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In the second article of a two-article sequence, the focus is on a simulation model for screening and treatment of breast cancer in
U.S. women of age 65+. The first article details a natural-history simulation model of the incidence and progression of untreated
breast cancer in a representative simulated population of older U.S. women, which ultimately generates a database of untreated breast
cancer histories for individuals in the simulated population. Driven by the resulting database, the screening-and-treatment simulation
model is composed of discrete-event simulation (DES) and system dynamics (SD) submodels. For each individual in the simulated
population, the DES submodel simulates screening policies and treatment procedures to estimate the resulting survival rates and the
costs of screening and treatment. The SD submodel represents the overall structure and operation of the U.S. system for detecting
and treating breast cancer. The main results and conclusions are summarized, including a final recommendation for annual screening
between ages 65 and 80. A discussion is also presented on how both the natural-history and screening-and-treatment simulations can
be used for performance comparisons of proposed screening policies based on overall cost-effectiveness, the numbers of life-years
and quality-adjusted life-years saved, and the main components of the total cost incurred by each policy.

Keywords: Health care, breast cancer, screening older U.S. women, medical decision making, discrete-event simulation, system
dynamics, combined discrete-continuous simulation

1. Introduction

In a sequence of two articles, we develop and exploit a
two-phase simulation modeling framework for evaluating
the effectiveness of policies for screening and treatment of
breast cancer in the growing population of U.S. women
who are at least 65 years of age. Figure 1 depicts the overall
structure of our two-phase simulation framework. Phase I
is the focus of the initial article (Tejada et al., 2013b), en-
compassing a natural-history model of the incidence and
progression of untreated breast cancer for randomly sam-
pled individuals from the designated population of older
U.S. women. The natural-history simulation is a Discrete-

∗Corresponding author
Color versions of one or more of the figures in the article can be
found online at www.tandfonline.com/uiie.

Event Simulation (DES) model that contains a population
growth submodel as well as incidence, progression, and sur-
vival submodels. The primary output of the natural-history
simulation is a database of older women whose untreated
breast cancer histories are known, and these histories are
critical inputs to the Phase II screening-and-treatment sim-
ulation that is the focus of this article.

The screening-and-treatment simulation integrates DES
and System Dynamics (SD) modeling techniques to rep-
resent the following simultaneously: (i) the screening and
treatment activities and the resulting progression of health
states and incurred costs for each individual in the simu-
lated population; and (ii) the population-level state vari-
ables (stocks) and their associated rates of change (flows)
that govern the overall operation of the U.S. system for
detecting and treating breast cancer.

The screening-and-treatment simulation model is com-
posed of interacting submodels that respectively represent
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708 Tejada et al.
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This model generates a natural history
of untreated breast cancer for each
woman in the simulated population.
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This model simulates the use of
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INPUT

Warm-up period: 2001–2011
Future simulation period: 2012–2020
Total simulation time horizon (years): 20

Fig. 1. Two-phase simulation approach to evaluating breast cancer screening policies.

screening, treatment, survival and mortality, costing, and
population growth. For each woman in the simulated popu-
lation, the DES submodel represents her associated screen-
ing events, diagnostic procedures, and treatment results;
however, the details of her behavior are subject to the influ-
ence of the population-level SD submodel, which focuses
on pervasive factors (state variables) that affect her ad-
herence to screening. Like the natural-history simulation
model, the time step for the screening-and-treatment sim-
ulation model is one year; and each run spans the period
2001–2020. For each screening policy to be evaluated, the
screening-and-treatment simulation calculates key perfor-
mance measures from the record of detailed activities for
each woman in the simulated population.

The remainder of this article on the screening-and-
treatment simulation model is organized as follows. Section
2 covers the DES submodel, which includes the following:
(i) alternative screening policies; (ii) imperfect screening
and diagnostic mechanisms; (iii) treatment of some pa-
tients with breast cancer and their subsequent survival;
and (iv) the costs of screening exams, diagnostic exams,
workup exams, and treatment. Section 3 details the op-
eration of the overall simulation model, focusing on the
components of the SD submodel and how they interact
with the DES submodel. Section 4 summarizes the results
of our simulation-based performance evaluation of alter-
native screening policies over the period 2012–2020. In Sec-
tion 5 we summarize our main conclusions, including the
final recommendation for annual screening between ages
65 and 80; and we end Section 5 by recapitulating the main
contributions of this work to both breast cancer screen-
ing and simulation methodology. The Online Supplement
to this article and Tejada (2012) contain complete details
on the screening-and-treatment simulation model and the

results of our experimental performance comparison of se-
lected breast cancer screening policies.

2. DES submodel: screening, diagnostic procedures,
survival, and costing

When the screening-and-treatment simulation model is in-
voked, a user interface is displayed that enables the user
to select values for the primary design variables and run-
control parameters using option buttons, check boxes, and
drop-down combo boxes as detailed in the Online Sup-
plement and on pp. 184–196 of Tejada (2012). Following
the user’s specification of the screening policy to be evalu-
ated, women enter the screening-and-treatment simulation
exactly as they entered the natural-history simulation. As
discussed in Tejada et al. (2013b), individual attributes and
cancer histories associated with women who entered the
natural-history simulation are stored in a database in the or-
der that those individuals entered the natural-history sim-
ulation. In the screening-and-treatment simulation, those
individuals are then retrieved from the database in the same
order and are reassigned their corresponding attributes
and cancer histories so that they enter the screening-and-
treatment simulation at the same points in simulated time
that they entered the natural-history simulation. As dis-
cussed in Section 4 of this article (and in Chapter 4 of Tejada
(2012)), we perform 10 runs of the screening-and-treatment
simulation for each screening policy to be evaluated; and
we use the method of common random numbers (Kelton
et al., 2010) to sharpen the comparisons between differ-
ent screening policies. Thus, the same 10 randomly sam-
pled populations used in the natural-history simulation are
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Breast cancer screening for older women 709

re-created in the screening-and-treatment simulation; and
to each individual in each simulated population, we apply
separately each screening policy selected for comparison.
This approach enables us to compute more precise point
and confidence interval estimators for the mean differences
in performance between selected screening policies.

After her attributes and breast cancer history are ini-
tialized at the time she joins the simulated population in
the screening-and-treatment model, each woman enters the
screening submodel that represents all activities related to
detection of breast cancer. The screening submodel imple-
ments the selected screening policy, samples the successive
probabilities of adherence to each screening appointment
for each individual, and determines the type of screening,
diagnostic, and workup exams to perform on that individ-
ual as required. Whereas false-positive results and false-
negative results can occur for screening exams, diagnostic
exams can have false positives but not false negatives, and
workup exams such as biopsies are assumed to be per-
fect so that they yield only true positives and true neg-
atives. If breast cancer is present in an individual, then
as in the natural-history simulation (Tejada et al., 2013b,
Section 5.2), the stage of breast cancer at diagnosis is deter-
mined according to the stochastic process formulated by
Plevritis et al. (2007) to represent the progression of the
disease.

The treatment submodel is relatively simple, as the de-
tails of treatment are not currently the focus of this article.
Only women with a detected breast cancer enter the treat-
ment submodel. Through consultation with breast cancer
experts, we estimated the probabilities that such women are
treated given their age and the presence of other comorbid
diseases. If a woman diagnosed with breast cancer does
not receive treatment, then in the screening-and-treatment
simulation, her age at death and cause of death are iden-
tical to the corresponding outcomes in the natural-history
simulation.

The survival submodel only processes women who are
correctly diagnosed with breast cancer and are selected for
treatment in the treatment submodel. For each woman in
the survival submodel, we estimate an age at death resulting
from breast cancer based on SEER data (National Cancer
Institute, 2009) and an age at death resulting from other
causes based on breast cancer–adjusted life tables (Rosen-
berg 2006); and we use the minimum of these two estimates
to assign the woman’s age at death and cause of death.
In addition to computing the number of life-years saved,
the survival submodel computes the number of quality-
adjusted life-years (QALYs) saved based on utilities from
the breast cancer literature.

Within the screening-and-treatment simulation model,
the costing submodel keeps track of the costs incurred
for screening exams, diagnostic exams, workup exams, and
treatment of breast cancer. The sum of these costs is used to
compute the cost-effectiveness of each alternative screening
policy.

2.1. Screening

In each year, if a woman’s screening policy recommends
having a mammogram and she adheres to the policy,
then she enters the screening submodel. Given that each
woman’s complete cancer history is known, cancer pres-
ence and tumor size are known at all times and therefore
for all screening events. If the woman being screened does
not have cancer, then ultimately the testing will reveal this,
because false positives are possible for screening exams and
diagnostic exams but not for workup exams. If the woman
being screened does have cancer, then the tumor size at
screening is used to determine the probability of detection
by screening. If the tumor is detected by screening, then
subsequent diagnostic imaging and biopsy exams will con-
firm the positive diagnosis. If the cancer is not detected by
screening, then no diagnostic exams are performed, a false-
negative diagnosis is recorded, and the woman proceeds to
the next screening appointment according to her screening
policy. In the screening-and-treatment simulation, a diag-
nostic exam can only be initiated based on the result of a
screening exam.

2.1.1. Screening policies
A typical breast cancer screening policy consists of a screen-
ing interval (i.e., the time between successive screening tests)
and the ages at which screening starts and stops. Since this
work focuses only on women of age 65+, and the starting
age for screening is about 40 for almost all U.S. women,
in the screening-and-treatment simulation we assume that
each woman’s screening policy goes into effect at age 65
and remains in effect up to (but not including) the stop-
ping age. A woman is eligible for screening in a given year
if the following conditions are both satisfied: (i) her age is
evenly divisible by the screening interval; and (ii) her age
is at least 65 but less than the stopping age. For example,
if the screening interval is 3 years and the stopping age is
80, then a woman is scheduled for screening at ages 66, 69,
72, 75, and 78. Similarly, if the screening interval is 5 years
and the stopping age is 85, then a woman is scheduled for
screening at ages 65, 70, 75, and 80.

In consultation with our breast cancer experts, we se-
lected the following three screening policies for the period
2012–2020: interval screening, risk-based screening, and
factor-based screening. Interval screening assigns the same
starting and stopping ages and the same screening interval
to every woman in the population. Risk-based screening as-
signs one of two selected screening intervals to each woman
based on her level of risk for developing breast cancer (i.e.,
low or high risk). Factor-based screening assigns different
screening intervals on an individual basis depending on the
presence of a particular combination of breast cancer risk
factors. For the “model calibration” period 2001–2011, the
screening policy is assumed to be the interval screening
policy that yields results most closely matching SEER data
from that time period (National Cancer Institute, 2009).
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710 Tejada et al.

For the period 2012–2020, the screening policy changes to
a user-specified policy.

