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Appendix A

A breast cancer simulation model was adopted and modified based on existing Cancer Intervention and Surveillance Modeling Network (CISNET) models.1,2 These models are part of the family of breast cancer models published by the Cancer Intervention and Surveillance Modeling Network (CISNET).3 The modified breast cancer model was constructed based on common CISNET inputs,4-7 which included a natural history module, a screening history module, breast cancer mortality, early detection and treatment effects, and other-cause mortality. In the adopted breast cancer model, the screening module was modified to reflect the specific characteristics of the National Breast and Cervical Cancer Early Detection Program (NBCCEDP) and its population. The source code from Cronin et al.’s mammography dissemination simulation model (personal communication) and the Technical Appendix2 from the Cronin et al. study was used as the starting point for the current study’s implementation of the adopted breast cancer model. The current appendix clarifies the model properties that were incorporated directly from the CISNET mammography dissemination input and describes the changes made to those models. Each major model component is discussed in a separate section.
1. Population and Incidence Module
The study focused on women who received mammograms through NBCCEDP between 1997 and 2006 because the NBCCEDP surveillance database was not complete for the period 1991 through 1997. For the subset of women participating in NBCCEDP between 1997 and 2006, available data from earlier mammograms were used to identify screening history parameters, including the distribution of time of first program mammogram and the distribution of screening behavior among program participants (discussed in Section 2). Estimates of life-years (LYs) saved by the program for these women are for 1991 through 2006 (i.e., since the inception of NBCCEDP). This sample consists of approximately 1.8 million women. 
Program eligibility requirements mean that all of those women were born between 1927 and 1966. Because the distribution of birth cohorts within the program is not uniform, the NBCCEDP surveillance database was used to derive a birth cohort distribution for the program, based on the observed number of women born in each year (Table 1).
Table 1.
NBCCEDP birth cohort distribution function

	Birth year
	Probability of being born 
in given year
	Cumulative probability 
(at beginning of year)

	1927
	3.80572E–05
	0

	1928
	0.000153908
	3.80572E–05

	1929
	0.000346433
	0.000191965

	1930
	0.000700141
	0.000538398

	1931
	0.001221749
	0.001238539

	1932
	0.002858209
	0.002460288

	1933
	0.005512701
	0.005318497

	1934
	0.008201891
	0.010831198

	1935
	0.010920184
	0.019033089

	1936
	0.013224885
	0.029953274

	1937
	0.015654951
	0.043178159

	1938
	0.01894746
	0.05883311

	1939
	0.022255081
	0.07778057

	1940
	0.026441935
	0.100035651

	1941
	0.029353313
	0.126477586

	1942
	0.034027075
	0.155830898

	1943
	0.035290799
	0.189857974

	1944
	0.035399934
	0.225148773

	1945
	0.036675411
	0.260548707

	1946
	0.040693806
	0.297224117

	1947
	0.045010502
	0.337917923

	1948
	0.043831848
	0.382928425

	1949
	0.043982397
	0.426760273

	1950
	0.043952176
	0.47074267

	1951
	0.04294198
	0.514694845

	1952
	0.04414582
	0.557636826

	1953
	0.043558171
	0.601782645

	1954
	0.043625331
	0.645340816

	1955
	0.042237921
	0.688966148

	1956
	0.03973398
	0.731204069

	1957
	0.03734421
	0.770938049

	1958
	0.034323698
	0.808282259

	1959
	0.032052018
	0.842605957

	1960
	0.029355551
	0.874657975

	1961
	0.026227024
	0.904013526

	1962
	0.023736514
	0.93024055

	1963
	0.019781361
	0.953977064

	1964
	0.014817132
	0.973758425

	1965
	0.008679845
	0.988575557

	1966
	0.002744597
	0.997255403

	1967
	
	1


NBCCEDP, National Breast and Cervical Cancer Early Detection Program
The simulation model draws women at random from this distribution. The model then generates a natural history and screening history for each woman.

