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Combined DES/SD Model of Breast Cancer Screening for Older Women, II:  

Screening-and-Treatment Simulation 

In the second article of a two-article sequence, we discuss a simulation model for screening and treatment 
of breast cancer in US 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 
US 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 individ-
ual 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 repre-
sents the overall structure and operation of the US system for detecting and treating breast cancer. We 
summarize our main results and conclusions, including a final recommendation for annual screening from 
age 65 to age 80.  We also discuss 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. 

[Supplementary material is available for this article.  Go to the publisher’s online edition of IIE Transac-
tions for additional discussion, detailed proofs, etc.] 

Keywords: Health care, breast cancer, screening older US 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 popu-
lation of US women who are at least 65 years of age.  Fig. 1 depicts the overall structure of our two-phase 
simulation framework.  Phase I is the focus of the initial article (Tejada et al., 2013a), encompassing a 
natural-history model of the incidence and progression of untreated breast cancer for randomly sampled 
individuals from the designated population of older US women. The natural-history simulation is a dis-
crete-event simulation (DES) model that contains a population growth submodel as well as incidence, 
progression, and survival 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 simulation that is the focus of this article.   

The screening-and-treatment simulation integrates DES and system dynamics (SD) modeling tech-
niques so as to represent the following simultaneously: (i) the screening and treatment activities and the 
resulting progression of health states and incurred costs for each individual in the simulated population; 
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and (ii) the population-level state variables (stocks) and their associated rates of change (flows) that gov-
ern the overall operation of the US system for detecting and treating breast cancer.   

 

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

The screening-and-treatment simulation model is composed of interacting submodels that respective-
ly represent screening, treatment, survival and mortality, costing, and population growth. For each woman 
in the simulated population, the DES submodel represents her associated screening events, diagnostic 
procedures, and treatment results; however the details of her behavior are subject to the influence of the 
population-level SD submodel, which focuses on pervasive factors (state variables) that affect her adher-
ence to screening. Like the natural-history simulation model, the time step for the screening-and-
treatment simulation 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 performance 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 fol-
lows. Section 2 covers the DES submodel, which includes the following: (i) alternative screening poli-
cies; (ii) imperfect screening and diagnostic mechanisms; (iii) treatment of some patients with breast can-
cer and their subsequent survival; and (iv) the costs of screening exams, diagnostic exams, work-up ex-
ams, and treatment. Section 3 details the operation of the overall simulation model, focusing on the com-
ponents of the SD submodel and how they interact with the DES submodel. In Section 4 we summarize 
our main conclusions, including the final recommendation for annual screening from age 65 to age 80; 
and we end Section 4 by recapitulating the main contributions of this work to both breast cancer screening 
and simulation methodology. The Online Supplement to this article and Tejada (2012) contain a full de-
scription of the screening-and-treatment simulation model, including all the equations governing the state 
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variables and rates in the SD submodel as well as a complete set of tables and figures summarizing the 
results of our experimental performance comparison of selected breast cancer screening policies.   

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

When the screening-and-treatment simulation model is invoked, 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 Supplement and on pp. 184–196 of 
Tejada (2012). Following the user’s specification of the screening policy to be evaluated, women enter 
the screening-and-treatment simulation exactly as they entered the natural-history simulation. As dis-
cussed in Tejada et al. (2013a), individual attributes and cancer histories associated with women who en-
tered the natural-history simulation are stored in a database in the order that those individuals entered the 
natural-history simulation.  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 discussed 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 different screening policies.  Thus, the same 10 randomly sampled populations used 
in the natural-history simulation are re-created in the screening-and-treatment simulation; and to each in-
dividual 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 (CI) estimators for the 
mean differences in performance between selected screening policies.  

After her attributes and breast cancer history are initialized at the time she joins the simulated popula-
tion 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 implements the selected screen-
ing policy, samples the probability of adherence to each screening appointment for each individual, and 
determines the type of screening, diagnostic, and work-up exams to perform on that individual as re-
quired. Whereas false positive results and false negative results can occur for screening exams, diagnostic 
exams can have false positives but not false negatives; and work-up exams such as biopsies are assumed 
to be perfect so that they yield only true positives and true negatives. If breast cancer is present in an indi-
vidual, then as in the natural-history simulation (Tejada et al., 2013a, Section 5.2), the stage of breast 
cancer at diagnosis is determined 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 details of treatment are not currently the focus of 
this article. Only women with a detected breast cancer enter the treatment submodel.  Through consulta-
tion 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 
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treatment, then in the screening-and-treatment simulation, her age at death and cause of death are identi-
cal 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 (Rosenberg 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, work-up 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 presence 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 work-up biopsies. If the 
woman being screened does have cancer, then the tumor size at screening is used to determine the proba-
bility of detection by screening. If the tumor is detected by screening, then subsequent diagnostic imaging 
and biopsy exams will confirm 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 diagnostic exam can only be initiated based on the result of a screening test.  