For the purposes of this work, it is necessary to con-
sider past screening and future screening separately. In the
past, the stopping age for screening was not well defined
so women stopped screening at different ages. To account
for the past variation in the stopping age for screening, we
selected a set of beta distributions with common minimum
and maximum values of 65 years and 100 years, respec-
tively, and with modes ranging from 70 years to 100 years
in increments of 5 years. This setup resulted in seven differ-
ent distributions for stopping ages of individual women to
be used in conjunction with past screening intervals during
the period 2001–2011. In the future period 2012–2020, a
stopping age is assigned to each woman in the simulated
population based on the screening policy being evaluated;
therefore, each woman has no additional screening tests
at or after her assigned stopping age. During the period
2012–2020, the stopping age can take on any value from
70 years to 100 years in increments of 5 years, but the
stopping age is independent of the individual’s risk factors.
Future work could include allowing the stopping age to be
based on each individual’s risk factors.

Interval screening: To each woman in the population, in-
terval screening assigns the same starting and stopping ages
and the same screening interval. We consider screening in-
tervals of 1, 2, 3, 4, and 5 years. When combined with seven
possibilities for stopping age, whether those possibilities are
specified by beta distributions (for the period 2001–2011)
or constants (for the period 2012–2020), this scheme yields
35 possible interval screening policies.

Risk-based screening: Risk-based screening was sug-
gested by our breast cancer experts. To estimate each
woman’s overall risk of being diagnosed with breast cancer
within 1 year of a screening exam, we used the logistic re-
gression equations of Barlow et al. (2006). The woman’s age
is the only dynamic risk factor in the Barlow equations. All
other risk factors remain constant. In the natural-history
simulation, each woman receives a perfect annual screen-
ing exam but no treatment for any detected cancer so that
her 1-year risk can be evaluated annually according to the
Barlow equations and recorded; then over the course of the
natural-history simulation, relevant percentiles of this 1-
year risk are estimated for the entire simulated population,
as summarized in Table 1. In the screening-and-treatment
simulation, the definition of high risk is permitted to vary,
corresponding to the top 20%, 15%, 10%, and 5% of the
distribution of the Barlow 1-year risk for women of age 65+
as respectively specified by the first four percentiles given
in Table 1.

From the five screening intervals under consideration,
all possible pairs are assigned to high- and low-risk women
subject to the constraint that the screening interval for high-
risk women must not exceed the screening interval for low-
risk women. Therefore, we have 15 feasible assignments
of screening intervals to low- and high-risk women; and

Table 1. Percentiles of Barlow 1-year risk distribution for women
in the natural-history simulation

Corresponding percentile
of Barlow 1-year

Percentage risk estimate

0.80 0.009 09
0.85 0.009 74
0.90 0.010 54
0.95 0.011 87
1.00 0.030 26

when these assignments are combined with four possible
definitions of high-risk and seven potential stopping ages,
we obtain 420 risk-based screening policies.

Factor-based screening: Factor-based screening is the
most versatile and complex type of screening policy that the
screening-and-treatment simulation can handle. As shown
in Table 2, the Barlow risk equations include 11 risk factors
(predictor variables). First, the user selects risk factors on
which to base the screening interval, ranging from only one
factor to all 11 factors. Next, a screening interval is spec-
ified for each level of each selected risk factor. The actual
screening interval for an individual woman is then assigned
as follows:

Screening Interval

= min
{

Freq
{

Age, Ethnicity, Race, BMI, AAFB, PrevProc,
FirstDegree, HRT, SurgMeno, LastMamm, Density

}}
years,

(1)

where in general Freq{SFactj} denotes the screening inter-
val corresponding to level j of risk factor SFact as described
in Table 2.

Considering all possible combinations of the 11 risk fac-
tors, together with the seven chosen stopping ages, we have
16 329 600 possible factor-based screening policies. Further
allowing for the possibility of using any subset of the 11 risk
factors, we see that the number of possible factor-based
screening policies is so large as to preclude any attempt to
optimize system performance by total enumeration. Thus,
the development of an intelligent search method is needed
to reduce our focus to the most cost-effective policy or
group of policies. As detailed on pp. 214–224 of Tejada
(2012), the search method exploits OptQuest for Arena
(Kelton et al., 2010).

2.1.2. Screening procedures
Mammographic exams: Screening exams use either film or
digital mammograms. These two types of screening tests
are assumed to be identical with respect to their values
of sensitivity (i.e., the probability of a positive screening
test given that the woman has cancer) and specificity (i.e.,
the probability of a negative screening test given that the
woman does not have cancer). This assumption is mainly
due to the lack of data on the differences in sensitivity

D
ow

nl
oa

de
d 

by
 [

N
or

th
 C

ar
ol

in
a 

St
at

e 
U

ni
ve

rs
ity

] 
at

 1
2:

03
 2

5 
A

pr
il 

20
14

 



Breast cancer screening for older women 711

Table 2. Risk factors, their categories, and their categorical variables

Risk factor SFact Categories and categorical variables

Age 65–69 70–74 75–79 80+
FreqAge7 FreqAge8 FreqAge9 FreqAge10

Ethnicity Non-Hispanic Hispanic Unknown
FreqEth0 FreqEth1 FreqEth9

Race White Asian Black Native American Other Unknown
FreqRace1 FreqRace2 FreqRace3 FreqRace4 FreqRace5 FreqRace9

BMI (kg/m2) <25 25–29.99 30–34.99 >35 Unknown
FreqBMI1 FreqBMI2 FreqBMI3 FreqBMI4 FreqBMI9

Age at first birth <30 ≥30 No Children Unknown
FreqAAFB1 FreqAAFB2 FreqAAFB3 FreqAAFB9

Previous breast procedure No Yes Unknown
FreqPrevProc1 FreqPrevProc2 FreqPrevProc9

1st deg relatives with BC None 1 ≥2 Unknown
FreqFirstDeg1 FreqFirstDeg2 FreqFirstDeg3 FreqFirstDeg9

Hormone therapy use No Yes Unknown
FreqHRT1 FreqHRT2 FreqHRT9

Surgical menopause No Yes Unknown
FreqSurgMeno1 FreqSurgMeno2 FreqSurgMeno9

Result of last mammogram Negative False Positive Unknown
FreqLastMamm1 FreqLastMamm2 FreqLastMamm9

Breast density (BI-RADS) 1 2 3 4 Unknown
FreqDensity1 FreqDensity2 FreqDensity3 FreqDensity4 FreqDensity9

and specificity of the two screening tests; however, both
sensitivity and specificity are affected by changes over time
in the level of screening technology as described in Section
3. Therefore in the screening-and-treatment simulation,
cost is the only difference between digital and film mam-
mograms. Table 3 lists the total number of mammograms
and the number of digital mammograms performed annu-
ally during the period 2001–2009 as reported by the Breast

Table 3. Digital mammography data (BCSC, 2009)

Total Number
number of of digital % digital

Year mammograms mammograms mammograms

2001 716 432 7070 0.9
2002 762 526 23 252 3.0
2003 744 179 40 171 5.3
2004 720 718 59 465 8.2
2005 595 505 80 581 13.5
2006 490 465 134 981 27.5
2007 482 256 198 981 41.2
2008 461 427 255 692 55.4
2009 383 536 254 257 66.2
2010 — — 74.2
2011 — — 82.4
2012 — — 88.7
2013 — — 93.1
2014 — — 95.0
2015–2020 — — 95.0

Cancer Surveillance Consortium (BCSC, 2009). Based on
this data set, information provided by the Food and Drug
Administration (FDA, 2013), and discussions with mam-
mography experts, we concluded that over the time period
2001–2020 the percentage of digital mammograms would
level off at a maximum value of 95% by 2015. Fitting poly-
nomials of degrees 3, 4, and 5 to the percentage of dig-
ital mammograms during the period 2001–2009, we ob-
tained adjusted R2 values of 0.9867, 0.9976, and 0.9964,
respectively. We concluded that the fourth-degree polyno-
mial yielded the best fit to the available data based on these
results as well as visual inspection of three graphs of the
data on which each of the three fitted polynomials are su-
perimposed separately (Figs. 2, 3, and 4 in the Online Sup-
plement).

The probability of a false-positive screening exam (i.e.,
1 – specificity) is estimated from BCSC data and is
dependent on each woman’s age and the time since her last
mammogram. These values are given in Table 4. A positive
screening exam, either a true positive or a false positive,
results in a follow-up diagnostic exam. Data on the prob-
ability of a true-positive screening exam (i.e., sensitivity),
which depends on the tumor size at the time of screen-
ing, were provided by the CISNET breast cancer model-
ing group (Fryback et al., 2006) and are listed in Table 5.
If a woman with breast cancer does not have a true-positive
screening exam, then she has a false-negative exam. Figure 1
in the Online Supplement depicts the probability of tumor
detection as a function of tumor size. If the screening exam
is negative (either a true negative or a false negative), then

D
ow

nl
oa

de
d 

by
 [

N
or

th
 C

ar
ol

in
a 

St
at

e 
U

ni
ve

rs
ity

] 
at

 1
2:

03
 2

5 
A

pr
il 

20
14

 



712 Tejada et al.

Table 4. Probability of false-positive screening exam by age and
time since last mammogram (BCSC, 2009)

Age (in years) and time
since last mammogram Pr{false positive} =
(in months) Specificity 1 – specificity

Age range 65–59
9–15 mo 0.929 0.071
16–20 mo 0.925 0.075
21–27 mo 0.920 0.080
28+ mo 0.905 0.095

No previous mammography 0.835 0.165

Age range 70–74
9–15 mo 0.935 0.065
16–20 mo 0.933 0.067
21–27 mo 0.920 0.080
28+ mo 0.913 0.087

No previous mammography 0.835 0.165

Age range 75+
9–15 mo 0.939 0.061
16–20 mo 0.937 0.063
21–27 mo 0.927 0.073
28+ mo 0.923 0.077

No previous mammography 0.852 0.148

the woman advances to the next year in the simulation as
usual. For screening exams, both false positives and false
negatives are affected by the level of breast cancer screening
technology at the time of the exam. A detailed analysis of
this effect is given in Section 3.

