate 6. In these standard MISCAN models,
the natural history is described by defining discrete tumor stages, transition
probabilities between these stages, and dwelling times in each stage. A problem of
such a discrete disease stage model is that no clear distinction is made between local
parameters that are specific to a situation in an area, and "biological" parameters that
can be assumed to be equal in different areas. It also appeared to be difficult to explore
assumptions about the natural history or other explanations for the differences
between model results and observations, for example regarding the stage distribution
of screen-detected cancer, interval cancers, and cancers diagnosed in case of no
screening.
Therefore we decided to develop a more biologically oriented continuous tumor
growth component as an alternative for the standard discrete stage natural history and
screening component in MISCAN. In this alternative MISCAN breast cancer model,
which is described here, a new component is used for the Natural History Component
of invasive breast cancer and the effect of treatment and screening on survival. This
'Fadia' component simulates histories of tumors based on continuous tumor growth
and the concept of a fatal diameter: each tumor has a size (the fatal diameter, which
differs between tumors) at which diagnosis and treatment will no longer result in cure
(reflecting the available treatment options), at this point the tumor enters the stage of
fatal disease., i.e. one or more micro metastases exist for which treatment will not be

Page 173 of 281

All material © Copyright 2003-2009 CISNET

Erasmus MC (Breast)
Model Purpose
References:

effective and will cause death from breast cancer for this woman. If the tumor is
diagnosed (either on the basis of symptoms or by screening) and treated before the
tumor reaches the fatal diameter the woman will be cured. In Fadia a distinction is
made between tumor biology (tumor growth rate distribution) and model variables
that may vary between areas and over time and / or age (diameter at clinical diagnosis,
screening threshold diameter and fatal disease diameter, and survival). In the
remainder "MISCAN-Fadia" will refer to the MISCAN version that includes this Fadia
component, as described here; "standard MISCAN" will refer to the standard MISCAN
model that can be used for simulating cancer screening as described by Loeve et al 2,
and the "standard MISCAN breast cancer model" refers to the existing model for breast
cancer with discrete tumor stages 4.
We also developed a cohort version of the MISCAN-Fadia population model and used
it to estimate the parameters of the Fadia component using data from the Two County
trial for breast cancer screening in Sweden 9. See also Model Calibration Procedures
For the CISNET-Breast Base Case, the MISCAN-Fadia model was used to perform a
series of model simulations for the years 1975-2000, including a background run
assuming no screening and adjuvant treatment and runs with the assumed use of
screening and / or adjuvant treatment during this period.

REFERENCES:
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simulation program for the evaluation of screening for disease” in Comput
Methods Programs Biomed 1985; 20: : 79-93
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SUMMARY
This document provides an overview of the modeling effort, and describes the model
itself in general terms.

PURPOSE
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

In the MISCAN-Fadia model knowledge on natural history, screening and adjuvant
treatment practice and breast cancer risk derived from randomized controlled trials
and observational studies will be integrated. In this way MISCAN-Fadia can be helpful
in analyzing and explaining results of cancer screening trials, predicting the (cost-)
effectiveness of different screening policies, and predicting the potential of present and
new interventions on future national trends. See also Model Purpose.

BACKGROUND
The MISCAN computer program has been used for building screening models for
cancers of breast, cervix, colon en prostate [1,2,3,4,5]. In the standard MISCAN breast
cancer model, the natural history is described as a semi Markov model. A problem of
such a discrete disease stage model is that no clear distinction is made between local
parameters that are specific to a situation in an area, and "biological" parameters that
can be assumed to be equal in different areas. The Fadia natural history model is an
alternative for the standard MISCAN breast cancer natural history model. It is based
on continuous tumor growth instead of discrete tumor stages and on the concept of
fatal diameter (a woman will die from breast cancer unless the tumor is detected before
the tumor has reached the fatal diameter). In Fadia a distinction is made between
tumor biology (tumor growth rate distribution) and model variables that may vary
between areas and over time and / or age (diameter at clinical diagnosis, screening
threshold diameter and fatal disease diameter, and survival).

MODEL DESCRIPTION
The MISCAN models use microsimulation: using the model inputs, independent life
histories are generated including a possible cancer history and the effects of treatment
and early detection by screening. Major differences between MISCAN-Fadia the
standard MISCAN breast cancer model are: The MISCAN-Fadia model uses a
continuous tumor growth model for the natural history of a tumor instead of a discrete
stage natural history model;
• In the standard MISCAN models the screening test result depends on a stagespecific test sensitivity. In the MISCAN-Fadia model each tumor has a threshold
diameter, which differs between tumors. If a tumor's diameter at the moment of
screening is larger than this threshold the test result will be positive;
• In the standard MISCAN breast cancer model, the favorable effect of screening is
relative to a woman's disease history without screening: a stage-specific
proportion of screen-detected cancers will be cured. The MISCAN-Fadia model
uses the fatal disease concept for modeling the survival of both clinically
diagnosed and screen-detected cancers, and the diameter at which disease
becomes fatal depends on the treatment given;
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• The MISCAN-Fadia model allows for alternative adjuvant treatments that differ in
the associated survival, and in their usage over time;
• In the standard MISCAN model it is possible to allow for multiple disease
histories in a person, in the MISCAN-Fadia model each woman can only have one
disease history;
• The MISCAN-Fadia model uses an external program for dissemination of
screening.
Also see: Model Verification Procedures, Model Calibration Procedures, Model
Validation Procedures

CONTRIBUTORS
• J Dik F Habbema a
• Rob Boer a,b
• Harry J de Koning a
• Gerrit J Oortmarssen a
• Sita Tan a
a Department of Public Health, Erasmus MC, University Medical Center Rotterdam
b RAND Corporation
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SUMMARY
Summarizes the assumptions used in the MISCAN-Fadia model.

BACKGROUND
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

The MISCAN-Fadia model can be used to simulate breast cancer screening and
treatment policies in a dynamic population (see Model Purpose), based on
assumptions on demography, natural history of breast cancer, screening and treatment.
Compared to the other major model components (see Component Overview), the
natural history component uses the most assumptions, as the natural history is
modeled very detailedly.

ASSUMPTION LISTING
The MISCAN-Fadia model uses the following assumptions:
1. Demography Assumptions
2. Natural History Assumptions
3. Screening Assumptions
4. Treatment Assumptions
Limitations
The present version of the MISCAN-Fadia model has the following limitations:
1. only one tumor per woman
2. only one screening test
3. test result is completely determined by tumor size and the threshold for a
screening test (no random variation in performance of the test or in reading the
test result)
4. No ER status modeled
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SUMMARY
Provides a complete overview of the parameters used to quantify the MISCAN-Fadia
model.

BACKGROUND
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

The MISCAN-Fadia model consists of four basic components (see Component
Overview): the Population Component, the Natural History Component, the Screening
Component and the Treatment Component.

PARAMETER LISTING OVERVIEW
1. Demography Parameters (See also Population Component)
2. Natural History Parameters (See also Natural History Component)
3. Screening Parameters (See also Screening Component)
4. Treatment Parameters (See also Treatment Component)

Page 178 of 281

All material © Copyright 2003-2009 CISNET

COMPONENT OVERVIEW
Erasmus MC (Breast)
Component Overview

SUMMARY
This document describes the major components of the model, their function and
relative arrangement.

OVERVIEW
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

The MISCAN-Fadia model consists of four major components (see figure 1). The
population component simulates the demography of the population, the natural
history component simulates the natural history of a breast cancer tumor, the screening
component simulates dissemination of mammography screening and its effects, and
the adjuvant treatment component simulates dissemination of adjuvant treatment and
its effects on survival and on breast cancer mortality
Figure 1 also shows the data used by the Cohort Model for estimation of the
parameters of the Fadia natural history component, and data used by MISCAN-Fadia
for producing the Base Case results.

FIGURE 1: The two simulation models used for producing the Base Case results. The Cohort
Model is used to estimate the parameters of the Fadia natural history of breast cancer, using
the data from the Two County trial for breast cancer screening, by simulating the screening
schedule of this trial. These natural history estimates are used in the MISCAN-Fadia
population model, in combination with the Base Case data and other data, to run the
simulations that produce the Base Case results for the US breast cancer incidence and
mortality in the period 1975-2000. The labels T1...T4 refer to the tables that give an overview of
the data used by the two models, Fig 2 refers to the survival data in Figure 2 (see Two County
Study Result).
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These are the primary components in the MISCAN-Fadia model:
• Natural History Component which simulates the natural history of a breast cancer
tumor. In MISCAN-Fadia cancer incidence (see Cancer Incidence Component) and
survival/mortality (Survival And Mortality Component) are a part of the Natural
History Component.
• Population Component which simulates the demography of the simulated
population
• Screening Component which simulates dissemination of mammography screening
and its effect on the simulated population
• Treatment Component which simulates dissemination of adjuvant treatment and
its effect on the simulated population
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SUMMARY
Describes the outputs generated by the MISCAN-Fadia model.

OVERVIEW
The MISCAN-Fadia model simulates the Base Case outputs.
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

OUTPUT LISTING
The output component produces the final output of the model:
(1) Incidence counts by calendar year (1975-2000), stage and age in five year age groups
(30-84)
(2) Mortality counts by calendar year (1975-1999) and age in five year age groups
(30-84)
(3) Population on July 1 of each calendar year (1975-1999) by age in five year age
groups (30-84)
(4) Mean lead time by age (30-84, 30-39, 40-49, 50-59, 60-69, 70-84). Lead time is defined
as the time from screen detection to the time a person would have been clinically
detected in the absence of screening. Persons are excluded if they die of other causes
during their lead time.
(5) Overdiagnosis percent by age (30-84, 30-39, 40-49, 50-59, 60-69, 70-84).
Overdiagnosis percent is defined as the # of women who are screen detected who
never would have been clinically detected / # of women who are screen detected .
(6) Overdiagnosis count by five year age group and calendar year
(7) Detection rate at first screen by age (30-84, 30-39, 40-49, 50-59. 60-69, 70-84).
Detection rate is defined as cancers detected / # of women screened
(8) Detection sate at second and later screen by age (30-84, 30-39, 40-49, 50-59. 60-69,
70-84). Detection rate is defined as cancers detected / # of women screened
(9) Program sensitivity* by age at screening using one year interval (ages 30-84, 30-39,
40-49, 50-59, 60-69, 70-84).
(10) Program sensitivity* by age at screening using two year interval (ages 30-84, 30-39,
40-49, 50-59, 60-69, 70-84).

• Each case diagnosed within an age range can be classified as screen detected,
clinically detected with a negative screening exam within the defined interval
before detection (interval case), or clinically detected with no screening exam
within the defined interval before detection (not included in the calculation).
Program sensitivity = (# screen detected)/(#screen detected + # interval cases)
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SUMMARY
This document lists various results generated by the model.

OVERVIEW
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

The main results from the MISCAN-Fadia model are the results for the breast Base
Case analysis. Another important analysis using the Fadia natural history component
was the Two County Study analysis (see Model Calibration Procedures). This analysis
led to two important results. First, it gave us estimates for the parameters of the Fadia
natural history component (see Natural History Component) that were used in order to
produce the Base Case results. Second, the Two County Study analysis gave us more
insight in the (dis)advantages of using a biogically grounded natural history
component.

RESULTS LIST
• Two County Study Results
• Base Case Results
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SUMMARY
This document describes the Natural History generation portion of the
microsimulation.

OVERVIEW
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

We will first describe the Fadia natural history component. Then we will describe how
we estimated its parameters based on data from the Two County study using the
Cohort Model and describe the results. Next, we will describe how the Fadia natural
history component was adapted for the Base Case analysis.
The continuous tumor growth natural history model
The Fadia natural history component simulates invasive tumors, as well as ductal
carcinoma in situ (dcis). In the sub-component for dcis, as in the standard MISCAN
breast cancer model, three different types of dcis are assumed: regressive dcis, dcis that
will be diagnosed clinically and dcis that will progress to invasive disease.
In Fadia, invasive breast tumors are initiated and are assumed to have a constant
growth rate, which differs between tumors. Tumors also differ in the size (the fatal
diameter) at which diagnosis and treatment will no longer result in cure (reflecting the
available treatment options). At this point the tumor enters the stage of fatal disease.
Clinical diagnosis of the tumor is triggered by two competing risks: by signs or
symptoms resulting from the primary tumor, or by symptoms related to distant
metastases. The probability of primary tumor related signs or symptoms is assumed to
depend on the diameter of the primary tumor. The probability of distant metastases
related signs or symptoms is assumed to depend on time since the disease became
fatal. If the disease is already fatal at the moment of diagnosis of the tumor, the time of
death from breast cancer is described by a probability distribution for the survival time
since the start of fatal disease. This time between start of fatal disease and death from
breast cancer applies both to the case in which the breast cancer is diagnosed clinically
and to the case where this cancer is detected by screening.

DETAIL
The life course of a tumor is described by the following five variables, which are
governed by probability distribution functions with two parameters each (scale and
shape), and a sixth variable with one parameter:
1. Growth rate of the tumor (lognormal distribution with parameters

and

);

2. Fatal diameter of the tumor (weibull distribution with a scale and a shape
parameter);
3. Survival time after reaching the fatal diameter (lognormal distribution with
parameters and );
4. Threshold diameter of a tumor for a screening test, i.e. the tumor diameter at
which a tumor becomes screen detectable (Weibull distribution with a scale and
a shape parameter);
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5. Tumor diameter at clinical diagnosis because of the primary tumor (lognormal
distribution with parameters and );
6. Moment at which distant metastases lead to clinical diagnosis of the tumor,
modeled as a constant fraction of the survival time after reaching the fatal
diameter (with this fraction as parameter).
In order to obtain a reasonable fit of the Two County Study screening trial data, we had
to assume that three of the model variables—the tumor growth rate, the tumor
diameter at clinical diagnosis, and the survival after inception of fatal disease—are
correlated. This adds three more parameters to the model: the correlation between
tumor growth rate and the survival time after reaching the fatal diameter, the
correlation between tumor growth rate and the tumor diameter at clinical diagnosis
because of the primary tumor, and the correlation between the tumor diameter at
clinical diagnosis because of the primary tumor and the survival time after reaching
the fatal diameter.
The tumor history model is thus characterized by the values of these 14 parameters
(five pairs, one fraction, and three correlations). In MISCAN-Fadia, changes in the
survival over time or as a result of improved treatment are modeled as a shift in the
fatal diameter (parameter ), and changes in the screening test sensitivity are modeled
as a time dependent scale parameter of the threshold diameter distribution.
When a breast tumor is initiated in a simulated woman, values of the six tumor
variables are generated. For each simulated tumor, the clinical diagnosis diameter is
determined by the minimum of the diameter at clinical diagnosis because of the
primary tumor and the diameter at clinical diagnosis because of metastases. The
growth rate of the tumor then determines the times since its initiation at which it
reaches the fatal diameter, the clinical diagnosis diameter, and the threshold diameter
for a screening test. If the clinical diagnosis diameter is larger than the fatal diameter,
then the sum of the time at which the fatal diameter is reached and the survival time
after reaching the fatal diameter will give the time at which a woman will die of breast
cancer. The woman will be cured if the cancer is detected, either clinically or by a
screening test, before the fatal diameter is reached. For a woman with a tumor, the
result of a screening test is completely determined by the tumor diameter and the
threshold diameter for this test for this tumor, i.e. no allowance is made for random
variation in performance of the test or in reading the test result.