2.1.1. Screening policies 

A typical breast cancer screening policy consists of a screening interval (i.e., the time between successive 
screening tests) and the ages at which screening starts and stops. Since this research focuses only on 
women of age 65+, and it is commonly accepted that the starting age for screening is much younger 
(around age 40), we do not specify a specific starting age. We assume the majority of (and close to all) 
women of age 65+ have been screened previously, and enforcing a constraint that every women must be 
screened at age 65 may not be appropriate. Thus, for the purposes of our research, we have assumed that 
the starting age is some age younger than 65, and 65 is simply the “age at which the policy goes into ef-
fect.” Women are eligible for screening in a given year if their age is evenly divisible by the screening 
interval and their age is less than the stopping age. For example, if the screening interval is 3 years and 
the stopping age is 80, the ages at which screening would occur are 66, 69, 72, 75, and 78 (assuming per-
fect adherence to the screening policy).  



 

 5 8/26/2013 12:12 PM 

In consultation with our breast cancer experts, we selected 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 assigns 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 as-
sumed to be the interval screening policy that yields results most closely matching SEER data from that 
time period (National Cancer Institute, 2009). For the period 2012–2020, the screening policy changes to 
a user-specified policy. 

For the purposes of this work, it is necessary to consider past screening and future screening separate-
ly. In the past, the stopping age for screening was not well defined so women stopped screening at differ-
ent ages. To account for the past variation in the stopping age for screening, we selected a set of beta dis-
tributions with common minimum and maximum values of 65 years and 100 years, respectively, and with 
modes ranging from 70 years to 100 years in increments of five years. This setup resulted in seven differ-
ent distributions for stopping ages of individual women to be used in conjunction with past screening in-
tervals 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 after her assigned stopping age.  During the period 2012–2020, the stop-
ping age can take on any value from 70 years to 100 years in increments of five 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, interval screening assigns the same starting and 
stopping ages and the same screening interval.  We consider screening intervals of one, two, three, four, 
and five 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 suggested by our breast cancer experts.  To estimate 
each woman’s overall risk of being diagnosed with breast cancer within one year of a screening exam, we 
used the logistic regression 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 screening exam but no treatment for any detected cancer so that her 
one-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 one-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 dis-
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tribution of the Barlow one-year risk for women of age 65+ as respectively specified by the first four per-
centiles given in Table 1. 

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

Percentage Corresponding percentile of Barlow 
one-year risk estimate 

0.80 0.00909 
0.85 0.00974 
0.90 0.01054 
0.95 0.01187 
1.00 0.03026 

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 inter-
vals to low- and high-risk women; and when these assignments are combined with three types of screen-
ing, 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 pol-
icy that the screening-and-treatment simulation can handle. As shown in Table 2, the Barlow risk equa-
tions 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 specified 
for each level of each selected risk factor.  The actual screening interval for an individual woman is then 
assigned as follows: 

   
Age, Ethnicity, Race, BMI, AAFB, PrevProc,

Screening Interval = min Freq
FirstDegree, HRT, SurgMeno, LastMamm, Density

  
   

  
 ,     (1) 

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

Considering all possible combinations of the 11 risk factors, 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 de-
velopment of an intelligent search method is needed to reduce our focus to the most cost-effective policy, 
or group of policies.  As detailed on pages 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 neg-
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ative 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 and specificity of the two screening tests; however, both sen-
sitivity 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 mammograms. Table 3 lists the total number of mammograms and the number of digital 
mammograms performed annually during the period 2001–2009 (BCSC, 2009).  Based on this data set, 
FDA information (FDA, 2013), and discussions with mammography experts, we concluded that the per-
centage of digital mammograms would reach a maximum value of 95% by 2015.  Fitting polynomials of 
degrees 3, 4, and 5 to the percentage of digital mammograms during the period 2001–2009, we obtained 
adjusted 2R  values of 0.9867, 0.9976, and 0.9964, respectively.  We concluded that the fourth-degree 
polynomial 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 superimposed separately (Fig. 
2–4 in the Online Supplement).  

Table 2. Table of risk factors, their categories, and their categorical variables 
Risk factor Categories and categorical variables (43 total) 

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 Rela-
tives with BC 

None 1 ≥2 Unknown   

FreqFirstDeg1 FreqFirstDeg2 FreqFirstDeg3 FreqFirstDeg9   

Hormone 
Therapy Use 

No Yes Unknown    

FreqHRT1 FreqHRT2 FreqHRT9    

Surgical Men-
opause 

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  
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Table 3. BCSC digital mammography data 

Year Total number of 
mammograms 

Number of digital  
mammograms % digital 

2001 716,432 7,070 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 

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 diag-
nostic exam. Data on the probability of a true positive screening exam (i.e., sensitivity), which depends on 
the tumor size at the time of screening, were provided by the CISNET breast cancer modeling group 
(Fryback et al., 2006) and are listed in Table 5.  If a woman with breast cancer does not have a true posi-
tive screening exam, then she has a false negative exam.  Fig. 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 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 screen-
ing 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 positive for breast cancer by a screening exam, diag-
nostic 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 work-up biopsy exam, at which point the presence or absence of breast cancer 
will be confirmed. Diagnostic exams are not assumed to have perfect specificity—i.e., a woman’s diag-
nostic exam has nonzero probability of yielding a false positive result that leads to a benign work-up bi-
opsy.  The probability of a 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 combination of these diagnostic exams could 
be performed. For the period 2001–2007, Table 7 summarizes the percentages of patients receiving each 
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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.   