Diagnostic exams: Given only to women who test posi-
tive for breast cancer by a screening exam, diagnostic exams
are assumed to have perfect sensitivity—i.e., each woman’s
diagnostic exam has probability zero of yielding a false-
negative result. Each woman who tests positive for breast
cancer by a diagnostic exam will also receive a workup
exam, at which point the presence or absence of breast can-
cer will be confirmed. Diagnostic exams are not assumed
to have perfect specificity—i.e., a woman’s diagnostic exam
has a nonzero probability of yielding a false-positive result
that leads to a benign workup exam. The probability of a

Table 5. Probability of mammographic detection as a function of
tumor size (Fryback et al., 2006)

Size (mm)
Pr{true positive} =

sensitivity

Min Max Min Max

0 2 0 0.3
2 5 0.3 0.3
5 7.5 0.3 0.65
7.5 15 0.65 0.8
15 20 0.8 0.9
20 50 0.9 0.99
50 80 0.99 1.00
80 ∞ 1.00 1.00

Table 6. Probability of false-positive diagnostic exam by age and
time since last mammogram (BCSC, 2009)

Age (in years) and time
since last mammogram Pr{false positive} =
(in months) Specificity 1 – specificity

Age range 65–69
9–15 mo 0.348 0.652
16–20 mo 0.349 0.651
21–27 mo 0.516 0.484
28+ mo 0.656 0.344

No previous mammography 0.723 0.277

Age range 70–74
9–15 mo 0.416 0.584
16–20 mo 0.487 0.513
21–27 mo 0.560 0.440
28+ mo 0.664 0.336

No previous mammography 0.754 0.246

Age range 75+
9–15 mo 0.433 0.567
16–20 mo 0.559 0.441
21–27 mo 0.547 0.453
28+ mo 0.694 0.306

No previous mammography 0.714 0.286

false-positive diagnostic exam is based on BCSC data and
depends on age and time since the last mammogram. These
values are given in Table 6.

For costing purposes, three types of diagnostic exams
are considered: mammography, ultrasound, and Magnetic
Resonance Imaging (MRI). For a given patient, any combi-
nation of these diagnostic exams could be performed. For
the period 2001–2007, Table 7 summarizes the percentages
of patients receiving each combination of diagnostic exams
based on data provided by the Carolina Mammography
Registry (2013). The data from 2007 were used for the years
2010–2020 in the screening-and-treatment simulation.

Workup procedures. Encompassing open (surgical) biop-
sies, Core Needle Biopsies (CNBs), and (on a very small
scale) Fine Needle Aspirations (FNAs), workup exams are
perfect—that is, if breast cancer is present, then the workup
exam will return a positive result; and if breast cancer is not
present, then the workup exam will return a negative result.
We assume that only one workup procedure is performed
on each woman who receives a positive diagnostic exam;
Table 8 shows the percentage of women receiving each type
of workup exam. Our breast cancer experts consulted with
their radiologists and used their own experience and judg-
ment to provide the subjectively estimated percentages in
Table 8.

2.2. Treatment submodel

For each woman diagnosed with breast cancer, the treat-
ment submodel determines whether she will receive treat-
ment by randomly sampling a Bernoulli random variable
for which the success probability is based on her age and
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Breast cancer screening for older women 713

Table 7. Percentage breakdown of diagnostic exams by type and year for the period 2000–2007

Diagnostic exam types

Mamm. Ultrasound MRI Mamm.+ Mamm.+ Ultrasound+ All
Year None only % only % only % ultrasound % MRI % MRI % three %

2000 33.22 37.85 17.17 0.04 11.72 0.00 0.00 0.00
2001 30.27 38.98 17.53 0.00 13.23 0.00 0.00 0.00
2002 29.59 37.55 20.24 0.00 12.62 0.00 0.00 0.00
2003 30.04 37.73 16.93 0.04 15.26 0.00 0.00 0.00
2004 33.44 38.96 14.29 0.00 13.31 0.00 0.00 0.00
2005 32.76 37.64 13.50 0.00 16.09 0.00 0.00 0.00
2006 29.05 37.31 13.96 0.00 19.26 0.13 0.09 0.18
2007 19.35 42.96 14.42 0.43 21.84 0.19 0.34 0.48

health status at the time of diagnosis. The relevant prob-
abilities are listed in Table 9. Our breast cancer experts
consulted with their radiologists and used their own experi-
ence and judgment to provide the subjective probability es-
timates in Table 9. Currently, the screening-and-treatment
simulation only takes into account whether treatment oc-
curs, without considering the type of treatment to be ad-
ministered. In the future, the treatment submodel may be
expanded to incorporate variations in treatment and the re-
sulting outcomes. A woman with breast cancer who is not
selected to receive treatment will have the same age at death
and cause of death as she did in the natural-history simu-
lation. A woman who is selected to receive treatment will
proceed to the survival submodel, where her age at death
and cause of death will be based on survival distributions.

2.3. Survival submodel

Only women selected to receive treatment enter the sur-
vival submodel. For each woman who receives treatment,
the survival submodel generates an age at death and a cause
of death that may differ from the corresponding outcomes
in the natural-history simulation, in which treatments are
not administered. SEER (National Cancer Institute, 2009)
provides estimates of the probability that a woman who
receives treatment will live for a specified number of years,

Table 8. Percentage breakdown of workup procedures

Workup procedure Overall %

FNA 2

CNB 58
CNB (ultrasound) 14.5
CNB (mammography) 14.5
CNB (MRI) 14.5
CNB (palpation) 14.5

Open (surgical) biopsy 40
Open (wire localization) 20
Open (palpation) 20

given the stage of breast cancer (local, regional, or distant)
at diagnosis. These probabilities are used to estimate the
cumulative distribution function (c.d.f.) of a treated indi-
vidual’s time until death given the cancer stage at diagnosis;
Fig. 2 depicts these c.d.f.s.

Because the SEER data set fails to account for death from
other causes, the survival submodel also uses annual prob-
abilities for death from other causes based on the breast
cancer–adjusted life tables of Rosenberg (2006). Therefore,
in the survival submodel, each woman who receives treat-
ment is assigned a death age from breast cancer and a death
age from other causes; then the minimum of these two ages
is used to assign her age at death and the cause of death.

In the screening-and-treatment simulation, a woman re-
ceiving treatment often lives longer than her untreated
counterpart in the natural-history simulation, especially if
her cancer is diagnosed in the early stages. Therefore, for
each treated woman in the screening-and-treatment sim-
ulation, we define her life-years saved as the number of
additional years she lived in the screening-and-treatment
simulation compared with the number of years she lived in
the natural-history simulation. This is an important mea-
sure of effectiveness for screening policies, because it is

Fig. 2. C.d.f.s for survival after treatment by stage at diagnosis
(National Cancer Institute, 2009).
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714 Tejada et al.

Table 9. Probability of receiving treatment by age and health
status

Comorbidities Comorbidities
Age range not present present

65–69 0.995 0.900
70–79 0.990 0.950
80–89 0.980 0.800
90–99 0.950 0.600
100–110 0.900 0.500

essentially the benefit in a cost-effectiveness analysis based
on the cost–benefit ratio. One of the most important fea-
tures of the screening-and-treatment simulation is its ability
to estimate the “true” years of life saved for each treated
woman in the simulated population without the bias caused
by lead-time or length-biased sampling. Equally important
is the ability to estimate the “true” QALYs saved for each
treated woman in the simulated population without these
sources of bias.

Accumulating QALYs saved for each woman in the
screening-and-treatment simulation requires utilities that
represent the quality of a woman’s life at different ages as
well as the stage of breast cancer at the time of diagnosis.
A woman diagnosed with local cancer will have a higher
quality of life than a woman diagnosed with distant cancer,
because local cancer is more easily treated and attacks a
smaller portion of the body. Similarly, a younger woman
will have a higher quality of life than an older woman, be-
cause a younger woman has a greater life expectancy and is
generally healthier. The cost-effectiveness of breast cancer
screening for middle-aged women has been addressed by
many papers in the literature, and Tosteson et al. (2008)
provide utilities used to compute QALYs saved for breast
cancer screening in women of all ages. Table 10 gives these
utilities as a function of age and cancer stage at the time
of diagnosis. For each year that a woman lives beyond her
counterpart in the natural-history simulation, we record
not only a life-year saved but also the corresponding num-
ber of QALYs saved.

2.4. Costing submodel

Since one of our ultimate goals is to determine the most
cost-effective screening policy (or policies) from a societal

Table 10. Health state utilities used to compute QALYs saved
(Tosteson et al., 2008)

Health state

Health state utilities Healthy In situ Local Regional Distant

Age range 60–69 0.81 0.73 0.73 0.61 0.49
Age range 70–79 0.77 0.69 0.69 0.58 0.46
Age range 80+ 0.72 0.65 0.65 0.54 0.43

Table 11. Exam costing information (in 2012 dollars)

Distribution Parameters

Screening costs
Film Lognormal μ = 83.6, σ = 8.61,

min (offset) = 71
Digital Lognormal μ = 146, σ = 18.8,

min (offset) = 121
Diagnostic imaging costs

Film Lognormal μ = 89, σ = 8.24,
min (offset) = 75

Digital Lognormal μ = 137, σ = 14.6,
min (offset) = 114

Ultrasound Lognormal μ = 99.6, σ = 11.4,
min (offset) = 83

MRI Constant 787.13
Additional work-up costs

FNA Pearson 6 β = 739.5, p = 3.03,
q = 29.2,
min (offset) = 457

CNB (ultrasound
guided)

Pearson 6 β = 4872.7, p = 3.04,
q = 115.4,
min (offset) = 706

CNB (mammography
guided)

Constant 946.51

CNB (MRI guided) Constant 1044.54
CNB (palpation

guided)
Constant 351.26

Open biopsy (needle
localization)

Constant 2061.01

Open biopsy
(palpation guided)

Constant 1699.06

Note: μ is the overall mean cost of each procedure, min is the minimum
value.

perspective for women of age 65+, we use data for Medi-
care reimbursement rates to determine the costs of exams
and treatment. In addition, to separately monitor the costs
of screening exams, diagnostic exams, workup exams, and
treatment, we monitor the total cost incurred during the
periods 2001–2011 and 2012–2020 together with the costs
incurred by mammographic and clinical detection of breast
cancer. To perform a cost-effectiveness analysis, we com-
pute the present value (i.e., the value in 2012 dollars) of the
total cost for each year during the period 2001–2020 using
an interest rate of 5%.

Our costing data are derived from two sources. The pri-
mary source is the Medicare reimbursement database (U.S.
Department of Health and Human Services, 2012), which
gives the costs of many procedures according to geographic
location. We used the Stat::Fit software (Geer Mountain
Software Corporation, 2012) to fit an appropriate probabil-
ity distribution to each of the available data sets. The details
of the distribution-fitting process, including goodness-of-
fit statistics, are presented in the Online Supplement and
in Appendix D of Tejada (2012). For procedures with no
available data, we used the costs listed in Tosteson et al.
(2008). To represent the costs of screening, diagnostic, and
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Breast cancer screening for older women 715

Table 12. Treatment costing information by health state and treat-
ment phase (Tosteson et al., 2008)

Health state
Treatment costs
(in 2005 dollars) Healthy In situ Local Regional Distant

Initial treatment — 14 510 18 470 20 920 0
Ongoing treatment — 1510 1630 2430 4980
Terminal treatment — 15 400 20 530 27 880 25 560

Total — 31 420 40 630 51 230 30 540

additional workup procedures, Table 11 summarizes the
following: (i) the distributions fitted to the data sets from
the Medicare reimbursement database; and (ii) the con-
stant costs estimated by Tosteson et al. (2008). Because the
Medicare reimbursement rate has been fairly constant for
these exams over the last 5 years, we did not adjust these
costs by an interest factor as we did for treatment costs.