RELEVANT ASSUMPTIONS
See Natural History Assumptions

RELEVANT PARAMETERS
See Natural History Parameters

RELEVANT COMPONENTS
• Cancer Incidence is described in the Cancer Incidence Component
• survival mortality is decribed in the Survival And Mortality Component

Page 184 of 281

All material © Copyright 2003-2009 CISNET

MODEL CALIBRATION PROCEDURES
Erasmus MC (Breast)
Model Calibration Procedures

Readers Guide
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Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

Overview
The main calibration procedures of the model are the one in which the parameters of
the Cohort Model have been estimated from the Two County screening trial and the
one in which th MISCAN-Fadia model is calibrated for the Base Case analyses. Other
calibration procedures have been described in the Cancer Incidence Component.
Estimation of natural history model parameters using results from the Swedish Two
County breast cancer screening trial
For estimation of the parameters of Fadia component, we used a simplified cohort
version that allows for efficient estimation of model parameters using data from
screening trials. This Cohort Model focuses on the natural history of invasive breast
cancer tumors and the effect of screening in a cohort of women that participate in a
screening trial; it does not include age (and thus neglects age-dependencies), it only
includes tumor size as tumor attribute (e.g. neglecting distant metastases and lymph
node status) and also neglects death from other causes, dcis, time trends in breast
cancer incidence or survival, and the impact of adjuvant treatment. The Cohort Model
also uses microsimulation, but it simulates screening in a cohort instead of in a full
dynamic population. Moreover, it simulates tumor histories instead of life histories of
women. The Cohort Model was used to estimate model parameters from the results
reported by the Swedish Two County breast cancer screening trial (TCS) 3. The tumor
histories simulated by the Cohort Model are used to generate output on detection rates
at successive screening rounds, interval cancer rates, tumor diameter distribution of
screen detected cancers, of interval cancers and of cancers diagnosed in the control
group, on survival by time since diagnosis for screen detected cancers, interval cancers
and cancers diagnosed in the control group, and on survival by tumor diameter and by
time since diagnosis.
The TCS started in October 1977 in Kopparberg and in May 1978 in Östergötland 1.
Women aged 40-74 were randomized to either the study group, consisting of 77,080
women, or control group, consisting of 55,985 women. Women in the study group
were invited to mammography screening; women aged 40-49 were invited every 24
months and women aged 50-74 every 33 months. In our analysis, we used data from
women aged 50-69 at entry ( 1, 2, personal communication). The follow-up period after
the last screening round ended on average 8 years after start of the study. At that
moment women in the control group were invited for a screening examination too.
Data on cancers detected at this screening are not included in the estimation of the
model parameters.
Tumors are assumed to initiate with a diameter of 0.1 mm with constant onset rate of
2.2 per 1000 women years, which is the observed incidence rate in the control group 1.
Predicted detection and interval rates are corrected for the aging of the women during
the trial, to adjust for the fact that age is not incorporated in the Cohort Model whereas
breast cancer incidence increases by age. For given values of the model parameters, a
single micro-simulation run will produce expected values (rates or proportions) for
each of the results of the TCS study. Maximum likelihood estimates of the model
parameters are derived by repeated evaluation of the simulated histories using the
Score Function (SF) method in combination with a quasi-Newton optimization
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procedure 5. With respect to the likelihood of the model, the screening data considered
are either very small proportions of breast cancer cases, e.g. detection rates at screening
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and interval cancer rates, or distributions of breast cancer cases over sub categories,
e.g. tumor stage distribution of screen detected cancers and interval cancers. The
observed numbers of cases were assumed to be governed by a Poisson and a
multinomial distribution, respectively.
The goodness of fit of the model is calculated using the deviance, which is defined as
minus two times the difference in log likelihood between the expected model and the
saturated model (i.e. the best possible model which takes the observed numbers as
expected values for the Poisson and multinomial distributions).
Initially, we fitted the Cohort Model to the TCS data assuming Weibull probability
distribution functions for all variables. However, when it became apparent that
correlation had to be assumed between some of the variables, a switch was made to
lognormal distributions that are more convenient in this respect. Thus, lognormal
distributions were used for correlated variables: the tumor growth rate, the tumor
diameter at clinical detection and survival time after reaching the fatal diameter.
See also Two County Study Result.
Quantification of the MISCAN-Fadia model for the Base Case analyses
The Cohort Model quantification as based on the Two County Study data was used as
starting point for the quantification of the natural history model parameters of
MISCAN-Fadia. In order to quantify MISCAN-Fadia for the Base Case, we calibrated
some of these natural history model parameters to Base Case data (see Table 3),
described in Calibration of natural history model parameters below, and we made some
extensions to the model, described in Extensions of the MISCAN-Fadia natural history
component below. Table 4 gives an overview of how Base Case data were used for the
quantification of MISCAN-Fadia.

TABLE 3. Overview of MISCAN-Fadia parameters that are based on other data than the Base
Case data.
MISCAN-Fadia parameter

Method

Data value
used

tumor growth rate

Estimated with Cohort Model

TCS

Table 1

survival duration

Estimated with Cohort Model

TCS

Table 1

screening threshold

Estimated with Cohort Model +

TCS,

Tables 1

estimation of trend 1975-2000

HIP

and 6

Estimated with Cohort Model

TCS

Table 1

Correlations between growth rate, diameter at clinical
diagnosis because of primary tumor, and survival
dcis duration and progression
dcis survival
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Dutch Table 8
100%

TABLE 4. Base Case Data Usage. U = Used as provided by Cisnet; P = Uses a processed version
of the Base Case data; C = Model is calibrated to the Base Case data by varying a parameter of
Erasmus MC (Breast)
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the continuous tumor growth model; O = is determined by other Base Case data used in the
model
Base Case
Data

Usage Notes

Treatment

U

Used as direct input

Dissemination
MammographyU

Base Case Dissemination model was directly used as external program

Dissemination
Other Cause

U

Used to calculate size of birth cohorts in the US population, see Table 11 in Population

Mortality

Component

SEER incidenceC

1975 size specific incidence was used to calibrate parameters for tumor diameter at diagnosis
because of primary tumor, see Table 5.

1975 Breast

O

Cancer

Results from cohort risks, age specific distribution of incidence and calibration of fatal
diameter to 1975 survival and time trend in fatal diameter prior to 1975

Prevalence
1975 Cause

C

Used to estimate 1975 fatal diameter parameters, see Table 5.

C

Used to estimate time trend in fatal diameter prior to 1975, see Table 5

C

Used to estimate AJCC stage distribution parameters, see Table 7

O

Results from cohort risks, age specific distribution of incidence and calibration of fatal

Specific
Survival
Historical
Survival
1975 Stage
Distribution
1975 Breast
Cancer

diameter to 1975 survival and time trend in fatal diameter prior to 1975

Mortality
Breast Cancer P

Converted to Age-Cohort model with cumulative incidences as cohort risks and one fixed

APC Incidence

age specific distribution of incidence of pre-clinical screen-detectable disease for all cohorts,
see Tables 9 and 10.

Treatment

C

Calibrated by a shift in fatal diameter, see Table 13 in Treatment Component

O

Results from cohort risks, age specific distribution of incidence, calibration of fatal diameter

Effect
SEER 9
Mortality

to 1975 survival, and time trend in fatal diameter prior to 1975, dissemination of
mammography and adjuvant treatment

TABLE 5. MISCAN-Fadia. Parameters of the distributions for the fatal diameter and for the
diameter at clinical diagnosis because of the primary tumor.
Variable

distribution

fatal diameter (cm)

Weibull (scale, shape)1915 0.82 0.95 0.84

year par1 par2 mean st.dev.

1975 4.02
clinical diagnosis because of the primary tumor(diameter, cm)Lognormal (

)

0.88

4.11

4.33

(all) 0.97 0.63 3.22

2.25

Calibration of natural history model parameters
The diameter at clinical diagnosis because of the primary tumor was calibrated to the
1975 stage distribution as provided by the Base Case SEER incidence data, and the fatal
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diameter was calibrated to 1975 Cause Specific Survival Base Case data. These model
parameters were calibrated simultaneously since they both influence the stage
distribution as well as the survival, see Table 5.
Extensions of the MISCAN-Fadia natural history component
The quantification obtained by the Cohort Model was extended by including a
calendar time dependency of the fatal diameter, and an age and calendar time
dependency of the screening threshold diameter. The tumor diameter distribution was
extended to an AJCC stage distribution, and the effect of adjuvant treatment was
included as a change in the scale parameter of the fatal diameter distribution. The
quantification of the dcis part is equal to that used in the standard MISCAN breast
cancer model. The Base Case APC incidence data was simplified to an age-cohort
model, and then used to calculate age-specific onset of pre-clinical screen-detectable
disease.
The quantification of the fatal diameter has been extended in the MISCAN-Fadia
model: the scale parameter of the Weibull distribution for the fatal diameter has been
made dependent on the year of diagnosis, accounting for the improvement of
treatment. Assuming no improvements in treatment other than adjuvant treatment
after 1975, we only modeled a time dependency prior to 1975. The quantification of this
time dependency was based on the hazard ratio between 1940-1949 and 1970-1974 20
years survival, using the Historical Survival Base Case data, which in turn is based on
Connecticut data.
In the MISCAN-Fadia model, a hazard ratio cannot be applied directly because
survival is described by lognormal survival distribution for women (proportion:
1-c1975) in whom the diameter at diagnosis exceeds the fatal diameter, and cure for the
proportion 1-c1975 of women in whom the diameter at diagnosis is smaller than the
fatal diameter. So we translated the hazard ratio r between 1940-1949 and 1970-1974
into a shift in fatal diameter between 1975 and 1945. This shift in fatal diameter from
1975 to 1945 leads, in combination with the distribution of the clinical diagnosis
diameter—which is modeled constant over time—to a new cure proportion c1945. We
approximated the 1945 cure proportion c1945, using the hazard ratio r between
1940-1949 and 1970-1974, the 1975 cure proportion c1975 and the probability
distribution function F(t) for the survival time since the moment at which the tumor
reached its fatal diameter:
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Based on the 1945 cure proportion c1945 and the distribution of the clinical diagnosis
diameter, we calculated the value of the scale parameter of the fatal disease diameter
for 1945 that corresponds to the 1945 cure proportion. Linear interpolation is applied
from 1975 to 1945 and this time trend is extrapolated backwards to 1915, which is the
first possible year of onset for the oldest women. The quantification of the threshold
diameter for screen detection as estimated from the Two County trial data using the
Cohort Model has been extended in the MISCAN-Fadia model: the scale parameter of
the Weibull distribution for the threshold for screen detection has been made
dependent on the year and the age of the woman at the moment of screening, using
four age groups The stage distribution of invasive tumors was extended to AJCC
stages by adding three more variables to the model and then calibrated to the Base
Case 1975 stage distribution data (see also Table 7):
• the tumor diameter at which a N1 lymph node disease becomes detectable by
modern techniques
• the difference in tumor diameters at which a N1 and a N2 lymph node disease
become detectable by modern techniques
• The time at which distant metastases become detectable by modern techniques,
modeled as a fraction of the time between the moment at which the tumor reaches
the fatal diameter and the death from the breast cancer
Note that in MISCAN-Fadia, detectable distant metastases are assumed to be fatal.
MISCAN-Fadia does not model the moment of initiation of distant metastases; it only
models the moment at which distant metastases become detectable by modern
techniques and the moment at which distant metastases lead to diagnosis of the
primary tumor—the first event always preceding the latter.
The MISCAN-Fadia model includes a discrete disease state for dcis. The submodel for
dcis was taken from the standard MISCAN breast cancer model 7, which was based on
data from the screening trials in Utrecht and Nijmegen (The Netherlands). In this
submodel, there are three different types of dcis: regressive dcis, dcis that will be
diagnosed clinically and dcis that will progress to invasive disease. All types of dcis
have a mean duration of 5.22 years. The distribution among the different types of dcis
depends on age; the durations do not depend on age. (see Table 8).
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In the MISCAN-Fadia model, the onset of invasive disease is defined as the minimal
value of the threshold diameter over ages and time, i.e. the value at age 80 and in the
year 2000. The minimal value of the threshold diameter thus has a Weibull distribution
with scale parameter 0.65 (Table 6; age 80, year 2000) and shape parameter 2.95 (see
Table 1 in Component Overview). We assumed the duration of dcis not to change over
time for regressive dcis and for dcis that will be diagnosed clinically. For the duration
of dcis that progresses to invasive disease—which is equal to the duration from onset
of dcis to the moment the tumor reaches the minimal threshold size—we assumed the
MISCAN quantification to hold for 1975. To this end, we adapted the mean duration of
dcis that progresses to invasive disease in order for the sum of the mean duration of
dcis that progresses to invasive disease and the mean duration between the minimal
value of the threshold diameter and 1975 threshold diameter to match the
quantification of the standard MISCAN breast cancer model (5.22 years, see Table 8).
For screening of dcis, the MISCAN-Fadia model also uses the same mechanisms as the
standard MISCAN breast cancer model. The probability of screen detection of dcis is
modeled through a test sensitivity parameter. The standard MISCAN quantification for
the sensitivity of dcis (0.4) is used for 1975, which is 0.4, and has been made time
dependent, increasing linearly to 0.8 in 2000. Screen detected dcis is, just like clinically
detected dcis, assumed to have a 100% survival.

REFERENCES:
Tabar, L, Fagerberg, G, Duffy, SW, Day, NE, Gad, A, Grontoft, O “Update of the
Swedish two-county program of mammographic screening for breast cancer” in
Radiol Clin North Am 1992; 30: : 187-210
2 Chen, HH, Duffy, SW, Tabar, L, Day, NE “Markov chain models for progression of
breast cancer. Part 1: tumour attributes and the preclinical screen-detectable
phase” in J Epidemioloy and Biostatistics 1997; 2: : 9-23
3 Tabar, L, Vitak, B, Chen, HH, Duffy, SW, Yen, MF, Chiang, CF, Krusemo, UB, Tot, T,
Smith, RA “The Swedish Two-County Trial twenty years later. Updated
mortality results and new insights from long-term follow-up” in Radiol Clin
North Am 2000; 38: : 625-51
4 Rubinstein, R.Y., Shapiro, A. “Discrete event systems. Sensitivity analysis and
stochastic optimization by the score function method.” 1993;
5 Tan, SYGL, van Oortmarssen, GJ, Piersma, N “Estimating parameters of a
microsimulation model for breast cancer screening using the Score Function
method” in Ann Oper Res 2003; 119: : 43-61
6 de Koning, HJ, Boer, R, Warmerdam, PG, Beemsterboer, PM, van der Maas, PJ
“Quantitative interpretation of age-specific mortality reductions from the
Swedish breast cancer-screening trials” in J Natl Cancer Inst 1995; 87: : 1217-23
7 Boer, R, de Koning, HJ, van der Maas, PJ “A longer breast carcinoma screening
interval for women age older than 65 years?” in Cancer 1999a; 86: : 1506-10
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MODEL VERIFICATION
PROCEDURES
The standard MISCAN model has been rigorously tested during its development. A
large number of test were designed , carried out, documented and evaluated to check
all components of the MISCAN program. The results of these test have been evaluated
in a group of primary users. Similar tests have been applied to later versions of the
model, in particular when the MISCAN-Fadia version was created.
The Cohort Model was initially programmed in Pascal. The code was checked when it
was reprogrammed in C++ (by another person) by comparing results of both versions.
The MISCAN extensions for the CISNET project involve implementation of the
continuous tumor growth model in MISCAN, and creating additional model output.
The continuous tumor growth model component in MISCAN was checked by
inspecting individual histories (using Matlab for comparison), including checks of
output. New output was also checked against existing MISCAN output with partially
overlapping sub-classifications. Diagnostic runs with extreme assumptions were
performed (0% and 100% adjuvant treatment effect, screening threshold diameter >
clinical diagnosis diameter, etc.) and gave expected outcomes.
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Independent validation
No independent validation has been performed yet. Earlier versions of the continuous
tumor growth model that did not include correlation between growth rate, tumor
diameter at clinical diagnosis, and survival since the moment at which fatal diameter
was reached, were fitted both to the TCS and HIP screening trials, but did not give
acceptable results. We will again include the HIP trial in further analyses, by checking
the TCS estimates on the HIP data, and fit the HIP data with the current structure of
the model including the correlation.