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

Age/time since last mammogram Specificity Pr{false positive} 
= 1 – specificity 

65-59   
9–15 months 0.929 0.071 

16–20 months 0.925 0.075 
21–27 months 0.920 0.080 
28+ months 0.905 0.095 

No previous mammography 0.835 0.165 
70-74   

9–15 months 0.935 0.065 
16–20 months 0.933 0.067 
21–27 months 0.920 0.080 
28+ months 0.913 0.087 

No previous mammography 0.835 0.165 
75+   

9–15 months 0.939 0.061 
16–20 months 0.937 0.063 
21–27 months 0.927 0.073 
28+ months 0.923 0.077 

No previous mammography 0.852 0.148 

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 

Work-up procedures. Encompassing open biopsies, core needle biopsies (CNBs), and (on a very small 
scale) fine needle aspirations (FNAs), work-up exams are perfect—that is, if breast cancer is present, then 
the work-up exam will return a positive result; and if breast cancer is not present, then the work-up exam 
will return a negative result. We assume that only one work-up procedure is performed on each woman 
who receives a positive diagnostic exam, and Table 8 shows the percentage of women receiving each type 
of work-up exam. Our breast cancer experts consulted with their radiologists and used their own experi-
ence and judgment to provide the subjectively estimated percentages in Table 8. 
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Table 6. Probability of false positive diagnostic exam by age and time since last mammogram  
(BCSC, 2009) 

Age/time since last mammogram Specificity Pr{false positive} = 
1 – specificity 

65–69   
9–15 months 0.348 0.652 

16–20 months 0.349 0.651 
21–27 months 0.516 0.484 
28+ months 0.656 0.344 

No previous mammography 0.723 0.277 
70–74   

9–15 months 0.416 0.584 
16–20 months 0.487 0.513 
21–27 months 0.560 0.440 
28+ months 0.664 0.336 

No previous mammography 0.754 0.246 
75+   

9–15 months 0.433 0.567 
16–20 months 0.559 0.441 
21–27 months 0.547 0.453 
28+ months 0.694 0.306 

No previous mammography 0.714 0.286 

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

Year 
Diagnostic exam types 

None Mamm. 
only 

Ultrasound 
only 

MRI 
only 

Mamm.+ 
ultrasound 

Mamm.+ 
MRI 

Ultrasound+ 
MRI All 3 

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% 

Table 8. Percentage breakdown of work-up procedures 
Work up procedure Percentage 

FNA   2% 
Core Needle Biopsy 58% 
     CNB (Ultrasound)         14.5% 
     CNB (Mammography)         14.5% 
     CNB (MRI)         14.5% 
     CNB (Palpation)         14.5% 
Open Biopsy 40% 
     Open (Needle Loc.)         20% 
     Open (Palpation)         20% 

2.2. Treatment submodel 

For each woman diagnosed with breast cancer, the treatment submodel determines whether she will re-
ceive treatment by randomly sampling a Bernoulli random variable for which the success probability is 
based on her age and health status at the time of diagnosis.  The relevant probabilities are listed in Table 
9.  Our breast cancer experts consulted with their radiologists and used their own experience and judg-
ment to provide the subjective probability estimates in Table 9.  Currently, the screening-and-treatment 
simulation only takes into account whether treatment occurs, without considering the type of treatment to 
be administered.  In the future, the treatment submodel may be expanded to incorporate variations in 
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treatment and the resulting outcomes.  A woman with breast cancer who is not selected to receive treat-
ment will have the same age at death and cause of death as she did in the natural-history simulation. 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.   

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

Age Comorbidities not present Comorbidities 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 

2.3. Survival submodel 

Only women selected to receive treatment enter the survival 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, 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 individual’s time until death given the cancer stage at diagnosis; and Fig. 2 depicts these 

c.d.f.s.     

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

Because the SEER data set fails to account for death from other causes, the survival submodel also 
uses annual probabilities 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 treatment is assigned a 
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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. 

Women receiving treatment often live longer than their untreated counterparts in the natural-history 
simulation, especially if their cancer is diagnosed in the early stages. Therefore, for each treated woman 
in the screening-and-treatment simulation, 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 measure of effectiveness for screening policies, be-
cause it is essentially the benefit in a cost-effectiveness analysis based on the cost-benefit ratio.   One of 
the most important features 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” quality-adjusted 
life-years (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 utili-
ties that represent the quality of a woman’s life at different ages and stages of breast cancer at the time of 
diagnosis. A woman diagnosed with local cancer will have a higher quality of life than a woman diag-
nosed 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, because a 
younger woman has a longer 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 diag-
nosis. For each year that a woman lives beyond her counterpart in the natural-history simulation, we rec-
ord not only a life-year saved but also the corresponding number of QALYs saved.  

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

Health state utilities Health state 
Healthy In-situ Localized Regional Distant 

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

2.4. Costing submodel 
Since one of our ultimate goals is to determine the most cost-effective screening policy (or policies) from 
a societal perspective for women of age 65+, we use data for Medicare reimbursement rates to determine 
the costs of exams and treatment. In addition to monitoring separately the costs of screening exams, diag-
nostic exams, work-up exams, and treatment, we also 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 compute 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%.  
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Our costing data is derived from two sources. The primary source is the Medicare reimbursement da-
tabase (US 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 probability distribution to each of the available data sets. The details of the dis-
tribution-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 additional work-up procedures, 
Table 11 summarizes the following: (i) the distributions fitted to the data sets from the Medicare reim-
bursement database; and (ii) the constant costs estimated by Tosteson et al. (2008). Because the Medicare 
reimbursement rate has been fairly constant for these exams over the last five years, we did not adjust 
these costs by an interest factor as we did for treatment costs. 