For our modeling purposes, it is convenient to define
treatment costs by stage of treatment and by the stage of
breast cancer at the time of diagnosis. These treatment costs
expressed in 2005 dollars are given in Table 12.

Treatment costs and reimbursement rates can be ex-
pected to increase as new and improved treatments become
available. To account for this increase in the costs of treat-
ment, these costs are multiplied by the ratio of the Medical
Consumer Price Index (MCPI) for the year in which treat-
ment is given divided by the MCPI for 2005 (the year these
costs were estimated), yielding

TreatmentCost(CurrentYear)

= TreatmentCost(2005) ×
[

MCPI(CurrentYear)
MCPI(2005)

]
. (2)

Data on the MCPI were obtained from the online database
of the Bureau of Labor Statistics (U.S. Department of La-
bor, 2012). Data are available back to 1935, and we fitted a
second-degree polynomial model to this data set (adjusted
R2 = 0.9913) to predict the MCPI for the period 2012–2020.

With information about both cost and QALYs for both
mammographic and clinical detections during the peri-
ods 2001–2011 and 2012–2020, we calculate the cost-
effectiveness ratio “average cost per QALY saved” for each
year in the screening-and-treatment simulation and for each
method of detection. The most important of the perfor-
mance measures is average cost per QALY saved for mam-
mographic detections between 2012 and 2020.

3. Combined DES/SD model of U.S.
screening-and-treatment system

The remainder of this article describes the development of
the screening-and-treatment simulation model, including
a detailed discussion of all the key assumptions and a de-
scription of each of the interacting submodels. First, we dis-

cuss the DES submodel, with its emphasis on the detailed
behavior of each individual woman in the simulated popu-
lation; then we discuss the population-level SD submodel
and how the two submodels exchange information and in-
teract while running simultaneously. Lastly, we present the
results of using the screening-and-treatment simulation to
identify cost-effective or life-saving screening policies; and
we examine those results in detail. Methods for calibration
and validation of the screening-and-treatment simulation
are developed in a follow-up article (Tejada et al., 2013a).

3.1. Structure and operation of the screening-and-treatment
simulation

The purpose of the SD submodel is to represent population-
level elements of the screening process, specifically those
factors influencing adherence to a given screening policy.
It may have been possible to capture these effects using a
pure DES approach, but the increased computational com-
plexity of such an approach would have caused excessive
run times and thus would have prevented us from effec-
tively using simulation optimization techniques to identify
promising screening policies. Adherence to a screening pol-
icy is based on a number of factors, some at the population
level, such as the amount of congestion at screening facili-
ties, and others at the individual level, such as the presence
of other comorbid diseases in each woman.

Figure 3 shows the combined DES/SD causal loop
diagram for the screening-and-treatment simulation. The
top half of the figure displays characteristics of individual
women, which are represented as attributes of the associ-
ated entities in the DES submodel; and the bottom half of
the figure displays characteristics of the population, which
are represented by state variables in the SD submodel.

The SD and DES submodels are related through the
following: (i) a logistic regression equation for predicting
nonadherence to breast cancer screening as a function of
key attributes of each individual woman; (ii) the “primary
state variables” that directly affect the key attributes in (i);
and (iii) “hybrid state variables” that directly affect the op-
eration of the DES submodel. In the causal loop diagram,
if component A affects component B, then there is an ar-
row originating at A and terminating at B (A→B). There
is also a direction of influence, positive or negative, that
is associated with each arrow. A positive influence means
that if the state variable associated with component A in-
creases, then the state variable associated with component
B increases (A→+B). Negative influence means that if the
state variable associated with component A increases, then
the state variable associated with component B decreases
(A→−B).

To model adherence for each woman in the simu-
lated population, Gierisch et al. (2010) formulate a lo-
gistic regression equation for predicting the probability
that a woman will not attend a scheduled screening ap-
pointment as a function of the relevant population-level
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716 Tejada et al.

Fig. 3. Combined DES/SD causal loop diagram.

characteristics as well as the relevant patient-specific at-
tributes. As explained in Section 3.4, we added an addi-
tional factor, screening interval, to the Gierisch logistic re-
gression equation; and based on discussions with our breast
cancer experts, we assumed that nonadherence to screening
decreases as the screening interval decreases.

After finalizing the logistic regression equation for non-
adherence, we formulated an SD submodel representing

elements of the screening process at the population level.
First, we identified the primary state variables directly af-
fecting the attributes of each individual woman that are
predictor variables in the logistic regression equation for
nonadherence; and then we identified other intermediate
state variables that could potentially affect those attributes.
Some state variables are user inputs, and intermediate state
variables are functions of some of the user-assigned state
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Breast cancer screening for older women 717

variables or other state variables. Hybrid state variables are
defined at the population level but are directly linked to
individuals. For example, the probability of a false-positive
mammogram is defined for the entire population, but it
also depends on the attributes of each individual woman as
specified in Table 4. Moreover, yearly additive changes in
the probability of a false-negative mammogram depend on
the intermediate state variable that represents the current
level of screening technology as explained in the paragraph
following Equation (11). All primary, hybrid, and interme-
diate state variables are updated on an annual basis in the
simulation. These state variables are described in detail in
the next section, which focuses on the linkage between the
DES and SD submodels.

3.2. State variables in the SD submodel

Beyond the attributes of each individual woman that were
established in the natural-history simulation model and
then transmitted to the screening-and-treatment simula-
tion model, the latter incorporates some new individual
attributes into its DES submodel as well as all the state
variables required for its SD submodel. The following sec-
tion explains these attributes and state variables, including
their units, lower bounds, and upper bounds.

3.2.1. User-specified state variables
Four of the state variables in the SD submodel are user
inputs. The user can adjust these state variables through
the user interface and control them to an even greater
extent via the logic of the SD submodel. The number
of screening facilities, represented by the state variable
NumOfFacilities(t), is fixed for each year t in the range
2001–2011, but the user can control the trend in the
number of facilities (increasing, slightly increasing, con-
stant, slightly decreasing, or decreasing) over the period
2012–2020. Similarly, the user can control future trends
in the aggregate capacity of these screening facilities, rep-
resented by the state variable CapacityOfFacilities(t) ex-
pressed as the total number of mammograms per year that
can be performed by all the facilities. The state variable
describing the level of advertising for breast cancer screen-
ing, PublicAds(t), can be assigned the values 1, 2, or 3
by the user for each year in the period 2001–2020. The
state variable describing the level of breast cancer research,
BCResearch(t), can also be assigned the values 1, 2, or 3
by the user for each year in the period 2001–2020. A full
discussion of each of these state variables is provided in the
Online Supplement and in Tejada (2012).

3.2.2. Intermediate state variables
State variables that are not inputs specified by the user and
are not directly linked to adherence are considered to be in-
termediate state variables. The intermediate state variables

may be functions of user inputs or other intermediate state
variables. In turn, intermediate state variables may influ-
ence hybrid state variables that alter the operation of the
DES submodel, or they may influence primary state vari-
ables that directly affect adherence. For example, the aver-
age distance to a screening facility is a function of the num-
ber of screening facilities in the United States. The average
level of congestion at screening facilities is a function of the
demand for screening, the number of facilities, and the aver-
age capacity of those facilities. The average time to get test
results, in days, is a function of the intermediate state vari-
ables for screening technology and the average level of con-
gestion at screening facilities. Finally, appointment avail-
ability is a function of the congestion at screening facilities.
Formal definitions of all intermediate state variables can be
found in the Online Supplement and in Tejada (2012).

Average distance to a screening facility: Using a facil-
ity location optimization routine developed by Bucci et al.
(2007), we estimated the average distance to a screening
facility, in miles, as a function of the number of facilities
in the United States. The optimization routine was run us-
ing between 500 and 20 000 facilities in increments of one
facility to account for all possibilities. Then, a polynomial
was fitted to these data points, enabling rapid estimation of
the average distance to a facility as a function of the total
number of facilities (adjusted R2 = 0.989). The intermedi-
ate state variable DistanceToFacilities(t) is computed as a
function of NumOfFacilities(t) as follows:

DistanceToFacilities(t)
= 1.447 × 10−23 [NumOfFacilities(t)]6

− 9.966 × 10−19 [NumOfFacilities(t)]5

+ 2.715 × 10−14 [NumOfFacilities(t)]4

− 3.721 × 10−10 [NumOfFacilities(t)]3

+ 2.712 × 10−6 [NumOfFacilities(t)]2

− 1.039 × 10−2[NumOfFacilities(t)]
+ 22.892 miles. (3)

Level of congestion at screening facilities: The interme-
diate state variable representing the level of congestion at
screening facilities, CongestionAtFacilities(t), is intended
to reflect how crowded screening facilities may become
with the aging of the U.S. female population. Waiting
time is a commonly used measure of congestion. However,
the computational complexity of having each individual
woman queue up at a screening facility would cause the
screening-and-treatment simulation to have extremely long
run times, making optimization routines difficult to apply.
Thus, we chose to represent the average waiting time on
an aggregate population level. In each year t of the sim-
ulation, we know the following: the number of screening
facilities, NumOfFacilities(t); the average service rate of
these facilities, ServiceRatePerFacility(t); and the number
of women who received a mammogram in the simulation
during the previous year, NumberOfMammograms(t − 1).
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718 Tejada et al.

To estimate DemandforScreening(t), the total demand for
mammography in the entire U.S. female population during
year t, we perform the following steps: (i) we multiply by
1000 the number of women in the simulated population
who received a mammogram in year t − 1 to estimate the
number of women of age 65+ in the U.S. population who
received a mammogram in year t − 1; (ii) we use a regres-
sion equation to predict the proportion of individuals in
the entire U.S. female population who will be of age 65+
during year t; and (iii) we divide result of step (i) by the
result of step (ii) to obtain DemandforScreening(t). To per-
form step (ii), we fitted a linear regression equation to the
proportion of individuals in the entire U.S. female popula-
tion who were of age 65+ during each year t in the period
2004–2010 (adjusted R2 = 0.909). The resulting predictions
are given in Table 13 along with ScaleFactor(t), which is the
inverse of the result of step (ii) for year t.