All material © Copyright 2003-2009 CISNET

DEMOGRAPHY ASSUMPTIONS
Erasmus MC (Breast)
Demography Assumptions

Assumptions in the MISCAN-Fadia model regarding demography: (See also
Population Component)
a. The age distribution of the tumor initiation rate is the same for all birth cohorts
b. the life time breast cancer risk is the same for all women in a certain birth cohort
c. the life table is the same for all women in a certain birth cohort
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d. death from breast cancer and death from other causes are independent
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The MISCAN-Fadia model uses the following assumptions on natural history: (See also
Natural History Component)
a.tumor initiation
In the MISCAN-Fadia model DCIS and invasive tumors are assumed to initiate with
the same age specific initiation rate.
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b.dCIS
dCIS is a preclinical discrete stage with a certain duration that precedes a proportion of
the invasive tumors. There are three possible transitions from pre clinical dCIS:
1. regression
2. progression to an invasive tumor
3. clinical detection of dCIS
If a dCIS progresses to an invasive tumor, the invasive tumor starts growing from the
smallest detectable stage. As soon as the dCIS has progressed to an invasive tumor, the
invasive tumor will determine the stage of the tumor.
c.invasive breast cancer
Invasive tumors are assumed to grow exponentially, i.e. with constant growth rate. The
natural history of an invasive breast cancer is characterized by the following variables.
1. tumor growth rate (governed by a lognormal distribution)
2. fatal diameter of the tumor (governed by a weibull distribution)
3. survival duration after reaching the fatal diameter (governed by a lognormal
distribution)
4. tumor diameter at clinical diagnosis because of the primary tumor (governed by
a lognormal distribution)
5. moment at which distant metastases lead to clinical diagnosis of the tumor,
modeled as a constant fraction of the survival duration after reaching the fatal
diameter (deterministic)
6. tumor diameter at inception of lymph node metastases N1 occur (governed by a
weibull distribution)
7. difference between the tumor diameters at which N1 and N2 lymph node
involvement occur (deterministic)
8. moment at which distant metastases occur, modeled as a constant fraction of the
survival duration after reaching the fatal diameter (deterministic)
We assume that the tumor growth rate, the survival duration after reaching the fatal
diameter and the tumor diameter at clinical diagnosis because of the primary tumor
are correlated.
If the tumor is not detected before the tumor has reached the fatal diameter, the
woman will die from breast cancer if the woman does not die from other causes before.
If the tumor is detected before inception of detectable lymph node metastases, the stage
of the detected tumor is node negative; otherwise it is node positive. If the tumor is
detected before inception of detectable distant metastases, the stage of the detected
tumor is distant metastases negative; otherwise it is distant metastases positive.
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The MISCAN-Fadia model uses the following assumptions regarding mammography
screening: (See also Screening Component)
a. effect of screening
1. dCIS: A preclinical dCIS may be detected by screening, depending on the
sensitivity of the screening test for dCIS.
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2. invasive tumor: The screen detectability of an invasive tumor is completely
determined by its threshold size for screen detection. If a woman is screened
before the threshold size is reached, the screening test will not detect the tumor;
after the threshold size is reached a test will always detect the tumor. Each
tumor has its own threshold size, which is governed by a weibull distribution
with two parameters, mean and shape. The threshold size for screen detection is
assumed to depend on age and year of diagnosis.
b. dissemination of screening
In the MISCAN-Fadia model there are two screening dissemination routines:
1. MISCAN screening dissemination routine, that simulates a regular invitation
based screening schedule based on specified screening period, screening ages
and attendance rates.
2. CISNET screening dissemination routine, that simulates the actual
dissemination of mammography in the US during the period 1975-2000, given a
woman's date of birth
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The MISCAN-Fadia model uses the following assumptions regarding treatment: (See
also Treatment Component)
a. Effect of adjuvant treatment: A woman diagnosed with cancer may be given
adjuvant treatment. There may be different kinds of adjuvant treatment. Each
kind of adjuvant treatment has a certain probability to cure the woman, i.e. to
eliminate the fatal metastasis if the tumor is diagnosed after inception of fatal
metastasis.
b. dissemination of adjuvant treatment: In the MISCAN-Fadia model the
dissemination of adjuvant treatment is simulated using the CISNET adjuvant
treatment dissemination routine that simulates the actual dissemination of
adjuvant treatment in the US during the period 1975-2000, given a woman's age
at diagnosis, the tumor stage at diagnosis and the year of diagnosis.
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SUMMARY
Describes the population component of the MISCAN-Fadia model.

OVERVIEW
The Population component simulates the demography of the simulated population.
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DETAIL
The US population is simulated by 5-year birth cohorts starting from 1895-99 up to
1965-1969 and 1970 (the latter being a 1 year cohort which is necessary for simulating
the year 2000), and all persons in the cohort are simulated from birth to death. Each
cohort has its own lifetable (using 1 year age steps) for deaths from other causes which
was derived directly from the Base Case data for other cause mortality, for the midyear of each cohort (thus, 1892,1897,…). Death from other causes before age 30 is
neglected in these lifetables because relevant model output is only produced for ages
30-79. The maximum lifetable age in the MISCAN is 100, at which all persons have
died.
The relative size of each birth cohort (at birth) is calculated from the Base Case data for
the size of the population in 1975, correcting for the probability of dying before 1975
(only for women who reached age 30 before 1975). The relative sizes of the cohorts are
then translated into a proportion of the simulated population for each of the cohorts,
see Table 11.

TABLE 11. MISCAN-Fadia. Proportion of the simulated population in each birth cohort
Birth cohort
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Proportion

1895-99

4.1%

1900-04

4.6%

1905-09

5.2%

1910-14

5.3%

1915-19

5.6%

1920-24

6.0%

1925-29

5.7%

1930-34

5.2%

1935-39

5.4%

1940-44

6.5%

1945-49

7.1%

1950-54

8.5%

1955-59

9.5%

1960-64

10.1%

1965-69

9.4%

1970-71

1.8%
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See Demography Assumptions

RELEVANT PARAMETERS
See Demography Parameters
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SUMMARY
Describes the Screening component of the MISCAN-Fadia model.

OVERVIEW
The screening component simulates the dissemination and the effect of screening.
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DETAIL
Screening usage
The common Cisnet screening dissemination model was used as an external program,
and the MISCAN simulation procedure was adapted accordingly for runs that include
screening. First, MISCAN-Fadia generates dates of birth for all simulated women and
these are written to a file. Next, the dissemination model is run, using the dates of birth
from this file to generate a second file with screening ages for all women. Then,
MISCAN-Fadia is run again (using common random numbers and the same seed
values for the random number generator), and for each woman the screening ages are
read from the second file, and a complete life history is generated.
Characteristics of screen-detected and interval tumors.
The tumor diameter distribution of cancers is determined by the continuous tumor
growth model. For cancers diagnosed in never screened women it is influenced by the
(positive) correlation between the variables growth rate and diameter at clinical
diagnosis because of the primary tumor (Table 1b). For screen-detected and interval
cancers it is also determined by these two variables, and in addition by the variable
threshold diameter for screen-detection. The probability to detect a dcis depends on the
sensitivity of dcis.

RELEVANT ASSUMPTIONS
See Screening Assumptions

RELEVANT PARAMETERS
See Screening Parameters
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SUMMARY
Describes the treatment component of the MISCAN-Fadia model.

OVERVIEW
Readers Guide
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The Treatment component is used to simulate the dissemination and the effect of
adjuvant treatment.

DETAIL
Treatment dissemination is included in the MISCAN-Fadia model as a probability of
being treated with a certain type of adjuvant treatment, i.e. chemotherapy or tamoxifen
or both for two years, tamoxifen for 5 years, chemotherapy and tamoxifen for 5 years,
or none. These probabilities depend on year, age, and stage, and are adopted from the
common Base Case data.
The benefit of adjuvant treatment was modeled according to the results of the
Cochrane meta-analyses 2, which reported proportional reductions in all cause
mortality hazard for the different adjuvant treatment regimes (Base Case Treatment
effect data). For chemotherapy, we used the age specific proportional reductions as
reported in the meta-analysis directly. For tamoxifen, we calculated the age specific
proportional reductions by multiplying the proportional reductions for women with
ER+ tumors as reported in the meta-analysis with the proportion of ER+ tumors by age
group as reported in the SEER for the period 1988-1993. Furthermore, the effects of
chemotherapy and tamoxifen are assumed to be independent.
In MISCAN, a hazard reduction as reported in the meta-analysis cannot be applied
directly because survival in absence of adjuvant treatment is described by lognormal
survival distribution for women in whom the diameter at diagnosis exceeds the fatal
diameter, and cure for the of women in whom the diameter at diagnosis is smaller than
the fatal diameter. The effect of adjuvant treatment is modeled as a shift in the fatal
disease diameter depending on the adjuvant treatment given, analogous to the way the
time dependency of treatment prior to 1975 is modeled, with an extra correction for
death from other causes - this correction was done in order to model the effect on
breast cancer mortality, since hazard ratios were reported for all cause mortality 2-. We
approximated the new cure proportions for each adjuvant treatment cadjth, using the
hazard ratio r as reported by Peto, the 1975 cure proportion c1975, the probability
distribution function F(t) for the survival time since the moment at which the tumor
reached its fatal diameter and the probability of dying from other causes Foc(t).
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We used t=10 years, corresponding to the average follow-up in Peto's meta-analysis 2.
The probability of dying from other causes was approximated using Base Case data.
Erasmus MC (Breast)
Treatment Component
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For each adjuvant treatment, the new cure proportion cadjth was then translated into a
shift in fatal diameter.
For each type of treatment and age group, a value of the scale parameter of the fatal
diameter that corresponds to adjuvant treatment was calculated, see Table 12. This
approach will lead to under-estimation of the short-term effect of adjuvant treatment
and to over-estimation of the long-term effect. The shift in the fatal diameter leads to an
additional delay in the moment of death from breast cancer because the moment of
death from breast cancer is described by a distribution that starts at the moment at
which the fatal diameter is reached. This will lead to an additional beneficial effect of
adjuvant treatment.

TABLE 12. MISCAN-Fadia. Median value of fatal diameter corresponding to adjuvant treatment,
by age and by type of treatment. Note that the mode is 0 for all adjuvant treatments and all ages,
since the fatal diameter is governed by a Weibull distribution with shape parameter
TYPE AND DURATION

AGE
50-59

60-69

70+

Chemotherapy 2yr

4.34

3.60

3.23

3.73

Tamoxifen 2yr

3.23

3.60

3.88

5.11

Tamoxifen 5yr

3.60

4.18

4.70

8.64

Both 2yr

5.11

4.51

4.70

7.75

Both 5yr

5.56

5.32

5.81

14.73

TABLE 13. MISCAN-Fadia. Comparison of simulated and observed results for 1975: (rates per
100000)
CLINICAL
INCIDENCE

MORTALITY(1973-1975)

Age MISCAN

APC pct
diff

MISCAN BaseCase pct diff

MISCAN

BaseCase

pct
diff

30-34 28

28

-1%

6

6

10%

84

75

12%

35-39 61

62

-2%

14

13

6%

235

268

-12%

40-44 114

116

-2%

28

24

16%

507

636

-20%

45-49 176

180

-2%

49

43

12%

1023

1096

-7%

50-54 200

201

-1%

64

59

8%

1611

1527

6%

55-59 224

224

0%

74

74

0%

2097

1993

5%

60-64 259

264

-2%

87

84

3%

2643

2289

15%

65-69 293

294

0%

100

93

8%

3241

2556

27%

70-74 322

322

0%

117

104

12%

3856

2904

33%

75-79 329

331

-1%

119

118

1%

4363

3058

43%

RELEVANT ASSUMPTIONS
See Treatment Component
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PATIENTS
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Parameters for the MISCAN-Fadia Population Component :
a. number of birth cohorts
b. parameters for the distribution of the population among the birth cohorts

Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

Page 204 of 281

c. for each birth cohort parameters for its birth table.. Each birth cohort is defined
by its first and last date of birth. A birth table gives the distribution of dates of
birth within the birth cohort.
d. for each birth cohort the parameters of its life table
e. for each birth cohort the life time breast cancer risk
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Parameters for the MISCAN-Fadia Natural History Component :
a. parameters for the age specific distribution of onset of the first screen detectable
disease stage (dCIS or invasive)
b. parameters for the duration, regression and progression of dCIS
c. parameters for the distribution of the tumor growth rate
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d. parameters for the distribution of the fatal diameter, scale parameter depends
on year of diagnosis
e. parameters for the distribution of the survival duration after reaching the fatal
diameter
f. parameters for distribution of tumor diameter at clinical diagnosis because of
the primary tumor
g. parameter for the moment at which distant metastases lead to clinical diagnosis
of the tumor, modeled as a constant fraction of the survival duration after
reaching the fatal diameter
h. parameters for the distribution of the tumor diameter at inception of detectable
lymph node metastases N1
i. difference between the tumor diameters at which N1 and N2 lymph node
involvement occur
j. parameter for the moment at which distant metastases occur, modeled as a
constant fraction of the survival duration after reaching the fatal diameter
k. correlation between tumor growth rate and survival duration after reaching the
fatal diameter
l. correlation between tumor growth rate and tumor diameter at clinical diagnosis
because of the primary tumor
m. correlation between survival duration after reaching the fatal diameter and
tumor diameter at clinical diagnosis because of the primary tumor
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Parameters of the MISCAN-Fadia Screening Component :
a. parameters for the dissemination of mammography screening
b. parameters for distribution of threshold diameter for screen detection, scale
parameter by age and year of diagnosis
c. sensitivity of the screening test for dCIS
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Parameters for the Treatment Component
a. parameters for the dissemination of adjuvant treatment by age at diagnosis, year
of diagnosis and treatment
b. for each specified adjuvant treatment the corresponding effects by age group,
modeled as treatment dependent fatal diameter
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Overview
The analysis of fitting the Fadia Natural History Component to Two County Study
data, as described in Model Calibration Procedures, resulted in parameter estimates
presented in Table 1. The observed and simulated detection rates, interval cancer rates
and stage distribution of screen-detected cancers, interval cancers, and cancers
diagnosed in the control group (before screening started in this group) are presented in
Table 2. The Fadia Natural History Component gives a reasonably good fit of TCS data.
Note that the model predicts too few small tumors for the control group and too few
the screen-detected cancers during the first round, and too many in interval cancers
and cancers found at repeat screening. This corresponds with the finding that the
observed stage distribution of breast cancers detected at a first screening round is often
not more favorable than the distribution at repeat screenings 1. Figure 2 shows the
comparison between observed and simulated survival by tumor diameter.
The difference in mortality between study and control group was simulated including
a screening in the control group at the end of the study period. The simulated mortality
reduction after 11 years was 27% which is somewhat lower than the observed 30%
reduction. 2
The biological model structure makes quantification of MISCAN-Fadia less
straightforward than we expected. For example, survival time is measured from the
moment of reaching the fatal diameter, which means that survival parameters have to
be estimated or calibrated, with the complication that survival since diagnosis depends
on several model variables: tumor growth rate, clinical diagnosis diameter, survival
time since moment of reaching the fatal diameter.
Details
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TABLE 1. Maximum likelihood estimates for the parameters of the natural history module based
on the data from the Two County Study. "Survival" refers to survival time since the moment of
Erasmus MC (Breast)
Two County Study Result

reaching the fatal diameter.

A. PARAMETERS OF THE DISTRIBUTION FUNCTIONS
Variable

Distribution

growth rate (1/year)

Lognormal (

par1

par2

mean

St.dev.