Table 11. Exam costing information 
Screening costs ($) Distribution Parameters 

Film Lognormal µ = 83.6, σ = 8.61, min (offset) = 71 
Digital Lognormal µ = 146, σ = 18.8, min (offset) = 121 

Diagnostic imaging costs ($) Distribution Parameters 
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 $787.13 
Additional work-up costs ($) Distribution Parameters 

Fine needle aspiration Pearson 6 β = 739.5, p = 3.03, q = 29.2, min (offset) = 457 
Core needle biopsy (ultrasound guided) Pearson 6 β = 4872.7, p = 3.04, q = 115.4, min (offset) = 706 

Core needle biopsy (mammography guided) Constant $946.51 
Core needle biopsy (MRI guided) Constant $1044.54 

Core needle biopsy (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. 

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.  

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

Treatment costs in 2005 ($) Health state 
Healthy In-situ Localized Regional Distant 

Initial treatment – $14,510 $18,470 $20,920 $0 
Ongoing treatment – $1,510 $1,630 $2,430 $4,980 
Terminal treatment – $15,400 $20,530 $27,880 $25,560 

Total – $31,420 $40,630 $51,230 $30,540 

Treatment costs and reimbursement rates can be expected to increase as new and improved treatments 
become available. To account for this increase in the costs of treatment, these costs are multiplied by the 
ratio of the medical consumer price index (MCPI) for the year in which treatment is given divided by the 
MCPI for 2005 (the year these costs were estimated), yielding 
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MCPI(CurrentYear)

TreatmentCost(CurrentYear) TreatmentCost(2005) .
MCPI(2005)

 
= ×  

 
 (2) 

Data on the MCPI was obtained from the online database of the US Bureau of Labor Statistics (US 
Department of Labor, 2012). Data is available as far back as 1935, and we fitted a second-degree poly-
nomial model to this data set (adjusted R2 = 0.9913) in order to predict the MCPI for the period 2012–
2020.  

With information about both cost and QALYs for both mammographic and clinical detections during 
the periods 2001–2011 and 2012–2020, we calculate the cost-effectiveness ratio “cost per QALY saved” 
for each year in the screening-and-treatment simulation and for each method of detection.  The most im-
portant of the performance measures is cost per QALY saved for mammographic detections between 
2012 and 2020.  

3. Combined DES/SD model of US 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 description of each of the interacting 
submodels. First, we discuss the DES submodel, with its emphasis on the detailed behavior of each indi-
vidual woman in the simulated population; then we discuss the population-level SD submodel and how 
the two submodels exchange information and interact while running simultaneously. Lastly, we present 
the results of using the screening-and-treatment simulation to identify cost-effective or life-saving screen-
ing policies; and we examine those results in detail. Methods for calibration and validation of the screen-
ing-and-treatment simulation are developed in a follow-up article (Tejada et al., 2013b). 

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, spe-
cifically 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 complexity of such an 
approach would have caused excessive run times and thus would have prevented us from effectively us-
ing simulation optimization techniques to identify promising screening policies. Adherence to a screening 
policy is based on a number of factors, some at the population level, such as the amount of congestion at 
screening facilities, and others at the individual level, such as the presence of other comorbid diseases in 
each woman. 

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

 
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 
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variables” that directly affect the operation of the DES submodel.  In the causal loop diagram, if compo-
nent A affects component B, then there is an arrow originating at A and terminating at B (A→B).  There 
is also a direction of influence, positive or negative, associated with each arrow. A positive influence 
means that if the state variable associated with component A increases, then the state variable associated 
with component B also 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 simulated population, Gierisch et al. (2010) formulate a 
logistic regression equation for predicting the probability that a woman will not attend a scheduled 
screening appointment as a function of the relevant population-level characteristics as well as the relevent 
patient-specific attributes. As explained in Section 3.4 below, we added an additional factor, screening 
interval, to the Gierisch logistic regression 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 nonadherence, we formulated an SD submodel 
representing elements of the screening process at the population level.  First, we identified the primary 
state variables directly affecting 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 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) below. All 
primary, hybrid, and intermediate 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 simulation model, the latter incorporates some 
new individual attributes into its DES submodel as well as all the state variables required for its SD sub-
model. The following section explains these attributes and state variables, including their units, lower 
bounds, and upper bounds.  
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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 (increas-
ing, slightly increasing, constant, slightly decreasing, or decreasing) over the period 2012–2020. Similar-
ly, the user can control future trends in the aggregate capacity of these screening facilities, represented by 
the state variable CapacityOfFacilities( )t  expressed 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 can-
cer screening, 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 con-
sidered to be intermediate state variables.  The intermediate state variables may be functions of user in-
puts or other intermediate state variables. In turn, intermediate state variables may influence hybrid state 
variables that alter the operation of the DES submodel, or they may influence primary state variables that 
directly affect adherence. For example, the average distance to a screening facility is a function of the 
number 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 average capacity of those facil-
ities. The average time to get test results, in days, is a function of the intermediate state variables for 
screening technology and the average level of congestion at screening facilities. Finally, appointment 
availability 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 facility 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 using between 500 and 20,000 
facilities in increments of 1 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 intermediate state variable DistanceToFacilities( )t  is computed as 
a function of NumOfFacilities( )t as follows, 