To estimate λ(t), the average hourly arrival rate for each
facility during business hours in year t, we assumed that
the demand for mammograms is uniformly distributed
across all facilities and that each facility operates 8 hours
per day for 250 days per year. To initialize the screening-
and-treatment simulation, we assumed that for year t =
2000 the demand for screening in the simulated popula-
tion would have been NumberOfMammograms(t) = 9600.
Based on these assumptions, we developed the follow-

Table 13. Scale factor used to predict total annual demand for
mammograms

Total U.S. U.S. female 65+ Scale
female U.S. female 65+ pop. as % of tot. Factor×

Year (t) population population U.S. female pop. 1000

2000 143 713 409 20 497 892 14.26 7011.13
2001 145 083 005 20 590 658 14.19 7046.06
2002 146 390 096 20 686 951 14.13 7076.45
2003 147 649 491 20 838 602 14.11 7085.38
2004 148 908 065 20 981 785 14.09 7097.02
2005 150 192 384 21 180 464 14.10 7091.08
2006 151 532 510 21 418 004 14.13 7075.01
2007 152 967 793 21 736 924 14.21 7037.23
2008 154 300 620 22 195 107 14.38 6952.01
2009 155 557 060 22 569 111 14.51 6892.48
2010 156 521 091 22 905 024 14.63 6833.48
2011 157 509 714 23 409 500 14.68∗ 6812.21
2012 23 913 500 14.78∗ 6767.86
2013 24 456 200 14.87∗ 6724.10
2014 25 070 900 14.97∗ 6680.89
2015 25 744 300 15.06∗ 6638.24
2016 26 446 100 15.16∗ 6596.12
2017 27 237 700 15.26∗ 6554.54
2018 28 102 300 15.35∗ 6513.48
2019 29 033 600 15.45∗ 6472.93
2020 30 090 700 15.55∗ 6432.88

∗Values were estimated from the regression equation for the percentage
of all US women who are of age 65+.

ing method for approximating CongestionAtFacilities(t)
expressed in minutes. The Pollaczek–Khinchine formula
(Kelton et al., 2010) is used to compute the long-run av-
erage waiting time, which we take as our approximation
to CongestionAtFacilities(t) on the assumption that in
each year t, every screening facility rapidly achieves nearly
steady-state operating conditions. Let the random variable
S denote the service time (i.e., the time to perform a mam-
mogram) expressed in hours, and let μS = E[S]. We assume
that S ∼ Uniform(0.9μS, 1.1μS) hours. In some years, it
is possible for the arrival rate to exceed the service rate,
and in these situations the Pollaczek–Khinchine formula
is inapplicable. To adjust for this possibility, we limit the
maximum value of congestion to 100 minutes so that we
have

DemandforScreening(t)
= NumberOfMammograms(t − 1)

× 1000 × ScaleFactor(t) patients/year, (4)
DemandPerFacility(t)

= DemandforScreening(t)/[2000
× NumOfFacilities(t)] patients/hour, (5)

λ(t) ≡ ArrivalRatePerFacility(t)
= DemandPerFacility(t) patients/hour, (6)

ServiceRatePerFacility(t)
= CapacityOfFacilities(t)/2000 patients/hour, (7)

MeanServiceTimePerFacility(t)
= [ServiceRatePerFacility(t)]−1 = E [S]
= μS hours, (8)

σ 2
S = Var[S] = [(0.2μS)2

/12] = 0.0033μ2
S hours2

, (9)
CongestionAtFacilities(t)

= min
{

60λ(t)
{

σ 2
S + μ2

S

2 [1 − λ(t)μS]

}
, 100

}
minutes.

(10)

Note that DemandPerFacility(t) is the average hourly de-
mand per facility for mammograms by the entire popula-
tion of U.S. women (and not merely women of age 65+) in
year t, and ServiceRatePerFacility(t) is the average number
of mammograms that can be performed hourly per facility
in year t.

Breast cancer screening technology: The dimension-
less intermediate state variable for screening technology,
ScreeningTechnology(t), can take on values between 0 and
1, with 0 representing extremely poor technology, 0.4 rep-
resenting technology in 2001, and 1 representing the most
advanced technology that is achievable by the year 2020 so
that we have the difference equation:

ScreeningTechnology(t) = ScreeningTechnology(t − 1)

+ BCResearch(t − 1)
100

. (11)

Screening technology is assumed to have an impact on the
probabilities of the following: (i) false-negative screening
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Breast cancer screening for older women 719

exams; and (ii) false positives for screening and diagnostic
exams. The hybrid state variables FalseNegPercent(t) and
FalsePosPercent(t) represent probabilities (i) and (ii), re-
spectively; and their corresponding base values are given
in Tables 4, 5, and 6. We assume that increases in screen-
ing technology will cause FalsePosPercent(t) to increase
and FalseNegPercent(t) to decrease, as seen over the last
10 years. In particular, additive yearly adjustments to
FalseNegPercent(t) and FalsePosPercent(t) are functions
of ScreeningTechnology(t); and each yearly adjustment has
a minimum value of 0.0 and a maximum value of 0.05.

The state of screening technology is also assumed to
affect survival after treatment. As technology improves,
survival after treatment will improve. Thus, we introduce
an additive yearly adjustment, TreatmentSurvivalAdj(t),
that represents the annual increase in a woman’s sur-
vival time, expressed in years, as a function of the
level of screening technology. We define another adjust-
ment factor, StageFactor, that acts as a multiplier for
TreatmentSurvivalAdj(t) based on the stage of cancer at
diagnosis. There will be less improvement in survival for
distant cancer than there will be for localized cancer, so
StageFactor and TreatmentSurvivalAdj(t) are defined as

StageFactor

≡
⎧⎨
⎩

1, if cancer stage at diagnosis is distant,
2, if cancer stage at diagnosis is regional,
3, if cancer stage at diagnosis is local,

(12)

TreatmentSurvivalAdj(t)
= [ScreeningTechnology(t) − 0.4] × StageFactor. (13)

Average time to get results: The time to get the results from
a screening mammogram can affect each woman’s satisfac-
tion with the screening process. We assume that the time
to get test results decreases as screening technology im-
proves, and it increases as screening facilities become more
congested. The intermediate state variable representing the
average time to get test results is expressed in days as

TimeToGetResults(t) = 5 + 15
[

CongestionAtFacilities(t)
100

]

+ 15 [1 − ScreeningTechnology(t)] days.

(14)

From Equation (10) we see that CongestionAtFacilities(t) is
in the interval [0, 100] minutes, and ScreeningTechnology(t)
is in the interval [0, 1]. Equation (14) is based on the follow-
ing assumptions: (i) in ideal circumstances the minimum
time to get results from a screening mammogram is 5 days;
(ii) an additional delay of up to 15 days can be caused by
congestion at the screening facility, and this delay is pro-
portional to the average level of that congestion; and (iii)
another additional delay of up to 15 days can be caused by
an inadequate level of screening technology, and this delay
is proportional to the complement of the current level of
screening technology.

Appointment availability: Appointment availability can
affect access to screening for each woman in the population.
We assume that appointment availability decreases as the
screening facilities become more congested. Appointment
availability is a dimensionless intermediate state variable
measured on a zero-one scale, where a value of 0 indicates a
significant delay in appointment availability, and a value of
1 indicates no significant delay in appointment availability.
All values between 0 and 1 represent different levels of
appointment availability as a function of the congestion at
screening facilities. Appointment availability is one of two
factors influencing access to screening, a primary SD state
variable. The expression for appointment availability is

AppointmentAvailability(t)

= 1 −
[

CongestionAtFacilities(t)
100

]
. (15)

The rationale for Equation (15) is that the magnitude of an
increase in appointment availability is proportional to the
magnitude of corresponding decrease in the average level
of congestion.

3.2.3. Primary state variables linked to adherence
Primary state variables directly affect the predictor vari-
ables used in the logistic regression equation for nonadher-
ence. The three primary state variables are the following:
(i) access to screening, denoted by Access(t); (ii) satisfac-
tion with the breast cancer screening process, denoted by
ScreenProcSat(t); and (iii) public breast cancer awareness,
denoted by PublicAwareness(t). Each of (i), (ii), and (iii)
is a dimensionless state variable measured on a zero-one
scale, with 0 being the worst possible value and 1 being the
best possible value.

Access to screening: This primary state variable is as-
sumed to increase as the average distance to facilities de-
creases and as appointment availability increases so that we
have

Access(t) =
{

0.5 −
[

DistanceToFacilities(t) − 6.395
45.435

] }

+ 0.5AppoinmentAvailability(t). (16)

Because NumOfFacilities(t) is in the interval [5000, 15 000],
we see from Equation (3) that lower and upper bounds
for DistanceToFacilities(t) are 6.395 miles and 51.83 miles,
respectively; thus, the term in square brackets on the right-
hand side of Equation (16) can take any value between 0.0
and 0.5. Therefore, Access(t) takes values in the interval [0,
1], with 0 being the worst possible value and 1 being the
best possible value.

Satisfaction with the screening process: The primary state
variable for screening process satisfaction is assumed to
decrease with increases in any of the following intermediate
state variables: the average distance to screening facilities,
congestion at the screening facilities, or the average time
to get screening results. The level of satisfaction with the
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720 Tejada et al.

screening process, ScreenProcSat(t), is defined as

ScreenProcSat(t) = 1 −
[

CongestionAtFacilities(t)/100
3

]

−
[

DistanceToFacilities(t) − 6.395
136.305

]

−
[

TimeToGetResults(t) − 5
90

]
. (17)

Note that because CongestionAtFacilities(t) is in the inter-
val [0, 100] minutes, DistanceToFacilities(t) is in the interval
[6.395, 51.83] miles, and TimeToGetResults(t) is in the in-
terval [5, 35] days, we see that ScreenProcSat(t) takes values
in the interval [0, 1], with 0 being the worst possible value
and 1 being the best possible value.

Public breast cancer awareness: The primary state vari-
able representing public awareness of breast cancer in the
population is assumed to increase with increases in either
the level of public advertising for breast cancer or the level
of breast cancer research according to the relation

PublicAwareness(t)

= [PublicAds(t − 1) + BCResearch(t − 1)] − 2
4

. (18)

Because both PublicAds(t − 1) and BCResearch(t − 1)
can only take the values 1, 2, or 3, PublicAwareness(t) takes
the values 0, 0.25, 0.5, 0.75, and 1, with 0 being the worst
possible value and one being the best possible value.

3.3. Individual attributes from the DES submodel

Recall that each individual woman in the simulated popu-
lation has her own specific set of attributes characterizing
her current health state at each point in time; and together
with the primary state variables, these attributes govern
the future evolution of her health during the course of the
simulation.

3.3.1. Attributes indirectly affecting adherence
The following attributes indirectly affect adherence by their
impact on the predictor variables in the Gierisch logistic re-
gression equation for predicting nonadherence: (i) age; (ii)
Body Mass Index (BMI); (iii) the number of other people
in the household; and (iv) the level of satisfaction with the
individual screening technician. Formal definitions of these
attributes along with detailed explanations of each can be
found in the Online Supplement and in Tejada (2012).