0.062

0.87

1.55

1.65

fatal diameter (cm)

Weibull (scale, shape)

2.93

1.42

2.66

1.90

survival (duration, years)

Lognormal (

)

2.43

1.13

21.5

34.6

clinical diagnosis (diameter, cm)

Lognormal (

)

0.84

0.59

2.76

1.78

screening threshold (diameter, cm)

Weibull (scale, shape)

1.02

2.95

0.91

0.34

)

B. CORRELATION BETWEEN VARIABLES
Variables
growth rate - survival (

)

-0.90

growth rate - clinical diagnosis diameter (
clinical diagnosis diameter - survival (

C.

)

)

-0.43

TIME SINCE START OF FATAL DISEASE AT WHICH METASTASES LEAD TO
CLINICAL DIAGNOSIS OF THE TUMOR
(fraction of the total survival time after reaching the fatal diameter):

0.9

Page 209 of 281

+0.41

All material © Copyright 2003-2009 CISNET

TABLE 2. Comparison of the Two County Study data with the number of cancers as predicted
by the Cohort model
Erasmus MC (Breast)
Two County Study Result

A.

SCREEN DETECTED CANCERS BY ROUND (STUDY GROUP)

Observed

Simulated

1

286

286

2+3

303

265

B. INTERVAL CANCERS, BY ROUND (STUDY GROUP)
Observed

Simulated

1

76

77

2+3

107

124

C.

SIZE DISTRIBUTION FOR SCREEN DETECTED CANCERS, FIRST ROUND
(STUDY GROUP)

Tumor diameter

Simulated

9%

8%

6-10 mm

32%

27%

11-20 mm

39%

44%

>20 mm

20%

21%

D.

SIZE DISTRIBUTION FOR SCREEN DETECTED CANCERS, SUBSEQUENT
ROUNDS (STUDY GROUP)

Tumor diameter

Observed

Simulated

8%

10%

6-10 mm

31%

34%

11-20 mm

49%

44%

>20 mm

13%

12%

E.

SIZE DISTRIBUTION FOR INTERVAL CANCERS (STUDY GROUP)

Tumor diameter

Observed

Simulated

1%

4%

6-10 mm

17%

22%

11-20 mm

41%

40%

>20 mm

41%

34%

F.

SIZE DISTRIBUTION FOR CLINICALLY DIAGNOSED CANCERS (CONTROL
GROUP)

Tumor diameter
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Observed

Observed

Simulated

3%

1%

6-10 mm

11%

10%

11-20 mm

36%

34%

>20 mm

50%

56%
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Erasmus MC (Breast)
Two County Study Result
References:

FIGURE 2: Cohort model. Comparison of simulated and observed survival by tumor
diameter, Two County study. The legend displays observed and expected survival at 32, 64, 96
and 126 months since diagnosis.

REFERENCES:
Boer, R, de Koning, H, Warmerdam, P, van Oortmarssen, G, van der Maas, P “Stage
distribution at first and repeat examinations in breast cancer screening” in J
Med Screen 1999b; 6: : 132-138
2 Tabar, L, Fagerberg, G, Duffy, SW, Day, NE, Gad, A, Grontoft, O “Update of the
Swedish two-county program of mammographic screening for breast cancer” in
Radiol Clin North Am 1992; 30: : 187-210
1
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CANCER INCIDENCE COMPONENT
Erasmus MC (Breast)
Cancer Incidence Component

SUMMARY
This document describes how cancer incidence is generated in the model.

OVERVIEW
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

In the MISCAN-Fadia model, incidence is modeled as a probability distribution for the
onset of pre-clinical disease by age, which refers to the first possible preclinical disease
state in the model: preclinical dcis. In the model, many women will not have a
detectable dcis prior to the invasive cancer which is modeled as a zero dwelling time in
this stage and will thus start with preclinical cancer. Only one cancer per woman can
occur in the model.

DETAIL
The model input on the incidence of the onset is specified in two steps: the cumulative
probability at age 85 which differs between birth cohorts, and the age distribution of
the onset given that the woman will develop breast cancer before age 85 which is equal
for all birth cohorts (Age-Cohort model). The cumulative onset of preclinical disease is
calculated from the cumulative incidence of clinical breast cancer (up to age 84) (Base
Case APC Incidence) by applying correction factors for the proportion of nonprogressive preclinical dcis. The cumulative incidences are converted into cumulative
probabilities.
Calculation of the age-distribution of the incidence of the onset of preclinical disease
starts from the age specific clinical incidence rates for 1975 (Base Case APC Incidence).
For each single-year age group from age 20-84, this clinical incidence is first adjusted
for differences in the cumulative incidence between the birth cohorts and for
differences in proportion of regressive dcis between ages. Next, the age-specific
cumulative hazards are converted into age-specific cumulative probabilities. From
these cumulative probabilities of being diagnosed with cancer for ages 20-84, the
conditional probabilities for ages 20-84 were calculated of being diagnosed with cancer,
given she will be diagnosed between age 20 and 84. These conditional probabilities
were then averaged into 5 years age groups. Using the probability distribution of the
duration of the preclinical stage (time between onset of dcis and clinical diagnosis), the
proportion of onset cases that would become diagnosed in the same or in each of the
subsequent five-year age categories was calculated. In a calibration procedure, these
proportions were used to derive (non decreasing) onset rates (by five-year age groups)
of dcis that yield the adjusted 1975 age-specific clinical incidence of breast cancer. The
resulting onset distributions by birth cohort and by age are presented in Tables 9 and
10.
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TABLE 9. MISCAN-Fadia. Cumulative probability (up to age 85) of the onset of preclinical
breast cancer by birth cohort
Erasmus MC (Breast)
Cancer Incidence Component
Detail

Birth cohort

Cumulative incidence

1895-99

0.112

1900-04

0.122

1905-09

0.132

1910-14

0.141

1915-19

0.154

1920-24

0.169

1925-29

0.176

1930-34

0.182

1935-39

0.200

1940-44

0.220

1945-49

0.223

1950-54

0.204

1955-59

0.198

1960-64

0.193

1965-69

0.189

1970-71

0.187

TABLE 10. MISCAN-Fadia. Age-distribution of the incidence of the onset of pre-clinical breast
cancer (incl. dcis).
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Age

Cumulative probability

20

0.000

25

0.002

30

0.005

35

0.021

40

0.046

45

0.105

50

0.169

55

0.233

60

0.328

65

0.436

70

0.563

75

0.707

80

0.852

85

1.000
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SURVIVAL AND MORTALITY
COMPONENT
OVERVIEW

Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References
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The survival and mortality benefits of early detection
The survival and mortality benefits of early detection follow from the fatal disease
concept (which is a special case of the "cure" type of screening model): for each woman
there is a moment at which the disease can not be cured anymore, i.e. the moment at
which the fatal tumor diameter is reached - this moment depends on the (adjuvant)
treatment given at the moment of diagnosis. The screening benefit (cure) only occurs if
the tumor is detected by screening before it has become fatal and would otherwise
have been diagnosed after it had become fatal.
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BASE CASE RESULTS
Erasmus MC (Breast)
Base Case Results

Simulation results and Base Case data for 1975 are compared in Table 13 (see
Treatment Component). Simulated clinical incidence matches APC incidence quite
well. Simulated mortality is too high, compared to Base Case data (1973-1975 SEER
mortality). Simulated prevalence is too low at younger ages and increasingly too high
at older ages, compared to Base Case prevalence data.
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

The cancer incidence between 1975 and 2000 as simulated by the MISCAN-Fadia
model for the situation without screening or adjuvant treatment is very close to the
age-adjusted incidence as provided in the Base Case data. When the Base Case
screening dissemination and treatment dissemination data are used, MISCAN
simulates a too high age adjusted incidence of invasive cancers for almost all years in
the actual screening run, compared to SEER data, especially for tumors
Without screening and adjuvant treatment the age-adjusted mortality rate was
predicted to increase from 52.4 to 67.5 per 105 women; with actual screening and
adjuvant treatment the rate decreases to 46.6 in the year 2000 (see figure 5). For the
actual screening and adjuvant treatment run, the simulated age adjusted mortality
rates are higher than SEER data, and the difference increases over time to a constant
difference of around 12% for the period 1979-1997 and a 25% difference in 1999-2000
(see figure 4). According to the MISCAN-Fadia model, actual screening and treatment
(according to the Base Case dissemination data for screening and adjuvant treatment)
have similar effects on mortality; screening leads to a 15% mortality reduction and
adjuvant treatment to a 21% mortality reduction, see table 14. Annual screening of all
women between 1975 and 2000 would have resulted in 36% reduction in mortality.

FIGURE 3: MISCAN-Fadia model. Simulated age adjusted incidence rates by tumor size (per
100,000) compared to SEER data (age adjusted to US 2000 standard population age 30-79)
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FIGURE 4: MISCAN-Fadia model. Simulated age adjusted mortality rates (per 100,000)
compared to SEER data (age adjusted to US 2000 standard population age 30-79)

FIGURE 5: MISCAN-Fadia model. Simulated age adjusted mortality rates (per 100,000) for
Base Case runs (age adjusted to US 2000 standard population age 30-79): B = Background risk
only, SB = Mammography screening and background risk, TB = Adjuvant treatment and
background risk, TSB = Adjuvant treatment, mammography screening and background risk
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The intent of this document is to provide the interested reader with insight into
ongoing research. Model parameters, structure, and results contained herein
should be considered representative but preliminary in nature.
We encourage interested readers to contact the contributors for further
information.

Go directly to the: Reader's Guide.
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Core Profile Documentation
These topics will provide an overview of the model without the burden of detail. Each
can be read in about 5-10 minutes. Each contains links to more detailed information if
required.
Model Purpose
This document describes the primary purpose of the model.

Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

Model Overview
This document describes the primary aims and general purposes of this modeling
effort.
Assumption Overview
An overview of the basic assumptions inherent in this model.
Parameter Overview
Describes the basic parameter set used to inform the model, more detailed
information is available for each specific parameter.
Component Overview
A description of the basic computational building blocks (components) of the model.
Output Overview
Definitions and methodologies for the basic model outputs.
Results Overview
A guide to the results obtained from the model.
Key References
A list of references used in the development of the model.
Further Reading
These topics will provide a intermediate level view of the model. Consider these
documents if you are interested gaining in a working knowledge of the model, its
inputs and outputs.
JNCIMonograph Outline
This topic provides links to profile content organized according to the JNCI
Monograph Outline for Model Description Chapters. Use this outline for
comparisons focused on the CISNET Base Case simulations.
Advanced Reading
These topics denote more detailed documentation about specific and important aspects
of the model structure
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SUMMARY
This document provides a description of the problems our model was designed to
address.

PURPOSE
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

The decade from 1990 to 2000 has seen an over-all decrease in breast cancer mortality
within the United States 1. This encouraging trend has also been observed in a number
of other countries including Canada and the United Kingdom 2. While there are a
variety of possible explanations for this decline in mortality, two of the most likely
reasons are earlier detection and improved treatment.
The principal goal of our model is to provide estimates (and their associated
uncertainties) of the relative contributions of screening mammography, tamoxifen use,
and improvements in chemotherapy to the observed decrease in U.S. breast cancer
mortality since 1990. We will also address the potential impact on future U.S. breast
cancer mortality of changes in screening mammography schedules, increased use of
tamoxifen, and improvements in chemotherapy.

REFERENCES:
Cancer Surveillance Research Program, National Cancer Institute. “The Surveillance,
Epidemiology, and End Results (SEER) Program” 1998;
2 IARC “The CANCER-Mondial website” in International Agency for Research on
Cancer 1999;
1
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SUMMARY
This document describes the methods we use to simulate the US population of women
from 1975 through 2000 and estimate the breast cancer mortality for these years.

PURPOSE
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

Our principal goal is to provide estimates (and their associated uncertainties) of the
relative contributions of screening mammography, tamoxifen use, and improvements
in and greater use of chemotherapy to the observed decrease in U.S. breast cancer
mortality since 1990. We also address the potential impact on future U.S. breast cancer
mortality of changes in screening mammography prevalence, increased use of
tamoxifen, and further improvements in chemotherapy.

BACKGROUND
The decade from 1990 to 2000 has seen an overall decrease in breast cancer mortality
within the United States 1. This encouraging trend has also been observed in a number
of other Western countries including Canada and the United Kingdom 2. While there
are a variety of possible explanations for such a decline, two of the most likely are
earlier detection and improved treatment.

MODEL DESCRIPTION
Using innovative modeling and simulation techniques and available information we
assess the impact that breast cancer interventions have had in the U.S. We use Bayesian
updating 4 to estimate the contributions of mammography, chemotherapy, and
tamoxifen use to the observed decline in breast cancer mortality in the United States
since 1990. Computations of posterior distributions are effected using the "rejection
method" 6: an observation from the prior distribution is included in the posterior
distribution depending on the value of its likelihood. In our application the likelihood
function is very complicated and cannot be exhibited in closed form.
We begin with a cohort of women in 1975. We then follow this cohort until 2000,
simulating the various breast cancer events on an annual basis. Our cohort is dynamic
in that we allow women to enter (births, immigration) and leave (deaths, emigration)
the population each year.
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Breast cancer events depend on each woman's age, mammography use, and treatment
(for those detected with breast cancer), all of which change over time. Each year each
woman is assigned to be screened or not, depending on the patterns of screening by
age in that year. Whether a woman is screened in any given year also depends on her
screening history. Breast cancer is diagnosed (or not) depending on the woman's age,
mode of detection, the time since her last mammogram, and the calendar year. If she is
diagnosed with breast cancer, then her cancer is assigned a stage, nodal status, and
estrogen-receptor status with frequencies appropriate for her age, mode of detection,
and time since her last mammogram. Therapy is assigned according to the standards of
the day, depending on the woman's and the cancer's characteristics. The effects of
therapy are based on the observations sampled from the prior distributions for these
effects.
We determine which women die depending on actuarial survival data, and we observe
breast cancer mortality for the cohort of women to estimate breast cancer mortality
from 1975 to 2000. This estimate is compared to the observed breast cancer mortality in
the U.S. for each year from 1975 through 2000.
Further details of the model are described in Component Overview.
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SUMMARY
This document describes the key assumptions behind our model.

BACKGROUND
Population Dynamics
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
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Our model allows for women to be born into our population or migrate into and out of
our population.

Intervention Effects
Because we do not know the impact of adjuvant tamoxifen or adjuvant chemotherapy
on the reduction in risk of breast cancer mortality, we impose separate and
independent prior distributions on the reduction in the risk of breast cancer mortality
due to these two interventions. We allow for the possibility of an additional survival
benefit (beyond stage shift) due to mammography screening. More information on the
assumptions regarding these intervention effects can be found in the Parameter
Overview.

Tumor Characteristics
If breast cancer is detected in a woman, we base the tumor's characteristics on data
from the Breast Cancer Surveillance Consortium 1, the National Breast and Cervical
Cancer Early Detection Program 2, the Canadian National Breast Screening Studies 4,
and the Health Insurance Plan Project 5, depending on the mode of detection. However,
there are a few assumptions that we make regarding tumor characteristics.

ASSUMPTION LISTING
In our model we assume:
Population Dynamics

1. Women in the population are born on January 1 of their birth year.
2. Women age in discrete increments of 1 year.
3. Immigrants have had no screening mammograms before entering the
population.
4. Emigrants are lost to follow-up as of the year they leave the population.
Intervention Effects

1. Observed decrease in mortality is caused by screening and treatment.
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2. A priori, screening and treatment have independent effects.
3. All adjuvant chemotherapy regimens have the same effect.