[ ] [ ]
[ ] [ ]
[ ]
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4 314
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2

DistanceToFacilities( ) 1.447 10 NumOfFacilities( ) 9.966 10 NumOfFacilities( )
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Level of congestion at screening facilities. The intermediate state variable representing the level of con-
gestion at screening facilities, CongestionAtFacilities( )t , is intended to reflect how crowded screening 
facilities may become with the aging of the US 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 simulation, we know the following: the num-
ber 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 dur-
ing the previous year, NumberOfMammograms( 1)t − . To estimate DemandforScreening( )t , the total de-
mand for mammography in the entire US 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 mam-
mogram in year 1t −  to estimate the number of women of age 65+ in the US population who received a 
mammogram in year 1t − ; (ii) we use a regression equation to predict the proportion of individuals in the 
entire US 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 perform step (ii), we fitted a linear regression 
equation to the proportion of individuals in the entire US female population 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 ( ),tλ 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 fa-
cility operates eight hours per day for 250 days per year. We performed a pilot study with the screening-
and-treatment simulation to generate estimates of the demand for screening as a function of the screening 
interval; and we assumed that in 2000,  the demand for screening was NumberOfMammograms(2000)  = 
9,600 in order to estimate congestion in 2001. Based on these assumptions, we developed the following 
method for approximating CongestionAtFacilities( )t  expressed in minutes. The Pollaczek–Khinchine 
formula (Kelton et al., 2010) is used to compute the long-run average 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 mammogram) expressed in hours, and let E[ ]S Sµ = .  We assume that

~ Uniform(0.9 ,1.1 )S SS µ µ 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 possibil-
ity, we limit the maximum value of congestion to 100 minutes so that we have: 

DemandforScreening( ) NumberOfMammograms( 1) 1000 ScaleFactor( ) pt/yr,t t t= − × ×  (4) 

DemandPerFacility( ) DemandforScreening( ) [2000 NumOfFacilities( )] pt/hr,t t t= ×  (5) 

( ) ArrivalRatePerFacility( ) DemandPerFacility( ) pt/hr,t t tλ ≡ =  (6) 
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Table 13. Demand scale factor used to compute total demand 

Year (t) Total female pop. Female 65+ pop. Female 65+ pop. % of 
tot. female pop. ScaleFactor×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+. 

pt/hrServiceRatePerFacility( ) CapacityOfFacilities( ) 2000 ,t t=  (7) 

[ ] [ ]1ServiceTimePerFacility( ) ServiceRatePerFacility( ) E =  hrMean ,St t S µ−
= =  (8) 

( )22 2 2Var[ ] 0.2 12 0.0033 h ,rS S SSσ µ µ = = =    (9) 

[ ]
2 2
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2 1 ( )
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S

t t
t

σ µ
λ

λ µ

  +   =    
−    

 (10) 

Note that DemandPerFacility( )t  is the average hourly demand per facility for mammograms and 
ServiceRatePerFacility( )t  is the average number of mammograms that can be performed hourly per facili-
ty. 

Breast cancer screening technology. The dimensionless intermediate state variable for screening tech-
nology, ScreeningTechnology( )t , can take on values between zero and one, with zero representing ex-
tremely poor technology, 0.4 representing technology in 2001, and one representing the most advanced 
technology that is achievable by the year 2020 so that we have the difference equation 

BCResearch( 1)ScreeningTechnology( ) ScreeningTechnology( 1) .
100

tt t −
= − +     (11) 

Screening technology is assumed to have an impact on the probabilities of the following: (i) false negative 
screening exams; and (ii) false positive screening and diagnostic exams.  The hybrid state variables 
FalseNegPercent( )t  and FalsePosPercent( )t  represent probabilities (i) and (ii), respectively; and their 
corresponding base values are given in Tables 4, 5, and 6.  We assume that increases in screening tech-
nology will cause FalsePosPercent( )t  to increase and FalseNegPercent( )t  to decrease, as seen over the 
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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 survival time, expressed in 
years, as a function of the level of screening technology. We define another adjustment factor,
StageFactor, that acts as a multiplier for TreatmentSurvivalAdj( )t  based on the stage of cancer at diagno-
sis. 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  

   
1,        if cancer stage at diagnosis is distant,   

StageFactor 2,       if cancer stage at diagnosis is regional, 
3,       if cancer stage at diagnosis is local,      


≡ 



 (12)

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

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

[ ]

CongestionAtFacilities( )TimeToGetResults( ) 5 15
100

                                   +15 1 ScreeningTechnology( ) days.

tt

t

 = +   
−

     (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 following 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 
proportional 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 comple-
ment 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 zero indicates a significant delay in appointment availability, and a value of 
one indicates no significant delay in appointment availability. All values between zero and one represent 
different levels of appointment availability as a function of the congestion at screening facilities. Ap-
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pointment availability is one of two factors influencing access to screening, a primary SD state variable. 
The expression for appointment availability is  

CongestionAtFacilities( )
.

100
AppointmentAvailability( ) 1 tt  

  
= −     (15) 

The rationale for Equation (15) is that the magnitude of an increase in appointment availability is propor-
tional 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 variables used in the logistic regression equation for 
nonadherence. The three primary state variables are: (i) access to screening, denoted by Access( );t  (ii) 
satisfaction 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 var-
iable measured on a zero-one scale, with zero being the worst possible value and one being the best pos-
sible value. 