3.3.2. Attributes directly affecting adherence
The following attributes of each woman are predictor vari-
ables in the logistic regression equation of Gierisch et al.
(2010): (i) presence of comorbidities; (ii) satisfaction with
the screening process; (iii) number of perceived barriers
to screening; (iv) intention to adhere to the screening pol-
icy; and (v) number of screening appointments kept out of
the last two scheduled appointments. The presence of co-

morbidities, an attribute representing the woman’s health
status, is a function of age and BMI. Satisfaction with the
screening process is a function of the woman’s satisfaction
with her individual screening technician and her satisfac-
tion with the overall screening process. The number of per-
ceived barriers to screening is a function of the woman’s
household size, health status, and her access to screening.
The woman’s intention to adhere to the screening policy
is a function of her satisfaction with the screening process,
her number of perceived barriers, and the level of public
awareness of breast cancer in the population. Finally, a
highly significant factor in the Gierisch logistic regression
equation is the number of times a woman adhered to the
given screening policy out of the last two screening oppor-
tunities. Formal definitions of all these variables along with
detailed explanations of each can be found in the Online
Supplement and Tejada (2012).

3.4. Gierisch logistic regression equation for nonadherence:
link between DES and SD submodels

The logistic regression equation of Gierisch et al. (2010)
was estimated using data from Personally Relevant Infor-
mation about Screening Mammography (PRISM), a health
communication intervention study (DeFrank et al., 2009).
PRISM was a National Cancer Institute (NCI)–funded in-
tervention trial designed to enhance annual mammography
adherence. It was conducted from October 2003 to Septem-
ber 2008 as part of the NIH Health Maintenance Consor-
tium. The sampling frame for PRISM was female North
Carolina residents of ages 40 to 75 who were enrolled in
the North Carolina State Health Plan for Teachers and
State Employees for two or more years before sampling.
Gierisch et al. (2010) state that 80% of the women in this
study were of age 50+. After an extensive review of the rel-
evant literature, we concluded that this logistic regression
equation represents the most appropriate match to our sit-
uation. The response variable for this equation is binary,
with the values 0 and 1 respectively denoting adherence
and nonadherence to the relevant screening appointment.
The predictor variables or “covariates” are the categorical
variables presented in Table 14. As previously discussed,
for each woman in the simulated population these factors
are dependent on the relevant state variables as well as her
individual attributes.

Factors with a p-value less than 0.05 were judged to
be statistically significant and were therefore included in
the logistic regression equation. There were seven statisti-
cally significant risk factors: age, health status, satisfaction
with the screening process, number of perceived barriers
to screening, intention to adhere to screening, the number
times the woman has adhered to the screening policy out of
the last two scheduled appointments, and the screening in-
terval. However, because the given values for the age factor
were “under 50” and “over 50,” this factor was constant for
our designated population of women of age 65+ and thus
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Table 14. Characteristics of individuals directly affecting nonad-
herence (Gierisch et al., 2010)

Predictor(s)
Factor name
(description) Factor coding

x1 Comorbidity
(presence of
comorbidities)

x1 = 0 for no
x1 = 1 for yes

x2 MammSat
(satisfaction with
screening process)

x2 = 0 for not (or
somewhat) satisfied

x2 = 1 for mostly (or
totally) satisfied

x3, x4 NumOfBarriers
(number of perceived
barriers)

x3 = x4 = 0 for no
barriers

x3 = 1, x4 = 0 for one
barrier

x3 = 0, x4 = 1 for two
or more barriers

x5 IntentToAdhere
(intention to adhere to
screening policy)

x5 = 0 for no
x5 = 1 for yes

x6, x7 Last2Adherence
(number of times
adherent to screening
appointment of last 2
opportunities)

x6 = x7 = 0 for 0 of last
two appointments

x6 = 1, x7 = 0 for one
of last two
appointments

x6 = 0, x7 = 1 for two
of last two
appointments

xj , j =
8, . . . , 12

ScreeningInterval
(indicator for a
screening interval of
j − 7 = 1, 2, 3, 4, or
5 years)

xj = 0 for no
xj = 1 for yes

was not relevant for our purposes. The following risk fac-
tors were not statistically significant: race, education level,
marital status, perceived financial situation, family history
of breast cancer, doctor recommendation for mammogram
within the last year, attitude about mammography, and per-
ceived risk of getting breast cancer.

Let pNAD denote the probability of nonadherence to the
current screening appointment given the values of the cat-
egorical variables {x1, x2, . . . , x12} for a specific woman. In
terms of the logit function, Logit(x) ≡ ln[x/(1 − x)] for
x ∈ (0, 1), we exploit the findings of Gierisch et al. (2010)
to conclude that Logit(pNAD) has a linear regression on
{x1, x2, . . . , x12}:

LNAD = Logit( pNAD) = ln
(

pNAD

1 − pNAD

)
= β0 +

12∑
j=1

β j xj .

(19)

From Equation (19), we see that

pNAD = exp(LNAD)
1 + exp(LNAD)

= 1
1 + exp(−LNAD)

. (20)

Finally, we obtain the desired estimate of pAD, the
probability of adherence, from the relation pAD = 1 −
pNAD. The estimates of the regression coefficients {β j :
j = 0, 1, . . . , 12} are given in Table 4 of the Online
Supplement.

4. Results and discussion

4.1. Performance comparison of screening policies

In this section we summarize the results of comprehensive
experiments with the screening-and-treatment simulation
model to compare the performance of alternative breast
cancer screening policies over the period 2012–2020. To
make a convincing case that the simulation-generated re-
sults for the period 2012–2020 are a valid representation of
what can be expected to happen in the near future under
each alternative screening policy, we validated the output
of the screening-and-treatment simulation for the period
2001–2011 against SEER breast cancer data for the latter
time period. Because of space limitations, the results of this
validation are presented in the Online Supplement to this
article and in Tejada (2012). A more extensive validation
scheme for large-scale stochastic multi-response simulation
models is the subject of a follow-up article (Tejada et al.,
2013a).

With the help of our breast cancer experts, we chose
five performance measures as the most important, and we
ranked each policy in terms of those criteria (with rank
one denoting the best policy). The five most important
performance measures are—

• M1: number of breast cancer deaths during the period
2012–2020;

• M2: number of QALYs saved by screening during the
period 2012–2020;

• M3: percentage of cancers diagnosed in the distant stage
during the period 2012–2020;

• M4: cost/QALY saved by screening during the period
2012–2020;

• M5: the total cost of false positive exams and benign
biopsies during the period 2012–2020.

Preventing deaths from breast cancer is the primary ob-
jective of screening, and we argue that the number of lives
saved (or its complement M1) is the most important per-
formance measure for a screening policy. Similarly, M2 (the
number of QALYs saved) is important because it measures
not only the years of life saved but also the quality of those
additional years of life accumulated over the entire pop-
ulation. The cost-effectiveness of a screening policy (e.g.,
M4) gauges how much we are paying to save one life-year
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722 Tejada et al.

or one QALY. Another critical performance measure is M3,
the percentage of cancers diagnosed in the distant stage
because the associated women are not likely to live long,
and their quality of life will be poor. The total cost of false
positives M5 is also important, but it is arguably less impor-
tant than M1, M2, or M4. Moreover, M5 fails to measure
the full impact of false positives in terms of the following:
(i) the emotional distress suffered by individual women who
receive a false-positive diagnosis; (ii) the increased difficulty
of identifying breast cancers in the future owing to previ-
ous unnecessary incisions in a woman’s breasts that were
based on false-positive tests; and (iii) the adverse effect
on a woman’s future adherence to a given screening pol-
icy because of her past experience of (i) and (ii). Clearly,
an area for future work is the formulation of a widely
accepted, comprehensive measure of the effect of false
positives.

In scenarios involving different overall objectives, we
sought to optimize the corresponding performance mea-
sure as the basis for identifying the “best” breast cancer
screening policy from a set of alternative policies. There-
fore, we solved the following three stochastic optimization
problems—

• S1: Minimize M4 (cost/QALY saved) subject to the fol-
lowing constraints: (i) all screening intervals (including
low- and high-risk patients) are restricted to 1, 2, 3, 4, or
5 years; and (ii) the stopping age is restricted to 70, 75,
80, 85, 90, 95, or 100 years.

• S2: Minimize M1 (breast cancer deaths) subject to the
following constraints: (i) M4 ≤ $50 000; (ii) all screening
intervals (including low- and high-risk patients) are re-
stricted to 1, 2, 3, 4, or 5 years; and (iii) the stopping age
is restricted to 70, 75, 80, 85, 90, 95, or 100 years.

• S3: Maximize M2(QALYs saved) subject to the following
constraints: (i) M4 ≤ $50 000; (ii) all screening intervals
(including low- and high-risk patients) are restricted to
1, 2, 3, 4, or 5 years; and (iii) the stopping age is restricted
to 70, 75, 80, 85, 90, 95, or 100 years.

OptQuest for Arena (Kelton et al., 2010) was used to iden-
tify the five best screening policies for each problem; then
paired Student’s t-tests were performed to identify the pol-
icy or group of policies that can be declared statistically
best in terms of the associated performance measure.

Each experiment with the screening-and-treatment sim-
ulation consists of 10 independent runs and generates a
full set of results, including: (i) the percentage of women
treated; (ii) tables with yearly values for each state variable
and system performance measure; (iii) tables with yearly av-
erage values for individual characteristics of interest; and
(iv) tables of breast cancer incidence and death rates for
each year in the time horizon. The simulation output also
includes graphs of the following: (i) the stage distribution
at diagnosis; (ii) the total cost and a breakdown of costs by
type of procedure and method of detection; and (iii) total
life-years saved and QALYs saved by method of detection.

See the Online Supplement to this article or Tejada (2012)
for complete experimental results.

When the objective for the period 2012–2020 is to min-
imize breast cancer deaths (problem S2) or to maximize
QALYs saved (problem S3), among the thousands of poli-
cies tested we found that the following five screening poli-
cies were best (where all policies have a starting age of
65 years)—

• P1: Annual screening stops at age 80.
• P2: Annual screening stops at age 75.
• P3: Annual screening for the top 10% in terms of risk,

biennial screening for all others, and screening stops for
everyone at age 80.

• P4: Annual screening for the top 5% in terms of risk,
biennial screening for all others, and screening stops for
everyone at age 80.

• P5: Biennial screening stops at age 80.

As elaborated in Tejada et al. (2013b), existing breast can-
cer screening guidelines for women of age 65+ are lim-
ited and conflicting. However, two guidelines have received
widespread recognition: (i) the recommendation of the
American Cancer Society (2013) that as long as a woman
of age 40+ is in good health, she should receive annual
screening; and (ii) the recommendation of the U.S. Pre-
ventive Services Task Force (2009) that a woman should
receive biennial screening from age 50 to age 74 (including
the latter age), and that the current evidence is insufficient
to assess the additional benefits and harms of screening
mammography in women of age 75+. Hence, in addition
to screening policies P1 through P5, our simulation-based
performance evaluation includes the following policies:

• ACS: annual screening for all women of age 65+;
• USP: biennial screening with a starting age of 65 and a

stopping age of 75 (so that screening occurs at ages 66,
68, 70, 72, and 74).

For problem S2 (minimize breast cancer deaths), Ta-
bles 15 to 21 summarize the results (i.e., the sample averages
across 10 replications) for the main performance measures
accumulated over the simulated population, whose size is
0.1% of the size of the population of U.S. women of age
65+. Thus, the tabulated results must be multiplied by 1000
to yield comparable estimates for the latter population.