U. of Texas MDACC
Assumption Overview
References:

4. A prior distribution of the reduction in risk of breast cancer mortality due to
adjuvant tamoxifen.
5. A prior distribution of the reduction in risk of breast cancer mortality due to
adjuvant chemotherapy.
6. A prior distribution on the reduction in risk of breast cancer mortality beyond
stage shift.
7. Women with stage IV disease receive no survival benefit from chemotherapy or
hormonal therapy.
8. Women aged 50 or younger receive an additional 10% reduction in the hazard of
breast cancer mortality due to chemotherapy. (Based on the Overview results 6.)
9. Women with stage IV disease do receive no survival benefit from treatment
with chemotherapy or hormonal therapy.
10. Women who are treated with taxanes receive an additional 14% survival
benefit 7.
Tumor Characteristics

1. Given tumor characteristics, there is no race effect.
2. ER status is dependent on mode of detection.
3. Tumors detected more than 3 years after a screening mammogram have the
same characteristics as clinically detected tumors.

REFERENCES:
National Cancer Institute. “Breast Cancer Surveillance Consortium (BCSC)” 2003;
Centers for Disease Control and Prevention. “National Breast and Cervical Cancer
Early Detection Program (NBCCEDP)” 2002;
3 Miller, AB, Baines, CJ, To, T, et al. “Canadian National Breast Screening Study: 1.
Breast cancer detection and death rates among women aged 40 to 49 years.” in
Canadian Medical Association Journal 1992; 147: 1459-1476
4 Miller, AB, Baines, CJ, To, T, et al. “Canadian National Breast Screening Study: 2.
Breast cancer detection and death rates among women aged 50 to 59 years.” in
Canadian Medical Association Journal 1992; 147: 1477-1488
5 Shapiro, S, Venet, W, Strax, P, et al. “Periodic Screening for Breast Cancer: The
Health Insurance Plan Project and its Sequelae, 1963-1986” 1988;
6 Early Breast Cancer Trialists' Collaborative Group. “Polychemotherapy for early
breast cancer: an overview of the randomized trials.” in The Lancet 1998; 352:
930-942
7 Theriault R, Carlson R, Stockdale F. “(Personal communication)” 2003;
1
2
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SUMMARY
This document describes the 6 parameters included in our model.

BACKGROUND
Readers Guide
Model Overview
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Parameter Overview
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Because we do not know the impact of adjuvant tamoxifen or adjuvant chemotherapy
on the reduction in risk of breast cancer mortality, we impose separate and
independent prior distributions on the reduction in the risk of breast cancer mortality
due to these two interventions. Because of the lead time and the stage shift associated
with screening mammography, women whose cancers are detected
mammographically tend to have longer survival than those with cancers detected
otherwise. We allow for the possibility of an additional survival benefit (beyond stage
shift) due to mammography screening. We include separate prior distributions for the
reduction in the risk of breast cancer mortality beyond stage shift for AJCC stages I-II
and for AJCC stages III-IV.
We also allow for uncertainty in the underlying survival distributions by AJCC stage
and age group by placing a prior distribution on the baseline hazard. An age-periodcohort (APC) model is used to estimate breast cancer incidence over time. We also
impose a prior distribution on a parameter used to allow for uncertainty in the APC
model.

PARAMETER LISTING OVERVIEW
1. Effect of Adjuvant Tamoxifen
The prior distribution of the reduction in risk of breast cancer mortality due to
adjuvant tamoxifen follows a beta distribution with mean 0.28 and standard deviation
0.15 (i.e., beta(2.23, 5.73)). The mean for this prior distribution is from the 1998 report
by the Early Breast Cancer Trialists' Collaborative Group 1. Because this report is based
on the results of randomized clinical trials, we incorporated additional uncertainty into
our prior distribution and used a standard deviation that was three times the standard
error in this report.
2. Effect of Adjuvant Chemotherapy
The prior distribution of the reduction in risk of breast cancer mortality due to
adjuvant chemotherapy follows a beta distribution with mean 0.14 and standard
deviation 0.16 (i.e., beta(0.52, 3.18)). The mean for this prior distribution is from the
1998 report by the Early Breast Cancer Trialists' Collaborative Group 2. Again, we
inflated teh standard error of the effect of chemotherapy in determining the standard
deviation of our prior distribution.
3-4. Effect of Screening Mammography Beyond Stage Shift
In addition to any stage shift, we allow for an effect on survival beyond stage shift. We
estimate the effects beyond stage shift from the Health Insurance Plan Project (HIP) 3
and the Canadian National Breast Screening Study (CNBSS) 5, and we use these data to
derive the means and standard deviations of our prior distributions for our two
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3. AJCC Stages I-II
We assume the prior distribution for the parameter estimating the effect beyond-stageshift for AJCC stages I-II to be uniform(0, 0.80), having mean 0.40 and standard
deviation 0.23.
4. AJCC Stages III-IV
We assume the prior distribution for the parameter estimating the effect beyond-stageshift for AJCC stages III-IV to be uniform(0, 0.50), having mean 0.25 and standard
deviation 0.14.
5. Underlying Breast Cancer Survival
We have an underlying survival distribution for non-screen-detected breast cancer for
each AJCC stage I-IV and age group 6 that is not treated with either chemotherapy or
tamoxifen. Because of the uncertainty in these underlying survival distributions, we
allow for the data to modify them. We do this by imposing a uniform(0.8,1) prior
distribution on the baseline hazard function of these survival distributions.
6. Age-Period Cohort Model
Women who have never had a screening mammogram have breast cancer detected
with a probability that depends on her age and year of birth. The probabilities
incorporate the secular trend in incidence from the age-period-cohort (APC) model
develped by Holford 7. However, this model is an estimate, and like all estimates is
subject to uncertainty. To reflect this uncertainty we impose a uniform(0,1) prior
distribution on the impact of the APC model. The alternative we consider to the APC
model is constant background incidence over time. This method allows for the
possibility tha the APC is not correct, and lets the actual observed mortality determine
the weight attributed to the APC model.

REFERENCES:
Early Breast Cancer Trialists' Collaborative Group. “Tamoxifen for early breast
cancer: An Overview of the randomised trials” in The Lancet 1998; 351:
1451-1467
2 Early Breast Cancer Trialists' Collaborative Group. “Polychemotherapy for early
breast cancer: an overview of the randomized trials.” in The Lancet 1998; 352:
930-942
3 Shapiro, S, Venet, W, Strax, P, et al. “Periodic Screening for Breast Cancer: The
Health Insurance Plan Project and its Sequelae, 1963-1986” 1988;
4 Miller, AB, Baines, CJ, To, T, et al. “Canadian National Breast Screening Study: 1.
Breast cancer detection and death rates among women aged 40 to 49 years.” in
Canadian Medical Association Journal 1992; 147: 1459-1476
5 Miller, AB, Baines, CJ, To, T, et al. “Canadian National Breast Screening Study: 2.
Breast cancer detection and death rates among women aged 50 to 59 years.” in
Canadian Medical Association Journal 1992; 147: 1477-1488
6 CISNET. “Modeling impact of mammography and adjuvant treatment on U.S. breast
cancer mortality rates: collective results from the Cancer Intervention and
Surveillance Modeling Network.” in Journal of the National Cancer Institute
Monograph 2004;
7 Holford, T. “Cancer Intervention and Surveillance Modeling Network; Base Case”
2003;
1

Page 228 of 281

All material © Copyright 2003-2009 CISNET

COMPONENT OVERVIEW
U. of Texas MDACC
Component Overview

SUMMARY
This document provides an overview of the major components in the model.

OVERVIEW
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Population Component
We recognize that in 1975, the intial year of our simulation, that there are women living
with breast cancer. We must first identify these prevalent cases.
We then simulate a cohort of 2,000,000 women with an age distribution appropriate for
1975, allowing for prevalent cases. We then follow this cohort to 2000, allowing for
births, deaths, and migration. Each year we identify which women are diagnosed with
breast cancer. See the Cancer Incidence Component for details on how we diagnose
breast cancer.
Screening Component
We assign each woman a screening schedule that she follows throughout her life. We
assume that immigrants have had no screening mammograms before entering our
cohort. As we follow the cohort from 1975 to 2000, each year we determine whether the
woman had a screening mammogram based on her screening schedule.
Cancer Incidence Component
Each year we determine whether a woman is diagnosed with breast cancer. The
probability of breast cancer detection depends on whether or not the woman has had a
screening mammogram. If the woman has had a screening mammogram the
probability of breast cancer detection depends on how long it has been since her last
screening mammogram. We also allow for interval cases, which occur between
screening mammograms. Tumor characteristics depend on how the breast cancer was
detected, and our model recognizes this dependency.
Treatment Component
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Treatment depends on a woman's and the tumor's characteristics. Treatment also
depends on the calendar year, as there have been changes in treatment over time. Refer
to the Survival And Mortality Component to see how treatment impact survival.
Survival And Mortality Component
Each woman who is diagnosed with breast cancer is assigned a lifetime with cause of
death from breast cancer. Each woman also has a "natural" lifetime assigned to her
when she enters the cohort. A woman's survival is defined as the shorter of these two
lifetimes.
Results Component
Our model parameters are selected from prior distributions, which are based on
available information from the literature and other sources (see Parameter Overview).
We use Bayesian updating to populate the posterior distributions of these parameters.
We are also able to obtain the joint posterior distributions of parameters, and from
these parameters we estimate the impact of treatment and screening mammography on
breast cancer mortality.

COMPONENT LISTING
Population Component
Screening Component
Cancer Incidence Component
Treatment Component
Survival And Mortality Component
Results Component
For a more detailed listing of the steps in the simulation see Component Listing.
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SUMMARY
This document describes the outputs generated by the model. Our model generates
intermediate outputs that can be used to assess the operation of the model, as well as
the primary outputs that are used to meet our principle goal (see Model Purpose).
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OVERVIEW
Intermediate Outputs:
1. age distribution of women in the U.S. for each year 1975-2000
2. prevalence of breast cancer in 1975
3. tumor characterstics of breast cancer detected in each year 1975-2000
4. survival distribution for women diagnosed with breast cancer
5. survival distribution for women not diagnosed with breast cancer
6. screening mammography schedules
7. proportion of women who have ever had a screening mammogram
8. incidence of breast cancer by stage and by mode of detection, by age and year,
and age-adjusted by year
9. breast cancer mortality by year of detection, prevalent in 1975, or incident in
1975 or later
Primary Outputs:
1. age-adjusted breast cancer mortality for each year 1975-2000
2. age-adjusted total mortality for each year 1975-2000
3. posterior distributions for parameters drawn from prior distributions such as
the benefits of adjuvant tamoxifen and adjuvant chemotherapy

OUTPUT LISTING
All of the outputs are used in some form of testing and validation at one time or
another, but the "intermediate outputs" listed above are primarily used for testing and
validation.
Breast Cancer Mortality:
Our model yields estimates of breast cancer mortality for each year 1975-2000. Our
modeling approach validates these estimates by comparing them to the known breast
cancer mortality for each year 1975-2000.
Breast cancer mortality is also be used as the basis for the acceptance/rejection method 2
for determining the posterior distributions of the parameters which were drawn from
the prior distributions. See the Parameter Overview for more details of these prior
distributions.
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SUMMARY
This document describes the results obtained from our model to address our principle
goal (see Model Purpose).
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We simulated approximately 80,000 populations in 1975 and followed them through
the year 2000. For each of these 80,000 populations we simulated one set of parameters
from our posterior distributions, as described above. Of these simulations we accepted
176 for our posterior distributions by the criteria illustrated in Figure 1 (see Figures)
and described above, using an acceptance window on each year of ±2.5 and a window
on the slope of ± 0.17. The average of the breast cancer mortality estimates from these
176 accepted simulations is shown in Figure 2 (see Figures).

RESULTS LIST
Posterior Distributions of Model Parameters
The prior and posterior distributions for the 4 intervention parameters are shown in
Figure 3 (see Figures). The means and standard deviations of the posterior distributions
of these 4 intervention parameters are summarized in Table 2. Also included in Table 2
are the means and standard deviations of the other 2 parameters that we sample from
prior distributions and discussed above. Recall that we place a prior distribution on the
underlying survival distribution in the absence of treatment and on the impact of the
age-period-cohort (APC) model for determining incidence of disease (see Parameter
Overview).
From Table 2 we see that the posterior mean effect of tamoxifen is 0.37, suggesting a
37% decrease in the hazard of breast cancer mortality due to treatment with tamoxifen.
The posterior mean effect of screening mammography beyond stage shift for stages I-II
is 0.28. This implies that screening mammography provides an additional reduction in
hazard of 28% for those women who are diagnosed with stage I-II disease through
screening. This reduction is in addition to any benefit that would be achieved due to
the cancer being detected at an earlier stage than it might have been if detected
clinically.

TABLE 2. Posterior Estimates of Model Parameters
Mean

Std Dev

Tamoxifen

0.37

0.14

Chemotherapy

0.15

0.14

Beyond Stage Shift I-II

0.28

0.19

Beyond Stage Shift III-IV

0.23

0.14

Underlying Survival Dist

0.87

0.04

APC Incidence

0.61

0.29

The posterior means of the effect of chemotherapy and the benefit of screening
mammography beyond stage shift for stage III-IV disease are similar to the prior
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means. That is, we estimate that chemotherapy provides a 15% reduction in the hazard
of breast cancer mortality, and the reduction in the hazard due to mammography
beyond stage shift for stage III-IV disease is 23%.
Our model also estimates the adjustment to the hazard of the underlying survival
distribution for women with breast cancer in the absence of treatment has a mean of
0.87 with a standard deviation of 0.04. That is, each underlying survival distribution
Sij(t), for non-screen detected breast cancer of stage i, for i = 1, 2, 3, 4, and age group j in
the absence of treatment is adjusted as
=
, where has a distribution with
mean 0.87 and standard deviation 0.04. The estimates of the effect of screening and
treatment are in addition to this initial adjustment.
We discount the impact of the age-period-cohort (APC) model on estimating incidence
of breast cancer by an average of 0.61 (sd=0.29). Recall that we placed a uniform(0, 1)
distribution on the impact of the APC model. So, on average our model includes only
61% of the incidence estimated by the APC model.
Posterior Estimates of Intervention Effects
From each of our 176 accepted simulations we estimate the percent reduction in breast
cancer mortality since 1990, and we estimate the contribution of treatment and
screening to this reduction. By ignoring the effect of treatment in our model we
estimate the impact of screening mammography on breast cancer mortality. Similarly,
by ignoring the effect of screening we estimate the impact of treatment (both
chemotherapy and tamoxifen) on breast cancer mortality.
The joint distribution of the contribution of screening and treatment is illustrated in
Figures 4a and 4b (see Figures). It is clear from these figures that there is a negative
correlation between the percent reduction in breast cancer mortality due to screening
and due to treatment. Our model estimates this correlation to be -0.40.
Using our model we estimate a 0.90 posterior probability of a benefit of screening
mammography. We estimate a 0.90 posterior probability of a benefit of treatment of at
least 9.5%.
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This document describes how our model builds the initial cohort of women and
follows this cohort over time.
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We must first determine which women are living with breast cancer in 1975 (prevalent
cases). Once we've identified these women, we simulate a cohort of women in 1975
with and age distribution appropriate for that year, including the prevalent cases. We
then age our cohort in discrete yearly intervals, allowing for births, deaths, and
migration.