Access to screening. This primary state variable is assumed to increase as the average distance to facili-
ties decreases and as appointment availability increases so that we have 

DistanceToFacilities( ) 6.395
0.5 AppoinmentAvailability( )

45.435
Access( ) 0.5 .t

tt −
−  = +    

  (16) 

Because NumOfFacilities( )t  is in the interval [5,000, 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.  There-
fore Access( )t  takes values in the interval [0, 1], with zero being the worst possible value and one 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 dis-
tance to screening facilities, congestion at the screening facilities, or the average time to get screening 
results. The level of satisfaction with the screening process, ScreenProcSat( )t , is defined as 

CongestionAtFacilities( ) /100
ScreenProcSat( ) 1

3
DistanceToFacilities( ) 6.395 TimeToGetResults( ) 5

                             .
136.305 90

tt

t t

 = −   
− −   − −      

 (17) 

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

Public breast cancer awareness. The primary state variable representing public awareness of breast can-
cer 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  

[ ]PublicAds( 1) BCResearch( 1) 2
PublicAwareness( ) .

4
t t

t
− + − −

=   (18) 

Because both PublicAds( 1)t −  and BCResearch( 1)t −  can only take the values 1, 2, or 3, 
PublicAwareness( )t  takes the values zero, 0.25, 0.5, 0.75, and one, with zero 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 population has her own specific set of attributes char-
acterizing 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 Gier-
isch logistic regression 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 variables 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 policy; and (v) number 
of  screening appointments kept out of the last two scheduled appointments.  The presence of 
comorbidities, 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 satisfaction with the overall screening process. The number of perceived 
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 
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opportunities. 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 Rele-
vant Information about Screening Mammography (PRISM), a health communication intervention study 
(DeFrank et al., 2009). PRISM was a National Cancer Institute (NCI)–funded intervention trial designed 
to enhance annual mammography adherence. It was conducted from October 2003 to September 2008 as 
part of the NIH Health Maintenance Consortium. The sampling frame for PRISM was female North Caro-
lina 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 relevant literature, we concluded 
that this logistic regression equation represents the most appropriate match to our situation. The response 
variable for this equation is binary, with the values zero and one respectively denoting adherence and 
nonadherence to the relevant screening appointment. The predictor variables or “covariates” are the cate-
gorical variables presented in Table 14. As previously discussed, for each woman in the simulated popu-
lation these factors are dependent on the relevant state variables as well as her individual attributes.  

Table 14. Characteristics of individuals directly affecting nonadherence (Gierisch et al., 2010) 
Predictor(s) Factor name (description) Factor coding 

1x  
Comorbidity 

(presence of comorbidities) 
1 0x =  for No 

1 1x =  for Yes 

2x  MammSat 
(satisfaction with screening process) 

2 0x =  for Not (or Somewhat) Satisfied 

2 1x =  for Mostly (or Totally) Satisfied 

3 4,x x  NumOfBarriers 
(number of perceived barriers) 

3 4 0x x= =  for 0 Barriers 

3 41, 0x x= =  for 1 Barrier 

3 40, 1x x= =  for 2+ Barriers 

5x  
IntentToAdhere 

(intention to adhere to screening poli-
cy) 

5 0x =  for No 

5 1x =  for Yes 

6 7,x x  
Last2Adherence 

(number of times adherent to screening 
appointment of last 2 opportunities) 

6 7 0x x= =  for 0 of Last 2 Appointments 

6 71, 0x x= =  for1 of Last 2 Appointments 

6 70, 1x x= = for 2 of Last 2 Appointments 

, 8, ,12jx j =   
ScreeningInterval 

(indicator of 7j −   = 1, 2, 3, 4, or 5 
years) 

0jx =  for No 

1jx =  for Yes 

Factors with a p-value less than 0.05 were judged to be statistically significant and were therefore in-
cluded in the logistic regression equation. There were seven statistically 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 
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two scheduled appointments, and the screening interval. 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 was not relevant for our purposes. The following risk factors were not statistically sig-
nificant: 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 NADp  denote the probability of nonadherence to the current screening appointment given the val-
ues of the categorical variables { }1 2 12, , ,x x x for a specific woman.  In terms of the logit function, 

( )Logit x  ≡  ( )ln / 1x x −   for ( )0,1x ∈ , we exploit the findings of Gierisch et al. (2010) to conclude that 
( )NADLogit p has a linear regression on { }1 2 12, , ,x x x , 

  
12

NAD
NAD NAD 0

1NAD

Logit( ) ln .
1 j j

j

pL p x
p

β β
=

 
= = = + − 

∑  (19)  

From Equation (19), we see that 

   NAD
NAD

NAD NAD

exp( ) 1 .
1 exp( ) 1 exp( )

Lp
L L

= =
+ + −

                (20) 

Finally we obtain the desired estimate of ADp , the probability of adherence, from the relation 

AD NAD1p p= − .  The estimates of the regression coefficients { : 0,1, ,12}j jβ =   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 so as to compare the performance of alternative breast cancer screening policies over 
the period 2012–2020.  To make a convincing case that the simulation-generated results for the period 
2012–2020 are a valid representation of what can be expected to happen in the near future under each al-
ternative screening policy, we validated the output of the screening-and-treatment simulation for the peri-
od 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 multiresponse simulation models is the sub-
ject of a follow-up article (Tejada et al., 2013b). 