Tables 20 and 21 summarize the results for each of the
top-five screening policies as well as the current guidelines
ACS and USP. These tables include the estimated mean
values for each of the five primary performance measures
and the associated ranking of each policy with respect to
each performance measure. Note that the sum of ranks pro-
vides a rough overall measure of the performance of each
screening policy when the five main performance measures
are taken into account simultaneously. Based on our re-
view of Tables 15 to 21, we concluded that in terms of
breast cancer deaths, QALYs saved, and percentage of can-
cers diagnosed in the distant stage, the best alternative was
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Table 15. Costs (in 2012 dollars) by category to minimize breast cancer deaths for the period 2012–2020

Screening Diagnostic Workup Treatment Screening Clinical
Total cost costs costs costs costs detection costs detection costs

Policy 2012–2020 2012–2020 2012–2020 2012–2020 2012–2020 2012–2020 2012–2020

P1 73 871 989 13 818 437 1 403 141 8 498 993 50 151 418 54 585 555 19 286 434
P2 64 630 052 11100 992 1 142 652 7 131 725 45 254 682 41 359 916 23 270 136
P3 58 379 652 7 488 264 837 933 4 491 572 45 561 883 34 274 620 24 105 032
P4 58 523 752 7 464 261 839 506 4 481 955 45 738 030 34 409 344 24 114 408
P5 57 951 121 7 211 453 816 825 4 364 475 45 558 368 33 417 311 24 533 810
ACS 87 300 774 17 597 149 1 749 701 10 423 281 67 630 642 73 968 366 13 332 408
USP 53 243 627 6 112 750 702 163 3 813 629 42 615 385 25 989 283 27 254 344

Table 16. Life-years saved and cost (in 2012 dollars) per life-year saved by category to minimize breast cancer deaths for the period
2012–2020

Life-years Life-years Life-years Cost per Cost per life-year Cost per life-year
saved saved screening saved clinical life-year saved saved screening saved clinical

Policy 2012–2020 2012–2020 2012–2020 2012–2020 2012–2020 2012–2020

P1 2985.1 2084.4 900.7 24 764 26 244 21 453
P2 2949.9 1931.1 1018.8 21 915 21 469 22 965
P3 2531.5 1335.9 1195.6 23 105 25 835 20 326
P4 2519.4 1320.6 1198.8 23 274 26 249 20 279
P5 2536.2 1172.5 1363.7 22 908 24 579 21 099
ACS 3106.1 2246.4 859.7 28 154 32 995 15 659
USP 2482.1 1253.8 1228.3 21 488 20 782 22 268

Table 17. QALYs saved and cost (in 2012 dollars) per QALY saved by category to minimize breast cancer deaths for the period
2012–2020

QALYs saved QALYs saved Cost per Cost per QALY Cost per QALY
QALYs saved screening clinical QALY saved saved screening saved clinical

Policy 2012–2020 2012–2020 2012–2020 2012–2020 2012–2020 2012–2020

P1 1626.7 1139.9 486.8 45 443 47 990 39 704
P2 1608.4 1058.2 550.2 40 196 39 182 42 547
P3 1375.5 729.4 646.1 42 527 47 320 37 632
P4 1368.9 721.3 647.6 42 841 48 062 37 563
P5 1379.1 744.3 634.8 42 134 45 030 39 001
ACS 1694.5 1227.2 467.3 51 614 60 402 28 826
USP 1351.4 686.5 664.9 39 467 37 952 41 150

Table 18. False-positive costs (in 2012 dollars) by category to minimize breast cancer deaths for the period 2012–2020

False- False-positive False-positive Benign False-negative
positive costs screening costs diagnostic costs workup costs screening exams

Policy 2012–2020 2012–2020 2012–2020 2012–2020 2012–2020

P1 10 042 405 1328 487 1304 189 7409 729 497
P2 8271 523 1078 315 1054 809 6138 400 370
P3 5009 230 769 862 748 747 3490 621 307
P4 4995 410 768 036 749 798 3477 576 302
P5 4826 113 744 535 727,807 3353 771 279
ACS 12 424 720 1669 799 1625 825 9139 057 715
USP 4130 990 634 561 618 978 2877 451 226
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Table 19. Cancer deaths, stage distribution, and method of detection to minimize breast cancer deaths for the period 2012–2020

Cancer Stage at diag. Stage at diag. Stage at diag. Screening Clinical Benign
deaths local % regional % distant % detection % detection % biopsy % for

Policy 2012–2065 2012–2020 2012–2020 2012–2020 2012–2020 2012–2020 2012–2020

P1 538.4 37.5 39.0 23.5 57.9 42.1 87.4
P2 552.8 29.6 42.2 28.2 44.9 55.1 86.2
P3 563.1 28.2 41.7 30.1 43.8 56.2 77.9
P4 564.4 28.1 42.0 29.9 44.0 56.0 77.7
P5 560.8 27.7 41.8 30.5 43.0 57.0 77.1
ACS 536.0 47.3 34.4 18.3 76.5 23.5 88.0
USP 560.3 22.4 42.1 33.5 33.5 66.5 75.4

policy P1 (i.e., annual screening with a starting age of 65
and a stopping age of 80). Although policy P1 ranked third
in cost-effectiveness and last in cost of false positives, these
measures were judged to be less important; and from a prac-
tical standpoint we did not feel the negative impact on lives
saved that would result by switching from policy P1 to pol-
icy P2 (i.e., annual screening starting at age 65 and stopping
at age 75) was justified by the increase in cost-effectiveness
or by the decrease in the cost of false positives that would
result from such a switch. For example, from Table 20 we see
that on average there were 14.4 fewer cancer deaths with
policy P1 compared with policy P2; however, because we
are only simulating 0.1% of the designated population of
U.S. women of age 65+, this translates into an estimate of
14 400 fewer cancer deaths for the designated population
over the period 2012–2065. We considered the latter re-
sult to be strong evidence that policy P1 was preferred in
comparison with policy P2.

When comparing policies P1 through P5 with the current
guidelines ACS and USP, we concluded that although the
USP policy was the most cost-effective and had the lowest
cost of false positives, it compared unfavorably with policy
P1 in terms of saving lives. The ACS policy was superior to
all the other policies in terms of saving life; however, it com-
pared unfavorably with policy P1 in terms of cost/QALY
saved, and the cost of false positives. We concluded that pol-
icy P1 was the most effective compromise between policies
ACS and USP.

See the Online Supplement and Tejada (2012) for a com-
plete discussion of the paired-sample Student’s t-tests that
we used in the context of simulation optimization problem
S2 to perform pairwise comparisons of policies P1 through
P5 with respect to performance measures M1 through M5
using information from each of the 10 simulated popula-
tions of U.S. women of age 65+.

Remark 1: In the context of simulation optimization
problem S1 (minimize cost/QALY saved), the most cost-
effective screening policy was found to be the following—

• P6: Annual screening for the top 5% in terms of risk,
screening every 4 years for all others, and screening stops
for everyone at age 70.

Under policy P6 we estimated that E[M4] ≈ $37 786, which
is 21% less than the average cost/QALY saved under policy
P1. On the other hand, we estimated that under P1 on aver-
age 42 800 fewer deaths would be caused by breast cancer
in the designated population during 2012–2065 when P1
was compared with P6. Moreover, under P6 we estimated
that E[M3] ≈ 44%, which we judged to be an unacceptably
high percentage of breast cancers diagnosed in the distant
stage. After reviewing with our experts the results of this
policy and other policies with similar cost-effectiveness, we
realized that simply finding the most cost-effective policy
was not equivalent to finding the “best” policy to use for
women of age 65+.

Table 20. Top-five policies ranked in terms of top-five performance measures for minimizing breast cancer deaths (costs in 2012
dollars), part I

Rank by cancer Rank by QALYs QALYs saved Rank by %
deaths for Cancer deaths saved screening screening distant stage % Distant stage

Policy 2012–2065 2012–2065 2012–2020 2012–2020 2012–2020 2012–2020

P1 2 538.4 2 1139.9 2 23.5
P2 3 552.8 3 1058.2 3 28.2
P3 6 563.1 5 729.4 5 30.1
P4 7 564.4 6 721.3 4 29.9
P5 5 560.8 4 744.3 6 30.5
ACS 1 536.0 1 1227.2 1 18.3
USP 4 560.3 7 686.5 7 33.5
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Table 21. Top-five policies ranked in terms of top-five performance measures for minimizing breast cancer deaths (costs in 2012
dollars), part II

Rank by cost/QALY Cost/QALY Rank by cost of Cost of false
saved screening saved screening false positives positives Sum of

Policy 2012–2020 2012–2020 2012–2020 2012–2020 ranks

P1 5 47 990 6 10 042 405 17
P2 2 39 182 5 8271 523 16
P3 4 47 320 4 5009 230 24
P4 6 48 062 3 4995 410 26
P5 3 45 030 2 4826 113 20
ACS 7 60 402∗ 7 12 424 720 17
USP 1 37 952 1 4130 990 20

∗Cost-effectiveness constraint not met.

4.2. Limitations of the study

The screening-and-treatment simulation model has the fol-
lowing limitations:

1. The model is only applicable to the designated popula-
tion of U.S. women of age 65+.

2. All risk factors aside from age, including family history
of breast cancer and BMI, were assumed to remain con-
stant over time. This may not be true of all risk factors
for all women in the designated population.

3. As detailed in Tejada (2012), we assumed a Markov
chain model for the progression over time of an
individual woman’s attribute for the presence of
comorbidities—i.e., her health status in the next year
is assumed to depend only on her age and health status
at the current time. In fact, her future health may also
depend on other key medical and socioeconomic vari-
ables; and this dependence may extend to several years
in the past.

4. We used expert opinion to determine the probability
of a woman being treated for breast cancer based on
her age and health status as summarized in Table 9.
Moreover, in the screening-and-treatment simulation,
we simply make a treat or no-treat decision without
attempting to account for the type of treatment to be
given or the impact of that treatment on the woman’s
survival time; instead, we sample her remaining lifetime
from the relevant SEER-based distribution of a treated
individual’s time until death given the cancer stage at
diagnosis as depicted in Fig. 2. We used this approach
because detailed data on survival by type of treatment
were not readily available from the literature or other
sources.

5. We simplified the SD submodel by using several dimen-
sionless intermediate state variables that take values in
[0, 1]. We also used simple inputs for breast cancer adver-
tising and research (low, medium, and high). What these
levels actually mean may be subject to interpretation;
however, the goal of the model is to determine the dif-
ferences between scenarios, so it is valid to consider the

relative difference between a low and high level of breast
cancer research. The strategy for causing a shift in those
input levels may prove to be complicated; and in the
absence of detailed information about the mechanism
governing changes in these state variables, we chose to
use a minimum-information approach to modeling such
changes.