DETAIL
Determining Prevalent Cases
To determine which women are the prevalent cases in 1975 we begin by simulating an
initial cohort of 2,000,000 women in 1940. We follow this cohort to 1975, diagnosing
women with breast cancer each year based on the incidence by age and stage for each
year from 1940 to 1974. We assign each woman in this initial cohort a lifetime where
cause of death is anything other than breast cancer 1. Call this her "natural lifetime". We
also simulate a lifetime with breast cancer as the cause of death 2, and we determine the
cause of death from the shorter of these 2 lifetimes.
We do not allow women to enter this cohort, and women may exit this initial cohort
only by dying (of any cause). The women in this cohort who have breast cancer in 1975
are the prevalent cases. We construct a new population of women in 1975 having the
corresponding distribution of prevalent cases. We repeat this procedure for each
simulation of the model.
Simulating Population of Women
Once we have identified the prevalent cases we simulate a population of 2,000,000
women with the age distribution appropriate for 1975 based on data from the 2001
Regional Database, Woods & Poole Economics, Inc. 3, including the prevalent cases. For
each woman we simulate a natural lifetime 1, where cause of death is anything other
than breast cancer. As we follow the population in discrete yearly intervals, each
woman gets one year older and we determine whether she is diagnosed with breast
cancer depending on the incidence of the disease for women her age in that year, and
also depending on whether she had a screening mammogram in that year.
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Each year we allow for births, deaths, and migration. Those women born into the
population from 1975 on are not likely to develop breast cancer, but they do contribute
to the size and age distribution of the population. We use the data from Woods &
Poole Economics, Inc. 3 to define migration patterns by comparing the U.S. female age
distributions in consecutive years. We assign a natural lifetime to each woman who
immigrates into our population. We also assign her breast cancer events following the
same procedure as for women who were initially in the population in 1975, as
described in the Cancer Incidence Component.
Determining Cause of Death
For each woman who is diagnosed with breast cancer, her survival depends on her
tumor's characteristics, the mode of detection of the tumor, and the treatment she
received, as described in the Survival And Mortality Component. We compare this
survival time to her natural lifetime simulated when she entered the population. If the
survival time from breast cancer is shorter than her natural lifetime, then the woman is
considered to have died from breast cancer and contributes to the breast cancer
mortality. If the survival time from breast cancer is longer than her natural lifetime,
then the woman is considered to have died from causes other than breast cancer. If a
woman dies of other causes or emigrates she is censored as of that time.

RELEVANT ASSUMPTIONS
RELEVANT PARAMETERS
RELEVANT COMPONENTS
Cancer Incidence Component
Survival And Mortality Component

DEPENDENT OUTPUTS
RELEVANT RESULTS
REFERENCES:
Rosenberg, M. “Annual probabilities of death from causes other than breast cancer;
Base Case” 2002;
2 CISNET. “Modeling impact of mammography and adjuvant treatment on U.S. breast
cancer mortality rates: collective results from the Cancer Intervention and
Surveillance Modeling Network.” in Journal of the National Cancer Institute
Monograph 2004;
3 Woods & Poole Economics Inc. “2001 Regional Database: 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.” 2001;
1
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SUMMARY
This document describes how our model determines whether a woman is detected
with breast cancer in a given year.
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This component serves to determine if a woman has a breast cancer detected in the
current year being simulated. The probability of detection (clinical or by screening)
depends on an age-period-cohort model as well as the woman's screening status.

DETAIL
Breast Cancer Detected Clinically
In each year starting in 1975, we consider every woman who is at least 20 years old and
determine whether or not she has a breast cancer detected. If she has not yet had a
screening mammogram, she is detected with breast cancer with a probability that
depends on her age and year of birth. These probabilities incorporate the secular trend
in incidence estimated from the age-period-cohort model 1. However, we impose a
uniform(0, 1) prior distribution on the impact of the age-period-cohort model, and
sample one value from this prior distribution for each population we simulate (see
Parameter Overview).
Characteristics of tumors that are clinically detected are determined from the 1975 data
in SEER 2 as adjusted and described in the Chapter 4 of CISNET 3. These data provide a
mechanism for assigning AJCC disease stage. We determine whether or not there were
positive nodes based on data from HIP 4, and we determine ER status based on data
from SEER 2.
Breast Cancer Detected by Screening Mammogram
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For a woman who has a screening mammogram in the current year, the probability of
breast cancer detection, depending on her age, is based on data from the National
U. of Texas MDACC
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Breast and Cervical Cancer Early Detection Program (NBCCEDP) 5. This probability
also depends on whether it was her first mammogram, and if it was not, then it
depends on the amount of time since her last screening mammogram. If it has been
more than 3 years since her last screening mammogram, the probability of detecting
breast cancer is the same as for a first screening mammogram.
Breast Cancer Detected in an Interval Between Screening Mammograms
We also simulate breast cancer incidence during intervals between screening
mammograms (interval cases) by time since last screening mammogram, age and the
current year. The tumor stage for these interval cases is assigned using data from a
variety of sources. We used a hierarchical model based on data from the BCSC, the
NBCCEDP, the Breast Cancer Detection Demonstration Project (BCDDP) 6, HIP 4,
CNBSS 8, and data from 2 Scandinavian studies 10 to estimate the probability of an
interval cancer being a given stage. Nodal status and estrogen receptor status was
assigned based on data from the BCSC 11. For those tumors detected more than 3 years
after a screening mammogram, we assign tumor characteristics as if they were
clinically detected tumors.

RELEVANT ASSUMPTIONS
1. Immigrants have had no screening mammograms before entering the
population.
2. Tumors detected more than 3 years after a screening mammogram have the
same characteristics as clinically detected tumors.
See Assumption Overview.

RELEVANT PARAMETERS
Age-Period-Cohort (APC) Model Parameter
Because the APC model is an estimate it is subject to uncertainty. To reflect this
uncertainty we impose a uniform(0,1) prior distribution on the impact of the APC
model. The alternative we consider to the APC model is constant background
incidence over time. This method allows for the possibility tha the APC is not correct,
and lets the actual observed mortality determine the weight attributed to the APC
model. See Parameter Overview.

RELEVANT COMPONENTS
Screening Component
Survival And Mortality Component

DEPENDENT OUTPUTS
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REFERENCES:
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2 Cancer Surveillance Research Program, National Cancer Institute. “The Surveillance,
Epidemiology, and End Results (SEER) Program” 1998;
3 CISNET. “Modeling impact of mammography and adjuvant treatment on U.S. breast
cancer mortality rates: collective results from the Cancer Intervention and
Surveillance Modeling Network.” in Journal of the National Cancer Institute
Monograph 2004;
4 Shapiro, S, Venet, W, Strax, P, et al. “Periodic Screening for Breast Cancer: The
Health Insurance Plan Project and its Sequelae, 1963-1986” 1988;
5 Centers for Disease Control and Prevention. “National Breast and Cervical Cancer
Early Detection Program (NBCCEDP)” 2002;
6 Smart, CR, Byrne, C, Smith, RA, et al. “Twenty-year follow-up of the breast cancers
diagnosed during the breast cancer detection demonstration project” in A
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Breast cancer detection and death rates among women aged 40 to 49 years.” in
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8 Miller, AB, Baines, CJ, To, T, et al. “Canadian National Breast Screening Study: 2.
Breast cancer detection and death rates among women aged 50 to 59 years.” in
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9 Hakkama, M, Holli, K, Isola, J, et al. “Aggressiveness of screen-detected breast
cancers” in The Lancet 1995; 345: 221-224
10 Frisell, J Eklund, G, Hellstrom, L, Somell, A “Analysis of interval breast carcinomas
in a randomized screening trial in Stockholm” in Breast Cancer Research and
Treatment 1987; 9: 3: 219-225
11 National Cancer Institute. “Breast Cancer Surveillance Consortium (BCSC)” 2003;
1
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This document describes how screening is modeled.

OVERVIEW
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Tumor characterstics, and thus survival, depend on the mode of detection of breast
cancer. We determine each year whether a woman has a screening mammogram, and if
she does, we determine whether breast cancer was detected.

DETAIL
Screening Dissemination
We use the screening mammogram dissemination model 1 to determine whether a
woman will have screening mammograms. If so then we use the screening
mammography dissemination model to determine her screening schedule.
Our model allows for immigration into our population. For a woman who is an
immigrant, it is possible that the screening dissemination model would assign
screening mammograms for her before she entered our population. Any such
mammograms are ignored.

RELEVANT ASSUMPTIONS
Immigrants had no screening mammograms before entering our population.

RELEVANT PARAMETERS
RELEVANT COMPONENTS
Cancer Incidence Component

DEPENDENT OUTPUTS
RELEVANT RESULTS
REFERENCES:
1
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SUMMARY
This document describes how treatment is assigned in our model.
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We assign chemotherapy and tamoxifen to women who are detected with breast
cancer, depending on the characteristics of the tumor. These treatment assignments
will have an impact on survival, as described in the Survival And Mortality
Component.

DETAIL
We use the treatment dissemination model developed by 1 to determine treatment for
women who are diagnosed with breast cancer. The treatment depends on the tumor
characteristics, as well as the woman’s age and the year of detection.
In addition to polychemotherapy and tamoxifen, we consider the use of taxanes that
were introduced into standard clinical practice in the late 1990s. Taxanes are not
represented in the treatment dissemination model. Beginning in 1998 we allow any
woman receiving chemotherapy to also receive a taxane. The proportion of women
who receive a taxane depends on the stage of disease, and is based on expert opinion 2.
We assign an additional 14% survival benefit for women receiving taxanes.

RELEVANT ASSUMPTIONS
Women who are treated with taxanes receive an additional 14% survival benefit.
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1. Effect of Adjuvant Tamoxifen
The prior distribution of the reduction in risk of breast cancer mortality due to
adjuvant tamoxifen follows a beta distribution with mean 0.28 and standard deviation
0.15 (i.e., beta(2.23, 5.73)). The mean for this prior distribution is from the 1998 report
by the Early Breast Cancer Trialists' Collaborative Group 3. Because this report is based
on the results of randomized clinical trials, we incorporated additional uncertainty into
our prior distribution and used a standard deviation that was three times the standard
error in this report.

2. Effect of Adjuvant Chemotherapy
The prior distribution of the reduction in risk of breast cancer mortality due to
adjuvant chemotherapy follows a beta distribution with mean 0.14 and standard
deviation 0.16 (i.e., beta(0.52, 3.18)). The mean for this prior distribution is from the
1998 report by the Early Breast Cancer Trialists' Collaborative Group 4. Again, we
inflated teh standard error of the effect of chemotherapy in determining the standard
deviation of our prior distribution.
See Parameter Overview.

RELEVANT COMPONENTS
Survival And Mortality Component

DEPENDENT OUTPUTS
RELEVANT RESULTS
REFERENCES:
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” in Journal of Epidemology and Community
Health 2002; 57: 7: 525-6
2 Theriault R, Carlson R, Stockdale F. “(Personal communication)” 2003;
3 Early Breast Cancer Trialists' Collaborative Group. “Tamoxifen for early breast
cancer: An Overview of the randomised trials” in The Lancet 1998; 351:
1451-1467
4 Early Breast Cancer Trialists' Collaborative Group. “Polychemotherapy for early
breast cancer: an overview of the randomized trials.” in The Lancet 1998; 352:
930-942
1
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SURVIVAL AND MORTALITY
COMPONENT
SUMMARY
This document describes how survival and mortality from cancer are determined in
the model.

Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

OVERVIEW
This critical component of the model determines survival from cancer after both
clinical and screen detection. Survival depends on several factors including mode of
detection, stage, age, treatments used, and ER status.
For each woman who is diagnosed with breast cancer, her survival depends on her
tumor’s characteristics, the mode of detection of the tumor, and the treatment she
received. We compare this survival time to her natural lifetime simulated when she
entered the population. If the survival time from breast cancer is shorter than her
natural lifetime, then the woman is considered to have died from breast cancer and her
death contributes to breast cancer mortality. If the survival time from breast cancer is
longer than her natural lifetime, then the woman is considered to have died from
causes other than breast cancer. If a woman dies of other causes or emigrates she is
removed from the at-risk population as of that time.

DETAIL
Baseline Survival
We have an underlying survival distribution,

, for non-screen detected breast

cancer of stage i, for i = 1, 2, 3, 4, and age group j (Chapter 4 of CISNET, 2004 1) that is
not treated with either chemotherapy or tamoxifen. Because of the uncertainty in these
underlying survival distributions, we allow for the data to modify them. We do this by
imposing a uniform(0.80, 1) prior distribution on the hazard function of
. That is,
for the simulation we sample a value, say , from a uniform(0.80, 1) distribution and
adjust each of these underlying survival distributions as
. This parameter
is handled just like other uknown model parameters: it will be accepted as part of the
posterior distribution if the resulting simulated breast cancer mortality is sufficiently
close to the observed breast cancer mortality.
Impact of Interventions on Survival
We impose separate and independent prior distributions on the reduction in the risk of
breast cancer mortality due to (1) adjuvant tamoxifen use, (2) adjuvant chemotherapy,
and survival benefit beyond stage shift due to screening mammography. We have
separate prior distributions for the reduction in the risk of breast cancer mortality
beyond stage shift for (3) AJCC stages I-II and for (4) AJCC stages III-IV. The prior
distributions are summarized in Table 1.
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TABLE 1. Prior Distributions for Intervention Effects
U. of Texas MDACC
Survival And Mortality Component
Relevant Assumptions

Mean

Std Dev

Tamoxifen

Beta(2.23, 5.73)

0.28

0.15

Chemotherapy

Beta(0.52, 3.18)

0.14

0.16

Beyond Stage Shift I-II

Uniform(0, 0.80)

0.40

0.23

Beyond Stage Shift III-IV

Uniform(0, 0.50)

0.25

0.14

Refer to the Parameter Overview for details on how these prior distributions were
determined.
We sample once from each prior distribution to determine the reduction in risk of
dying of breast cancer for each woman who is detected with the disease, depending on
the tumor characteristics, whether the tumor was detected by a screening
mammogram, and the treatment received. This parameter set is used in the simulation
of the population from 1975 through 2000. Each time the population is simulated, we
sample again from each prior distribution to obtain a parameter set to use for that
population.

RELEVANT ASSUMPTIONS
1. Observed decrease in mortality is caused by screening and treatment.
2. A priori, screening and treatment have independent effects.
3. All adjuvant chemotherapy regimens have the same effect.
4. A prior distribution of the reduction in risk of breast cancer mortality due to
adjuvant tamoxifen.
5. A prior distribution of the reduction in risk of breast cancer mortality due to
adjuvant chemotherapy.
6. A prior distribution on the reduction in risk of breast cancer mortality beyond
stage shift.
7. Women with stage IV disease receive no survival benefit from chemotherapy or
hormonal therapy.
8. Women aged 50 or younger receive an additional 10% reduction in the hazard of
breast cancer mortality due to chemotherapy. (Based on the Overview results 2.)
9. Women with stage IV disease do receive no survival benefit from treatment
with chemotherapy or hormonal therapy.

RELEVANT PARAMETERS
1. Effect of Adjuvant Tamoxifen
The prior distribution of the reduction in risk of breast cancer mortality due to
adjuvant tamoxifen follows a beta distribution with mean 0.28 and standard deviation
0.15 (i.e., beta(2.23, 5.73)). The mean for this prior distribution is from the 1998 report
by the Early Breast Cancer Trialists' Collaborative Group 3. Because this report is based
on the results of randomized clinical trials, we incorporated additional uncertainty into
our prior distribution and used a standard deviation that was three times the standard
error in this report.