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

1M : Number of breast cancer deaths during the 2012–2020; 
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2M : Number of QALYs saved by screening during the period 2012–2020; 

3M : Percentage of cancers diagnosed in the distant stage during the period 2012–2020; 

4M : Cost/QALY saved by screening during the period 2012–2020; and 

5M : The total cost of false positive exams and benign biopsies during the period 2012–2020. 

Preventing deaths from breast cancer is the primary objective of screening, and we argue that the number 
of lives saved (or its complement 1M ) is the most important performance measure for a screening policy. 
Similarly, 2M  (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 population. The 
cost-effectiveness of a screening policy (e.g., 4M ) gauges how much we are paying to save one life-year 
or one QALY. Another critical performance measure is 3M , 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 5M  is also important, but it is arguably less important than 1M , 

2M , or 4M .  Moreover, 5M  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 previous 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 policy 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 posi-
tives. 

In scenarios involving different overall objectives, we sought to optimize the corresponding perfor-
mance measure as the basis for identifying the “best” breast cancer screening policy from a set of alterna-
tive policies.  Therefore, we solved the following three stochastic optimization problems— 

1S : Minimize 4M  (cost/QALY saved) subject to the following 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. 

2S : Minimize 1M (breast cancer deaths) subject to the following constraints: (i) 4 $50,000M ≤ ; (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. 

3S : Maximize 2M (QALYs saved) subject to the following constraints: (i) 4 $50,000M ≤ ; (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 identify the five best screening policies for each 
problem; then paired Student’s t-tests were performed to identify the policy or group of policies that can 
be declared statistically best in terms of the associated performance measure. 

Each experiment with the screening-and-treatment simulation 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 average values for indi-
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vidual 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: (a) the stage distribution at 
diagnosis; (b) the total cost and a breakdown of costs by type of procedure and method of detection; and 
(c) 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 minimize breast cancer deaths ( problem 2S ) or to 
maximize QALYs saved (problem 3S ), among the thousands of policies tested we found that the follow-
ing five screening policies were best (where all policies have a starting age of 65 years) — 

1P : Annual screening stops at age 80; 

2P : Annual screening stops at age 75; 

3P : Annual screening for the top 10% in terms of risk, biennial screening for everyone else, and 
screening stops at age 80; 

4P : Annual screening for top 5% in terms of risk, biennial  for everyone else, and screening stops at 
age 80; and  

5P : Biennial screening stops at age 80. 

As elaborated in Tejada et al. (2013a), existing breast cancer screening guidelines for women of age 65+ 
are limited and conflicting. However, two guidelines have received widespread recognition: (i) the rec-
ommendation 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 US Preventive Services 
Task Force (2009) that a woman should receive biennial screening from age 50 to age 74, and that the 
current evidence is insufficient to assess the additional benefits and harms of screening mammography in 
women of age 75+. Therefore in addition to screening policies 1P  through 5P , our simulation-based per-
formance evaluation includes the following policies— 

ACS : Annual screening for all women of age 65+; and  
USP : Biennial screening for women from age 65 to age 74. 

For problem 2S  (minimize breast cancer deaths), Tables 15–21 summarize the results (i.e., the sample 
averages across 10 replications) for the main performance measures accumulated over the simulated pop-
ulation, whose size is 0.1% of the size of the population of US women of age 65+.  Thus the tabulated 
results must be multiplied by 1000 to yield comparable estimates for the latter population. 
  



 

 27 8/26/2013 12:12 PM 

Table 15. Costs by category to minimize breast cancer deaths for the period 2012–2020 

Policy Total cost 
2012–2020 

Screening 
costs 

2012–2020 

Diagnostic 
costs 2012–

2020 

Work-up 
costs 

2012–2020 

Treatment 
costs 

2012–2020 

Screening de-
tection costs 
2012–2020 

Clinical 
detection costs 

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 $11,100,992 $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 per life-year saved by category to minimize breast cancer deaths for 
the period 2012–2020 

Policy 
Life-years 

saved 
2012–2020 

Life-years saved 
screening 2012–

2020 

Life-years saved 
clinical 2012–

2020 

Cost per life-
year saved 
2012–2020 

Cost per life-
year saved 

screening 2012–
2020 

Cost per life-
year saved 

clinical 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 per QALY saved by category to minimize breast cancer deaths for the 
period 2012–2020 

Policy 
QALYs 
saved 

2012–2020 

QALYs saved 
screening 2012–

2020 

QALYs saved 
clinical 2012–

2020 

Cost per QALY 
saved 2012–

2020 

Cost per QALY 
saved screening 

2012–2020 

Cost per QALY 
saved clinical 

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 
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Table 18. False positive costs by category to minimize breast cancer deaths for the period 2012–2020 