6. The precise functional forms of the interdependencies
by which some state variables affect other state variables
and the attributes of individual women were not known
in all cases. Therefore, we made assumptions about these
relationships under the guidance of expert opinion when
the necessary information was not available.

5. Conclusions and recommendations

On the basis of extensive experimentation with the
screening-and-treatment simulation, we found that from
the perspectives of both practical and statistical signif-
icance, annual breast cancer screening for all women
with a starting age of 65 and a stopping age of 80 is
a superior screening policy for older women in terms of
achieving an effective compromise between the conflicting
objectives of maximizing lives saved and minimizing the
cost per QALY saved. Nevertheless, some policy makers
may not judge these performance measures to be the most
relevant in some contexts; and one of the primary features
of the screening-and-treatment simulation is its ability to
evaluate alternative screening policies in terms of almost
any relevant performance measure. Thus, others can re-
view full sets of results generated by this simulation and
make decisions about which screening policy they consider
to be the best, and they will have numerical evidence from
a statistically validated simulation model to support their
perspective.

Many researchers and practitioners working at the
interface between computer simulation and health care
systems engineering have strongly supported the idea of
effectively integrating the DES and SD methodologies in
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large-scale health care simulations; and we believe that our
screening-and-treatment simulation can be regarded as
a template or guide for how future combined DES/SD
simulation models may be designed for other applica-
tion domains. In addition, the screening-and-treatment
simulation provides an approach to modeling a complex
disease and the screening and treatment of that disease in a
population when several disparate performance measures
are of nearly equal importance.

Among the principal directions for future work, special
attention should be given to the following options:

1. Developing a more accurate representation of each
woman’s attribute for the presence of comorbidities as
that attribute depends on her age, health status, and
other key medical and socioeconomic variables not only
at the current time but also in the past.

2. Developing a more accurate representation of the way in
which each woman’s risk factors for breast cancer such
as BMI and family history of breast cancer evolve over
time.

3. Developing more accurate representations of the types
of treatment for women who are diagnosed with breast
cancer and for the survival of those women after treat-
ment as that survival process depends on the type of
treatment and the stage of breast cancer at diagnosis.

4. Formulating a definitive measure of the total effect of
false-positive screening and diagnostic exams that can
be used to compare alternative screening policies.

Acknowledgements

We thank the Departmental Editor, the Associate Edi-
tor, and the referees for their thoughtful and constructive
comments.

Funding

Data collection for this work were supported by the
NCI-funded Breast Cancer Surveillance Consortium
co-operative agreement (U01CA63740, U01CA86076,
U01CA86082, U01CA63736, U01CA70013, U01CA
69976, U01CA63731, U01CA70040). The collection of
cancer data used in this study was supported in part by sev-
eral state public health departments and cancer registries
throughout the United States. For a full description of these
sources, please see: http://www.breastscreening.cancer.
gov/work/acknowledgement.html.

Supplemental Material

Supplemental data for this article can be accessed on the
publisher’s website.

References

American Cancer Society. (2013) Breast cancer: early detection.
Available at http://www.cancer.org/cancer/breastcancer/
moreinformation/breastcancerearlydetection/breast-cancer-early-
detection-acs-recs (accessed August 30, 2013).

Barlow, W.E., White, E., Ballard-Barbash, R., Vacek, P.M., Titus-
Ernstoff, L., Carney, P.A., Tice, J.A., Buist, D.S.M., Geller,
B.M., Rosenberg, R., Yankaskas, B.C. and Kerlikowske, K. (2006)
Prospective breast cancer risk prediction model for women under-
going screening mammography. Journal of the National Cancer In-
stitute, 98(17), 1204–1214.

BCSC. (2009) Performance measures for 1,960,150 screening mam-
mography examinations from 2002 to 2006 by age—based on
BCSC data as of 2009. Available at http://breastscreening.
cancer.gov/data/performance/screening/2009/perf age.html (ac-
cessed August 30, 2013).

Bucci, M.J., Kay, M.G. and Warsing, D.P. (2007) Comparison of meta-
heuristics for large scale facility location problems with economies
of scale. Technical report, Edward P. Fitts Department of Industrial
and Systems Engineering, North Carolina State University, Raleigh,
NC.

Carolina Mammography Registry. (2013) Carolina mammography reg-
istry. Available at http://www.unc.edu/cmr/ (accessed August 30,
2013).

DeFrank, J.T., Rimer, B.K., Gierisch, J.M., Bowling, J.M., Farrell, D. and
Skinner, C.S. (2009) Impact of mailed and automated telephone
reminders on receipt of repeat mammograms: a radomized con-
trolled trial. American Journal of Preventive Medicine, 36(6), 459–
467.

Food and Drug Administration. (2013) Mammography quality stan-
dards act and program national statistics. Available at http://
www.fda.gov/Radiation-EmittingProducts/MammographyQuality
StandardsActandProgram/FacilityScorecard/ucm113858.htm (ac-
cessed August 30, 2013).

Fryback, D.G., Stout, N.K., Rosenberg, M.A., Trentham-Dietz, A., Ku-
ruchittam, V. and Remington, P.L. (2006) The Wisconsin breast can-
cer epidemiology simulation model. Journal of the National Cancer
Institute Monographs, 36, 37–47.

Geer Mountain Software Corp. (2001) Stat::Fit, version 2. Geer Moun-
tain Software Corp., South Kent, CT.

Gierisch, J.M., Earp, J.A., Brewer, N.T. and Rimer, B.K. (2010) Longitu-
dinal predictors of nonadherence to maintenance of mammography.
Cancer Epidemiology, Biomarkers & Prevention, 19, 1103–1111.

Kelton, W.D., Sadowski, R.P. and Swets, N.B. (2010) Simulation with
Arena, fifth edition, McGraw-Hill, New York, NY.

National Cancer Institute. (2009) Effect of Screening on Breast Cancer
Mortality. National Cancer Institute, Atlanta, GA.

Plevritis, S.K., Salzman, P., Sigal, B.M., and Glynn, P.W. (2007) A nat-
ural history model of stage progression applied to breast cancer.
Statistics in Medicine, 26, 581–595.

Rosenberg, M.A. (2006) Competing risks to breast cancer mortality.
Journal of the National Cancer Institute Monographs, 36, 15–19.

Tejada, J.J. (2012) An integrated discrete-event/system dynamics sim-
ulation model of breast cancer screening for older U.S. women.
Ph.D. dissertation, Edward P. Fitts Department of Industrial and
Systems Engineering, North Carolina State University, Raleigh,
NC. Available at http://repository.lib.ncsu.edu/ir/bitstream/
1840.16/7935/1/etd.pdf (accessed August 30, 2013).

Tejada, J.J., Ivy, J.S., King, R.E., Wilson, J.R., Diehl, K. and Yankaskas,
B.C. (2013a) Calibration, validation, and analysis of a combined
DES/SD model of breast cancer screening for older women. Tech-
nical report, Edward P. Fitts Department of Industrial and Sys-
tems Engineering, North Carolina State University, Raleigh, NC.
Available at http://jjtejada.files.wordpress.com/2013/02/paper-3-
version-1-mb-jt-2-5.pdf (accessed August 30, 2013).

D
ow

nl
oa

de
d 

by
 [

N
or

th
 C

ar
ol

in
a 

St
at

e 
U

ni
ve

rs
ity

] 
at

 1
2:

03
 2

5 
A

pr
il 

20
14

 



Breast cancer screening for older women 727

Tejada, J.J., Ivy, J.S., King, R.E., Wilson, J.R., Ballan, M. J., Diehl,
K. and Yankaskas, B.C. (2013b) Combined DES/SD model of
breast cancer screening for older women, I: natural-history simula-
tion. IIE Transactions, in rereview. Available at http://jjtejada.files.
wordpress.com/2013/07/uiie-3090r1-pap.pdf (accessed August 30,
2013).

Tosteson, A.N.A., Stout, N.K., Fryback, D.G., Acharyya, S., Herman,
B.A., Hannah, L.G. and Pisano, E.D. (2008) Cost-effectiveness of
digital mammography breast cancer screening. Annals of Internal
Medicine, 148(1), 1–10.

U.S. Department of Health and Human Services. (2012) Physician fee
schedule search. Available at http://www.cms.gov/apps/physician-
fee-schedule/ (accessed August 30, 2013).

U.S. Department of Labor. (2012) Consumer price indexes: CPI
databases. Available at http://www.bls.gov/cpi/data.htm (accessed
August 30, 2013).

U.S. Preventive Services Task Force. (2009) Screening for breast can-
cer: U.S. Preventive Services Task Force recomendation statement.
Annals of Internal Medicine, 151(10), 716–726.

Biographies

Jeremy J. Tejada is the founder and President of SIMCON Solutions,
LLC. He is a member of Alpha Pi Mu, Tau Beta Pi, and the INFORMS
Simulation Society. His personal web address is jjtejada.wordpress.com,
and the company web address is simcon-solutions.com.

Julie S. Ivy is an Associate Professor and Fitts Faculty Fellow in the
Edward P. Fitts Department of Industrial and Systems Engineering at
North Carolina State University. She is a member of IIE and INFORMS.

Russell E. King is the Edward P. Fitts Distinguished Professor in the Ed-
ward P. Fitts Department of Industrial and Systems Engineering at North
Carolina State University, where he is also Director of the Furniture Man-
ufacturing and Management Center. He is a member of INFORMS and
a Fellow of IIE.

James R. Wilson is a Professor in the Edward P. Fitts Department of
Industrial and Systems Engineering at North Carolina State University.
He is a member of ACM, ASA, ASEE, and SCS and a Fellow of IIE and
INFORMS. His web address is www.ise.ncsu.edu/jwilson.

Matthew J. Ballan is a Ph.D. student in the Edward P. Fitts Department of
Industrial and Systems Engineering at North Carolina State University.
He is a member of Alpha Pi Mu, Tau Beta Pi, IIE, and the INFORMS
Simulation Society.

Michael G. Kay is an Associate Professor in the Edward P. Fitts De-
partment of Industrial and Systems Engineering and Co-Director of the
Graduate Program in Operations Research at North Carolina State Uni-
versity. He is a member of IIE and IEEE.

Kathleen M. Diehl is an Associate Professor of Surgery at The Univer-
sity of Michigan. She is a member of the ACS, AMA, SSO, ASCO,
ASBD, and ASBS. Her web address is http://www.uofmhealth.org
/profile/416/kathleen-mary-diehl-md.

Bonnie C. Yankaskas is Professor Emeritus, Department of Radiology
and Adjunct Professor in the Department of Epidemiology, University
of North Carolina.

D
ow

nl
oa

de
d 

by
 [

N
or

th
 C

ar
ol

in
a 

St
at

e 
U

ni
ve

rs
ity

] 
at

 1
2:

03
 2

5 
A

pr
il 

20
14

 