Page 244 of 281

All material © Copyright 2003-2009 CISNET

U. of Texas MDACC
Survival And Mortality Component
Relevant Components

2. Effect of Adjuvant Chemotherapy
The prior distribution of the reduction in risk of breast cancer mortality due to
adjuvant chemotherapy follows a beta distribution with mean 0.14 and standard
deviation 0.16 (i.e., beta(0.52, 3.18)). The mean for this prior distribution is from the
1998 report by the Early Breast Cancer Trialists' Collaborative Group 2. Again, we
inflated teh standard error of the effect of chemotherapy in determining the standard
deviation of our prior distribution.
3-4. Effect of Screening Mammography Beyond Stage Shift
In addition to any stage shift, we allow for an effect on survival beyond stage shift. We
estimate the effects beyond stage shift from the Health Insurance Plan Project (HIP) 4
and the Canadian National Breast Screening Study (CNBSS) 6, and we use these data to
derive the means and standard deviations of our prior distributions for our two
beyond-stage-shift parameters.
3. AJCC Stages I-II
We assume the prior distribution for the parameter estimating the effect beyond-stageshift for AJCC stages I-II to be uniform(0, 0.80), having mean 0.40 and standard
deviation 0.23.
4. AJCC Stages III-IV
We assume the prior distribution for the parameter estimating the effect beyond-stageshift for AJCC stages III-IV to be uniform(0, 0.50), having mean 0.25 and standard
deviation 0.14.
5. Underlying Breast Cancer Survival
We have an underlying survival distribution for non-screen-detected breast cancer for
each AJCC stage I-IV and age group 7 that is not treated with either chemotherapy or
tamoxifen. Because of the uncertainty in these underlying survival distributions, we
allow for the data to modify them. We do this by imposing a uniform(0.8,1) prior
distribution on the baseline hazard function of these survival distributions.

RELEVANT COMPONENTS
Cancer Incidence Component
Screening Component
Treatment Component
Results Component

DEPENDENT OUTPUTS
RELEVANT RESULTS
REFERENCES:
1
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Early Breast Cancer Trialists' Collaborative Group. “Polychemotherapy for early
breast cancer: an overview of the randomized trials.” in The Lancet 1998; 352:
930-942
3 Early Breast Cancer Trialists' Collaborative Group. “Tamoxifen for early breast
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1451-1467
4 Shapiro, S, Venet, W, Strax, P, et al. “Periodic Screening for Breast Cancer: The
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U. of Texas MDACC
Survival And Mortality Component
References:
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RESULTS COMPONENT
U. of Texas MDACC
Results Component

SUMMARY
This document describes how we estimate the parameters for our model. We also
describe here how we estimate the benefits of treatment and screening mammography.

OVERVIEW
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

We simulate a population of women and follow them from 1975 to 2000, assigning
breast cancer events, screening, and treatment as appropriate for each year. We then
compare the simulated breast cancer mortality to the observed breast cancer mortality
for these years.

DETAIL
Updating the Posterior Distributions of Intervention Effects
To compare our simulated breast cancer mortality to the observed breast cancer
mortality from 1975-2000 we implement the following strategy. We place an
"acceptance window" on each year from 1975-2000. If the simulated mortality falls
within this acceptance window for each year, then the parameters from the parameter
set that we used in that simulation are candidates for acceptance into the respective
posterior distributions.
We also divide the interval 1985-2000 into three five-year intervals (1985-1990,
1990-1995, 1995-2000). Then we calculate the slope of the observed mortality curve in
each of these three intervals. For each of these slopes we define tolerance limits. For our
simulated mortality curve we calculate the slope in these same three intervals. If the
slope in each of the three intervals calculated from the simulated mortality curve falls
within the tolerance limits of the slopes of the observed mortality curve, then the
parameter values that were used to simulate the particular mortality curve are
candidates for acceptance into the respective posterior distributions.
Only parameter sets that pass both tests described above are accepted into the
respective posterior distributions. By simulating and following the population
thousands of times, we will populate the posterior distributions with parameters
accepted jointly in this fashion. Figure 1 (see Figures) illustrates the acceptance
algorithm, and Figure 2 (see Figures) shows the average of our accepted simulations.
The prior and posterior distributions of the 4 intervention parameters are illustrated in
Figure 3 (see Figures).
Estimating Impact of Interventions on Breast Cancer Mortality
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U. of Texas MDACC
Results Component
Relevant Assumptions

Through simulation we can create populations of women where every woman aged 40
or older receives screening mammograms beginning in 1975. We can also simulate
populations of women with the actual screening behavior that occurred from 1975 to
2000. Some women from each of these two groups will have developed breast cancer
and some will have been treated with tamoxifen or adjuvant chemotherapy. By
comparing the breast cancer mortality between these two populations of women we
can obtain a posterior estimate of the effectiveness of screening mammography in
reducing breast cancer mortality. Similarly, we can obtain posterior estimates of the
effectiveness of tamoxifen and of chemotherapy.
We can also estimate the effectiveness of combinations of the various interventions as
well as the effectiveness of each intervention in the presence of the others. By changing
the proportion of women in each age cohort which use screening mammography in
our model, we can estimate the potential impact on breast cancer mortality of future
changes in the prevalence of screening mammography for each age cohort. Similarly,
we can assess the potential impact of changes in the use of tamoxifen and
chemotherapy. And we can estimate the effectiveness of combinations of these three
interventions for specific age groups. Refer to the Results Overview for some results of
our modeling.

RELEVANT ASSUMPTIONS
See Assumption Overview.

RELEVANT PARAMETERS
See Parameter Overview.

RELEVANT COMPONENTS
Cancer Incidence Component
Treatment Component
Survival And Mortality Component

DEPENDENT OUTPUTS
RELEVANT RESULTS
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COMPONENT LISTING
U. of Texas MDACC
Component Listing

A more detailed listing of the steps in the simulation follows.
A. Select Parameters
◦ Sample parameters from their prior distributions or use fixed values for
parameters

Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

▪ Relevant Inputs:
▪ prior distribution on the reduction in risk of breast cancer mortality due to
tamoxifen use or fixed value
▪ prior distribution on the reduction in risk of breast cancer mortality due to
improvements in chemotherapy or fixed value
▪ prior distribution for reduction in risk of breast cancer due to
mammography screening (beyond stage shift) or fixed values
▪ prior distribution on hazard for underlying survival distributions by stage
and age or fixed value
▪ prior distribution on impact of age-period-cohort model or fixed value
B. Simulate Cohort in 1975
◦ simulate year of birth
▪ Relevant Inputs:
▪ age distribution of women in the U.S. in 1975
◦ simulate prevalent breast cancer cases in 1975 and their survival
▪ Relevant Inputs:
▪ incidence of breast cancer in the U.S. from 1940-1974
▪ distribution of stage in clinically detected breast cancer
▪ underlying breast cancer survival
C. Follow Cohort Through 2000
◦ Validation Step:
▪ check number of women in the U.S. for each year 1975-2000
D. Allow Migration, Births, and Deaths
◦ births
▪ input:
▪ number of female births in the U.S. for each year 1975-2000
◦ deaths
▪ Relevant Inputs:
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▪ number of female deaths in the U.S., by age, due to causes other than breast
cancer for each year 1975-2000
E. Simulate Breast Cancer Incidence
◦ simulate screening mammography dissemination
▪ inputs:
▪ screening mammogram dissemination generation software provided by
NCI 1
◦ simulate breast cancer incidence
▪ inputs:
▪ breast cancer incidence for women who have never had a screening
mammogram, by age and year 2
▪ breast cancer incidence at screening mammograms, by age, adjusted for
year
▪ breast cancer incidence during intervals between screening mammograms,
by characteristics of last screening mammogram, years since last screening
mammogram, age, and year
▪ validation:
▪ breast cancer incidence in the U.S., by age, for each year 1975-2000
F. Simulate Breast Cancer Survival
◦ simulate tumor characteristics
▪ input:
▪ stage distribution for breast cancer in women who have never had a
screening mammogram, by age 3
▪ stage distribution for breast cancer detected by a screening mammogram,
by age and screening mammogram characteristics 4
▪ stage distribution for breast cancer detected during intervals between
screening mammograms 6
▪ node status distribution by mode of detection of breast cancer 6
▪ estrogen receptor status distribution by age 6
◦ simulate treatment dissemination 7
▪ input:
▪ distribution of treatment type by age, stage, node status, year, and estrogen
receptor status
▪ distribution of tamoxifen duration by year
◦ simulate breast cancer survival 8
▪ input:
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▪ modified baseline breast cancer survival by age and stage, modified by
effect of treatment type, effect of tamoxifen duration, effect of ER status,
etc., interactions, etc.

U. of Texas MDACC
Component Listing
References:

▪ validation:
▪ number of female deaths in the U.S., by age, due to breast cancer for each
year 1975-2000
G. Derive Posterior Distributions for the Parameters in Component 0 which Were
Drawn from Prior Distributions, as Both a Validation and Inferential/Output Step

REFERENCES:
Cronin, K., Kraphcho, M. “Cancer Intervention and Surveillance Modeling Network;
Base Case” 2002;
2 Holford, T. “Cancer Intervention and Surveillance Modeling Network; Base Case”
2003;
3 Centers for Disease Control and Prevention. “National Breast and Cervical Cancer
Early Detection Program (NBCCEDP)” 2002;
4 National Cancer Institute. “Breast Cancer Surveillance Consortium (BCSC)” 2003;
5 Shapiro, S, Venet, W, Strax, P, et al. “Periodic Screening for Breast Cancer: The
Health Insurance Plan Project and its Sequelae, 1963-1986” 1988;
6 Fracheboud, J, Groenewoud, JH, Boer, R, Broeders, MJM, Baan, CA, Verbeek, ALM,
et al. “Landelijke evaluatie van bevolkingsonderzoek naar borstkanker in
Nederland 2000 (VIII)” in Instituut Maatschappelijke Gezondheidszorg. : 35-41
7 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” in Journal of Epidemology and Community
Health 2002; 57: 7: 525-6
8 CISNET. “Modeling impact of mammography and adjuvant treatment on U.S. breast
cancer mortality rates: collective results from the Cancer Intervention and
Surveillance Modeling Network.” in Journal of the National Cancer Institute
Monograph 2004;
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FIGURES
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Figures

FIGURE 1. Acceptance Criteria for Simulated Mortality
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FIGURE 2. Simulated Mortality (Average)
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FIGURE 3. Prior and Posterior Distributions of Intervention Effects
U. of Texas MDACC
Figures

FIGURE 4A. % Reduction in Breast Cancer Mortality
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FIGURE 4B. % Reduction in Breast Cancer Mortality
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Figures
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The intent of this document is to provide the interested reader with insight into
ongoing research. Model parameters, structure, and results contained herein
should be considered representative but preliminary in nature.
We encourage interested readers to contact the contributors for further
information.

Go directly to the: Reader's Guide.
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Core Profile Documentation
These topics will provide an overview of the model without the burden of detail. Each
can be read in about 5-10 minutes. Each contains links to more detailed information if
required.
Model Purpose
This document describes the primary purpose of the model.

Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

Model Overview
This document describes the primary aims and general purposes of this modeling
effort.
Assumption Overview
An overview of the basic assumptions inherent in this model.
Parameter Overview
Describes the basic parameter set used to inform the model, more detailed
information is available for each specific parameter.
Component Overview
A description of the basic computational building blocks (components) of the model.
Output Overview
Definitions and methodologies for the basic model outputs.
Results Overview
A guide to the results obtained from the model.
Key References
A list of references used in the development of the model.
Further Reading
These topics will provide a intermediate level view of the model. Consider these
documents if you are interested gaining in a working knowledge of the model, its
inputs and outputs.
JNCIMonograph Outline
This topic provides links to profile content organized according to the JNCI
Monograph Outline for Model Description Chapters. Use this outline for
comparisons focused on the CISNET Base Case simulations.
Advanced Reading
These topics denote more detailed documentation about specific and important aspects
of the model structure
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SUMMARY
Here we describe the historical and current purposes of our model of breast cancer.

PURPOSE
Historically, this model was developed to carry out cost-effectiveness analysis of
various approaches to breast cancer screening. Among the questions originally
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

addressed were: what are the costs and benefits associated with various populationbased interventions aimed at increasing the utilization of mammography in minority
populations; what are the costs and benefits of continuing to screen elderly and very
elderly women?
The original development of the model focused on simulating the experience of a
hypothetical cohort of women of a certain age. For the CISNET project, the inner core
of the simulation logic is "re-packaged" to simulate the entire female population of the
United States between 1975 and 2000.
The logic of the model is based on the distributions of times to various events in the life
of a simulated subject. There are no particular assumptions made about the mechanism
by which breast cancer progresses or kills people. As such this model cannot be
effectively used to test hypotheses about breast cancer biology, nor to calibrate the
parameters of mechanistic models of breast cancer.
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SUMMARY
This document describes, at the broadest level, the method by which we simulate the
US population incidence and mortality from breast cancer between 1975 and 2000.

PURPOSE
This model, originally developed to perform cost-effectiveness analysis of breast cancer
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

screening programs, has been adapted to simulate the incidence and mortality of breast
cancer in the US population between 1975 and 2000. In particular, it is designed to
estimate the effects of screening and treatment improvements during that era.

BACKGROUND
Interesting changes in the morbidity and mortality associated with breast cancer have
occurred over the past 25 years, but little is known about the causes of this. While at
one time mammography was almost universally agreed to be effective in reducing
breast cancer mortality, more recent reviews of the original clinical trials have raised
serious questions about this. As further large scale trials of mammography are unlikely
to be conducted in the near future, it would be helpful if careful analytic approaches
could disentangle the effects of increased mammography utilization, improvements in
the efficacy of treatment, and other changes in the population.
This model builds on the basic breast-cancer simulation developed and used by this
group for cost-effectiveness analysis of screening programs.

MODEL DESCRIPTION
We use an event-driven continuous-time state transition model. Women from different
birth cohorts are simulated one at a time, and the times at which relevant events occur
are determined by sampling from pre-specified time-interval distributions. We
simulate 55 million women to obtain reasonably smooth estimates of the mortality
curves. Using US Census data, we begin with women born in or after 1890 to simulate
the population distribution of adult women alive in 1975. Women who are destined to
develop breast cancer may either be screen detected, present with clinical symptoms,
or die of other causes before breast cancer is diagnosed. At presentation, the cancer has
a stage assigned, based on whether the tumor is screen or clinically detected. The stage
for screen-detected cancers is calculated from what the stage would have been had the
tumor presented with symptoms and the lead time gained from screening using a
formula derived from Bayes' theorem. Cancers are designated as being estrogenreceptor (ER) positive or negative. Survival is conditional on age and stage at
diagnosis, ER status, and treatment.
Model inputs include:
• age distribution of US women in 1975, age and year-specific projections of breast
cancer incidence in the absence of screening (from an age-period cohort model
generated by NCI),
• birth-year specific annual US female mortality from all causes other than breast
cancer (from the Berkeley mortality database, as modified by M. Rosenberg),
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• age-specific distributions of stages of cancers diagnosed clinically (taken from
SEER data in 1975),
• age-specific distributions of stages of cancers diagnosed through screening (taken
from SEER data in the 1990's),
• sensitivity of mammography screening by age,
• mean tumor sojourn time by age,
• mean tumor dwell time in each clinical stage (DCIS, local, regional, distant),
• age and calendar-year estimates of the pattern of mammography utilization
(provided by NCI),
• age-stage-ER specific distributions of treatment choices in different calendar years
(provided by NCI),
• age-stage-ER specific breast cancer survival curves
• estimates of the odds-ratios of survival associated with use of adjuvant tamoxifen
and adjuvant chemotherapy.
For each woman, the model produces a life history that identifies whether or not a
diagnosis of breast cancer is made, and if so, in what stage it presents, what treatment
was chosen, as well as a date of death and an indication of whether death is from
breast cancer or other causes. The total number of mammography screenings is
provided, as is a count of how many such screenings were positive. These life histories
are then summarized to produce annual estimates of breast cancer incidence and
mortality grouped by decade of age.
Key limitations of the model are that it does not allow for any effect of early detection
unless a stage shift results, and that it assumes that all breast cancers (including ductal
carcinoma in situ) are progressive. The latter limitation is of particular importance.

CONTRIBUTORS
Jeanne Mandelblatt, MD, MPH
Aimee M. Near, MPH
Clyde B. Schechter, MA, MD
Michael A. Stoto, PhD
All from Georgetown University, except Dr. Schechter who is at Albert Einstein
College of Medicine
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SUMMARY
This document give a broad overview of the assumptions inherent in the model.