Policy False positive costs 
2012–2020 

False positive 
screening costs 

2012–2020 

False positive diag-
nostic costs 
2012–2020 

Benign work-up 
costs 2012–2020 

False negative 
screening exams 

2012–2020 

P1 $10,042,405 $1,328,487 $1,304,189 $7,409,729 497 

P2 $8,271,523 $1,078,315 $1.054,809 $6,138,400 370 

P3 $5,009,230 $769,862 $748,747 $3,490,621 307 

P4 $4,995,410 $768,036 $749,798 $3,477,576 302 

P5 $4,826,113 $744,535 $727,807 $3,353,771 279 

ACS $12,424,720 $1,669,799 $1,625,825 $9,139,057 715 

USP $4,130,990 $634,561 $618,978 $2,877,451 226 

Table 19. Cancer deaths, stage distribution, and method of detection to minimize breast cancer deaths for 
the period 2012–2020 

Policy Cancer deaths 
2012–2065 

Stage at diag-
nosis local % 
2012–2020 

Stage at diag-
nosis regional 
% 2012–2020 

Stage at diag-
nosis distant 

% 2012–2020 

Screening de-
tection % 2012–

2020 

Clinical 
detection % 
2012–2020 

Benign biopsy 
% 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 

Table 20. Top 5 policies ranked in terms of top 5 performance measures for minimizing breast cancer 
deaths, part I 

Policy Cancer deaths 
2012–2065 rank 

Cancer deaths 
2012–2065 

QALY saved screen-
ing 2012–2020 rank 

QALY saved 
screening 

2012–2020 

% Distant stage 
2012–2020 

rank 

% Distant stage 
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 5 policies ranked in terms of top 5 performance measures for minimizing breast cancer 
deaths, part II 

Policy 
Cost/QALY saved 

screening 2012–2020 
rank 

Cost/QALY saved 
screening 2012–2020 

Cost of false 
positives 2012–

2020 rank 

Cost of false 
positives 2012–

2020 

Sum of 
ranks 

P1 5 $47,990 6 $10,042,405 17 

P2 2 $39,182 5 $8,271,523 16 

P3 4 $47,320 4 $5,009,230 24 

P4 6 $48,062 3 $4,995,410 26 

P5 3 $45,030 2 $4,826,113 20 

ACS 7 $60,402* 7 $12,424,720 17 

USP 1 $37,952 1 $4,130,990 20 

*Cost Effectiveness Constraint Not Met 

Table 20 and Table 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 perfor-
mance measure.  Note that the sum of ranks provides 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 review of Tables 15–21, we concluded that in terms of breast cancer deaths, QALYs saved, and 
percentage of cancers diagnosed in the distant stage, the best alternative was policy 1P  (i.e., annual 
screening with a starting age of 65 and a stopping age of 80). Although policy 1P  ranked third in cost-
effectiveness and last in cost of false positives, these measures were judged to be less important; and from 
a practical standpoint we did not feel the negative impact on lives saved that would result by switching 
from policy 1P  to policy 2P  (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 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 1P  compared with policy 2P ; however, because we are only simulating 0.1% of the designat-
ed population of US women of age 65+, this translates into an estimate of 14,400 fewer cancer deaths for 
the designed population over the period 2012–2020.  We considered the latter result to be strong evidence 
that policy 1P  was preferred in comparison with policy 2P .   

When comparing policies 1P  through 5P  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 1P  in terms of saving lives. The ACS policy was superior to all the 
other policies in terms of saving life; however it compared unfavorably with policy P1  in terms of 
cost/QALY saved and cost of false positives.  We concluded that policy 1P  was the most effective com-
promise between policies ACS and USP. 

See the Online Supplement and Tejada (2012) for a complete discussion of the paired-sample Stu-
dent’s t-tests that we used in the context of simulation optimization problem 2S  to perform pairwise com-
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parisons of policies 1P  through 5P  with respect to performance measures 1M  through 5M  using infor-
mation from each of the ten simulated populations of US women of age 65+.  

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

6P : Annual screening for the top 5% in terms of risk, screening every four years for everyone else, 
and screening stops at age 70. 

Under policy 6P  we estimated that 4E[ ] $37,786M ≈ , which is 21% less than the cost/QALY saved under 
policy 1P . On the other hand, we estimated that under 1P  on average 42,800 fewer deaths would be 
caused by breast cancer in the designated population during 2012–2020 when 1P  was compared with 6P .  
Moreover, under 6P  we estimated that 3E[ ] 44%M ≈ , which we judged to be an unacceptably high per-
centage 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+.   

4.2 Limitations of the study 

The screening-and-treatment simulation model has following limitations. 

1. The model is only applicable to the designated population of US women of age 65+. 
2. All risk factors aside from age, including family history of breast cancer and body mass index, 

were assumed to remain constant 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 variables; and this de-
pendence 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 dimensionless intermediate state variables that 
take values in [0, 1].  We also used simple inputs for breast cancer advertising 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 differences between scenarios, so it is valid to consider 
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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 neces-
sary 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 significance, annual breast cancer screening for all 
women from age 65 until age 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 perfor-
mance measure. Thus, others can review full sets of results generated by this simulation and make deci-
sions 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 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 application domains.  In addition, the screening-and-treatment simulation pro-
vides 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:  

• 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;  

• developing a more accurate representation of the way in which each woman’s risk factors for 
breast cancer such as body mass index and family history of breast cancer evolve over time;  

• developing more accurate representations of the types of treatment for women who are diag-
nosed with breast cancer and for the survival of those women after treatment as that survival 
process depends on the type of treatment and the stage of breast cancer at diagnosis; and 
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• formulating a definitive measure of the total effect of false positive screening and diagnostic 
exams that be used to compare alternative screening policies. 
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