BACKGROUND
This model makes no assumptions about the biological mechanisms of breast cancer
progression and mortality. Indeed, the model could be used without further
Readers Guide
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Output Overview
Results Overview
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modification to simulate any multi-stage failure process for which the appropriate
inputs (in particular process step time distributions) were available.
A number of assumptions about the mechanism by which mammography affects the
natural history of breast cancer are detailed below.

ASSUMPTION LISTING
This model relies on the following assumptions:
1. The benefit of mammography screening is exactly represented by the effects of
shifting diagnosis to an earlier stage of disease. Early detection that is not early
enough to result in detection at an earlier stage does not, on average, alter
survival. Furthermore, earliness of detection which does result in an earlier
stage at diagnosis is "rewarded" with the full difference in stage-specific
survivals.
2. In the absence of screening, the distribution of stages of clinically detected
tumors would resemble the distribution of stages of clinically detected tumors
from the early part of the 1975-2000 era.
3. Breast cancer progresses from a pre-clinical stage to a clinical presence, and then
through stages of local, regional, and distant spread. The dwell times in each
stage are assumed to have an exponential distribution. All tumors, including all
ductal carcinomas in situ, have the potential to progress to metastatic disease
and cause death.
4. Dwell times in each successive stage are independent of each other and of the
sojourn time.
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SUMMARY
Focusing on those input parameters which are not common to all of the CISNET
models, we describe the sources of our parameters concerning the stage-progression
and sojourn time of breast cancer, as well as mammography operating characteristics.

BACKGROUND
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Output Overview
Results Overview
Key References

Publications which report estimates for the dwell time in any stage of breast cancer, the
sojourn time, or the sensitivity and specificity of mammography were reviewed.
Studies not carried out in the industrialized world were excluded, as were studies
carried out in highly restrictive populations. We did not distinguish studies which fit
statistical models to screening data from studies which, in one way or another, directly
observed the particular parameter. The median value of reported estimates was
initially used as our base case parameter value. Because simulation results with these
estimates showed a shortfall in predicted incidence which increased as screening
disseminated, we experimented with other values to try to match the observed US
population incidence curves. This resulted in selecting values of sensitivity and sojourn
time which are about 2/3 of the way between the lowest and highest values in our
literature reviews.

PARAMETER LISTING OVERVIEW
The parameters discussed here pertain only to the natural history of breast cancer
component of the model. All of these parameters are used to calculate lead time, and to
simulate stage at diagnosis with screening.
The parameters are:
Sojourn time (mean of exponential distribution)--this is taken to be age dependent.
Age

Mean
1.7y

50-54

2.1y

55-60

3.3y

60-69

3.9y

70+

5.2y

Dwell time as DCIS or in local and regional stages (mean of exponential distributions).
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Stage

Time

DCIS

2.97y

LOCAL

5.30y

REGIONAL

11.40y
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Sensitivity of initial mammography:
Georgetown University
Parameter Overview
Parameter Listing Overview

Age

Sens
0.77

40-49

0.87

50-59

0.94

60-69

0.94

70

0.91

Sensitivity of subsequent mammography:

0.85 at all ages.

Note that in the studies used to derive our base case values, different definitions of
stages, or sensitivity have been used. We have ignored these differences and pretended
that all studies were estimating the same parameter.
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SUMMARY
This document gives a broad view of the key components in the model.

OVERVIEW
This model overall includes 4 processes:
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

1. Subject generation. This part of the model generates simulated women to
simulate the age distribution of US women in 1975, their age-specific breastcancer incidence, and their overall mortality experience.
2. Screening simulation. This part of the model generates a screening schedule for
each woman and determines whether it results in the early detection of a breast
cancer, and if so, in what stage.
3. Course of Disease. This part of the model identifies what treatment approach
the simulated woman will undergo and projects subsequent survival.
4. Bookkeeping. This part of the model doesn't simulate anything--it tallies the
results as successive women are simulated.

All of these components operate under the "orchestration" of a general simulation
engine. The simulation engine maintains a chronologically ordered event queue. This
queue is re-initialized at the start of each simulated subject's processing. The queue
contains events such as "gets clinically evident breast cancer," "has next mammogram,"
"dies of cause other than breast cancer," etc.

COMPONENT LISTING
Population Component
The demographic component generates a population of simulated women having the
age distribution of the female population of the United States in 1975. Using SEER
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data, the breast cancer incidence component randomly selects which simulated women
will develop breast cancer, with what estrogen receptor status, and at what time and in
what stage, if the cancer presents clinically.
Natural History Component
The screening impact component governs the performance characteristics of screening,
including screening test sensitivity and specificity. This portion of the model also
calculates a stage shift for the tumor conditional on the lead-time realized by the
screening test that detects it.
Screening Component
The screening utilization component determines when simulated women undergo
breast cancer screening based on a model of the observed diffusion through the
population between 1975 and 1999.
Treatment Component
The treatment component is activated whenever a tumor is diagnosed (clinically or by
screening) and selects a treatment and a corresponding breast-cancer survival time
based on SEER data for age, stage, estrogen receptor status, and treatment-specific
survival. Competing mortality is estimated using actuarial methods.
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SUMMARY
This document describes the general types and forms of output from the simulator.

OVERVIEW
There are two major components to the simulation output.
Readers Guide
Model Overview
Assumption Overview
Parameter Overview
Component Overview
Output Overview
Results Overview
Key References

The first component is tallies of incident breast cancers, breast cancer deaths, and total
simulated female midyear population by age (single years) and calendar year between
1975 and 2000. (The simulation generates breast cancers and deaths outside the
1975-2000 window of interest, but these are suppressed and excluded from this
component of the output.) The incident breast cancer figures are further disaggregated
by stage and ER status. These figures are used to calculate agegroup specific incidence
and mortality rates.
The second component is a simulated "cancer registry." In this segment of the output, a
record is created for each simulated woman with breast cancer which shows are date of
birth, date of diagnosis, stage at presentation, ER status, treatment, date of death, and
indication of whether death is from breast cancer or not. A unique feature of this
"registry" not available in real life is an entry for the date at which the tumor would
have presented clinically (= actual date of diagnosis if tumor was not screen detected.)
The registry also summarizes the woman's screening history by including the total
number of true positive, true negative, positive, and negative mammograms she
underwent during her lifetime. These data are used to calculate survival curves for the
simulated cancers, and also to estimate mammogram program sensitivity and leadtime distribution. Note that a simulated woman who dies prior to 1975 is not recorded
in this "cancer registry," but events occurring outside the 1975-2000 window which take
place during the lifetime of a woman who remains alive at any time in this window are
recorded in the "cancer registry."

OUTPUT LISTING
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DETAIL
Demographic Component of the Model
Each birth year is selected in our model with a frequency proportional to its prevalence
among the US female population in 1975 and inversely proportional to the probability
of survival to 1975. 1 This ensures that the 1975 age-distribution we simulate matches
that of the given 1975 US female population. Each simulated person's life is modeled
from birth, including the application of cancer incidence functions. Thus, a woman
may develop breast cancer before 1975, and if she does not die before 1975, she will be
a prevalent case at the start of the model. Women born between 1890 and 1975 but who
die before 1975 are also simulated, but we do not include their data in the output.

RELEVANT ASSUMPTIONS
RELEVANT PARAMETERS
RELEVANT COMPONENTS
DEPENDENT OUTPUTS
RELEVANT RESULTS
REFERENCES:
1
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by race, sex and single year and 5-year age groups based on 1990 census and
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DETAIL
Natural History of Disease
The model makes no explicit assumptions about the biological nature of breast cancer.
Rather, all aspects of breast cancer are modeled in terms of stage (SEER historical
stages of in-situ, local, regional, and distant), estrogen-receptor (ER) status (positive or
negative), and the age of the woman at diagnosis, and treatment selected. This implies,
in particular, that any effect of screening on survival is the result of stage-shift (and, to
a lesser extent, age-shift in presentation). Screen-detected lesions are assigned the same
ER status they would have had if they had presented clinically. 1
Projected age-specific incidence rates in the absence of screening for each birth cohort
from 1890 through 1970 were provided by the National Cancer Institute, and include
secular trends in incidence for each birth-cohort. 2 These incidence rates were estimated
using an age-period-cohort model which is described elsewhere. 3 These incidence rates
are used as the hazard in a survival process, where failure consists of incident breast
cancer. The corresponding survival function is sampled for each woman, given her
year of birth, to determine when she will develop clinical breast cancer. Because the
survival function does not go to zero, or even near zero, the majority of women will
never develop breast cancer.
For those women for whom a date of incident clinical breast cancer is ascertained, a
preclinical sojourn time is also simulated. Sojourn times are assumed to be
exponentially distributed, with an age-dependent mean, based on published data. 7 The
appropriate distribution is sampled to determine the preclinical sojourn time. The
screening module then determines the actual date of preclinical incidence (if it occurs).
We assume that the dwell time in each stage is exponentially distributed, with mean
stage dwell times as input to the program. Dwell times (e.g., from DCIS to invasive
cancer, from local to regional disease, or from regional to distant) were estimated based
upon data from randomized clinical trials of breast cancer screening, 12 and simulating
stage distributions in screened and unscreened settings (personal communication,
William Lawrence, 2002).
When a tumor is diagnosed by screening, the lead-time is calculated. The stage at
which the tumor would have presented clinically is "known" within the simulation.
The conditional probability that a tumor in any given stage would have progressed to
that known stage in the obtained lead-time is therefore calculated by convoluting the
exponential stage dwell time distributions. A "prior" distribution for stage at screening
is taken from the observed distribution of stages among tumors diagnosed recently
(personal communication, Breast Cancer Surveillance Consortium, Diane Miglioretti
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and William Barlow, 2002). 13 Bayes' theorem is then applied to calculate a "posterior"
distribution of stage at screening conditional on the stage at clinical presentation and
Georgetown University
Natural History Component
Relevant Assumptions

lead-time. This posterior distribution is then sampled to identify the simulated stage at
screen-detection.
One implication of the lead-time is that a woman who is screen-detected several years
earlier than she would have presented clinically may end up getting less intensive
treatment because the more intensive treatment, such as multi-drug chemotherapy
regimens, were not yet in sufficiently widespread use. Such a woman could actually
end up with a worse prognosis as a result of screening, because she got her diagnosis
in an earlier era when chemotherapy was not being widely used. While such events do
occur in our model, they occur with a low frequency and probably do not have a
substantial impact on the results.
We only model the incidence of first breast cancers. Accordingly, the correct
denominator for an incidence rate should be the number of women alive who have
never had breast cancer. However, in compliance with the procedures adopted by the
CISNET collaboration for calculating incidence rates, we actually use the count of all
women alive for this denominator. This approach results in a slight underestimate of
the incidence rates. The extent of this underestimate increases with a woman's age,
reflecting both the rising rates of breast cancer and the falling surviving population
denominator, and tends to increase over time among those over age 50. The
underestimate of incidence never exceeds 1% for women under age 50, and only
reaches 5.4% for women ages 75 to 79 after 1994.
The preclinical sojourn time is one of the "tunable" parameters of our model. That is,
unlike, for example, incidence rates which are directly observable and for which
excellent data exist, the sojourn time is a latent variable, and can only be estimated by
fitting models to population screening programs. Thus, we varied our estimate within
the range of published estimates so as to generate simulated incidence and stagedistribution in screened women that best corresponded to observed incidence.
This calibration was performed using a small number of simulations (5 million per
woman). Sojourn time was calibrated together with test sensitivity (see below). Results
were inspected for face validity and the final combination selected based on the most
reasonable combination of values for each parameter that estimated the observed
incidence and stage-distribution as closely as possible.

RELEVANT ASSUMPTIONS
RELEVANT PARAMETERS
RELEVANT COMPONENTS
DEPENDENT OUTPUTS
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Screening Utilization Component of the Model
We use existing data from a model of screening use over time to reflect the
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dissemination of mammography in the US population. 1 These data were based on
fitting parametric frailty models to national screening data. However, these data only
covered patterns occurring for women born between 1891 and 1970. Women born in
1890 were assumed to obtain screening at the same ages as women born in 1891.
Women born after 1970 were assumed to obtain screen at the same ages as women
born in 1970.
Screening Impact Component of the Model
Each screening event (i.e., obtaining a mammography in a given year or not) is
simulated by drawing a random number from a uniform distribution between zero
and one. If screening occurs the test sensitivity and specificity and the presence or
absence of a tumor during its preclinical sojourn time are used to generate a test result
(true positive, positive, true negative, or negative). True positive test results trigger a
diagnosis of breast cancer and calculation of the stage at presentation (and assignment
of an ER status). We assume that screen detected and clinically detected interval
cancers ( negatives and clinically detected in the absence of screening) have similar
tumor characteristics (i.e., distribution of ER) and that conditional on age and stage at
diagnosis, ER status, and treatment, they have the same survival functions. To the
extent that screen detected tumors are less virulent than interval cases, then mortality
reductions associated with screening may be slightly over-estimated.
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Mammogram Sensitivity
The sensitivity of mammography is the other "tunable" parameter in our model. In our
program, sensitivity is a ratio, with the numerator consisting of positive test results
among those with a tumor, and the denominator consisting of those with a tumor. In
our model, "with a tumor" is implemented as "occurring during the preclinical sojourn
time of a lesion." "With a tumor" therefore is an abstract, unobservable construct whose
value cannot be directly measured but can be estimated by fitting statistical models to
the data from large screening programs. As a starting point, we relied on published
age-specific estimates of sensitivity from different points in time. 5 We assume that
sensitivity is greatest for the first screen, and then decreases over time with repeated
screenings, but we do not vary the sensitivity according to tumor size or tumor growth
over the preclinical sojourn time. Sensitivity is assumed to be age-dependent for the
first screening, but age-independent thereafter. We made this choice because there
were good data on test performance as a function of age for first screening
examinations, but less data on the results for subsequent screens over time by age. We
also model test sensitivity as a constant over the period of simulation. While test
performance is likely to have improved over time between 1975 and 2000, there was
sufficient variability in published estimates from large screening trials by time period 5
that no reasonable time-period-dependent curve could be fit to the observed data.
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Treatment and Survival Component
Adjuvant treatments gradually disseminated into practice after 1975. We used data
from Mariotto and colleagues to estimate the dissemination of non-hormonal
chemotherapy and tamoxifen. 2 Since the two main surgical options - mastectomy and
breast conservation - have equivalent survival 4we do not include any changes in local
treatment approaches over time. For cancers diagnosed before 1975, the 1975 treatment
distributions were used.
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Data from 1975 were used to estimate survival in the absence of adjuvant treatment
with multi-agent chemotherapy or tamoxifen. 5 Women receiving tamoxifen or
chemotherapy were assigned a survival time based on a modification of the 1975
survival curve using data from large meta-analyses. 8 For each therapy, the survival
function for the base 1975 data is adjusted using the annual reduction in the odds of
death associated with each modality. We then sample from the modified survival
function to project survival given each therapy. Only women with ER positive tumors
are assumed to have survival benefits associated with tamoxifen. For ER positive
women receiving both tamoxifen and adjuvant chemotherapy, the two odds ratios are
multiplied. This, in effect, assumes that the two treatments are neither synergistic nor
interfering.
Because survival is calculated conditional on age at diagnosis, stage at diagnosis, ER
status, and treatment, stage shifts can result in improved prognosis. We calculate
survival from the date of clinical presentation, even if the lesion was screen detected.
As a consequence, death from breast cancer cannot occur during the lead-time. Death
from other causes, however, can occur in the lead time. We do not present qualityadjusted survival, as the base model was designed to estimate the potential impact of
screening and treatment on observed incidence and mortality in the time period of
interest.
Competing Mortality Component
Death from causes other than breast cancer was estimated using birth cohort-specific
annual mortality data. 9
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