The estimates for breast cancer incidence were taken from a CISNET base case input that was derived from historic data from the Connecticut Tumor Registry and Surveillance, Epidemiology, and End Results (SEER).5 The CISNET base case input provided primary breast cancer estimates for all birth cohorts needed (1927–1966); those estimates were stratified by age and covered ages 25 through 84 years. Incidence was assumed to be zero outside of this age range.
The CISNET rates were based on counts including both ductal carcinoma in situ (DCIS) and invasive cancers. The model required the incidence of invasive cancers only, so the incidence rates were reduced by the proportion of DCIS tumors in SEER 1975–1979 data (Table 2); and unstaged tumors were counted as invasive cancers.
Table 2. Stage distribution for breast cancers among women diagnosed in SEER 1975–1979, by age

	Age (years)
	Number of cases

	
	In situ
	Localized
	Regional
	Distant
	Unstaged

	30–39 
	161
	1,400
	1,147
	125
	123

	40–49 
	605
	3,854
	3,242
	404
	263

	50–59 
	611
	5,515
	5,046
	837
	359

	60–69 
	421
	5,514
	4,508
	1074
	389

	70–84 
	349
	5,745
	4,051
	972
	561

	30–84 
	2147
	22,028
	17,994
	3412
	1695


Further, to optimize simulation speed, the breast cancer incidence rates were converted into a cumulative distribution function of age at clinical detection (ACD). For that purpose, the incidence rates for age were treated as the hazard rate (ha) for that age using the following formula: 
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The method above is the same as the method outlined previously.1
2. Natural History Module
The natural history duplicates the natural history module of the CISNET model.1 Invasive tumors were assumed to be spherical and grow constantly from an initial diameter of 2 mm. At random points in their time trajectory, tumors will surface clinically and transition between historical stages. Following is a more detailed discussion (see references 1 and 3 also).
2.1
Tumor Growth

Tumors were assumed to be spherical, with a constant growth rate. Growth starts from an initial diameter of 2 mm and is governed by the formula



[image: image2.wmf])

/

exp(

)

(

0

R

t

c

t

V

=

,
where c0 = 4.189 mm3 (corresponding to a diameter of 2 mm) and R = inverse growth rate, equivalent to tumor doubling time divided by ln(2); R follows a gamma distribution with parameters α and β.1,3
2.2
Staging

Breast cancer disease was assumed to progress from local to regional to distant stage. Staging occurs as a consequence of the interaction of three functions of time: the time to clinical detection (Tcd); the time to local–regional tumor transition (Tlr); and the time to regional–distant tumor transition (Trd, Trd>Tlr by definition). If Tcd<Tlr, the tumor is classified as clinically detected in the local stage; if Tlr<Tcd<Trd, the tumor is classified as regional; and if Tcd>Trd, the tumor is classified as distant.
2.2.1
Clinical Detection
The hazard function of Tcd is assumed to be volume-dependent. The governing equation is
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 as shown previously.1
Let Vcd = V(Tcd) be the volume of the tumor at the time of clinical detection. The conditional distribution of Vcd is
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, derived as shown previously.3
2.2.2
Transition to Regional Stage

The hazard function of Tlr is governed by a similar hazard function, with the addition of an extra term:
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We can think of this hazard function as having two components. The first term is constant over time, and the second depends on tumor volume (and is therefore monotone increasing over time). 

Let Vlr=V(Tlr) be the tumor volume at the time of transition from local to regional stage. The conditional distribution of Vlr is
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derived in a manner similar to the conditional distribution of Vcd.
Sampling from the conditional distribution of Vlr in a direct manner is not easy. To resolve that, variables Vlr1 and Vlr2 were defined by the following distribution functions:
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The variable Vlr1 can be considered the distribution function of local–regional transition times if only the time-constant term of the hazard function is considered. Similarly, Vlr2 is the distribution function of local–regional transition times if only the volume-dependent term of the hazard function is taken into account.
The following sampling algorithm was then used:
1.
Draw an inverse growth rate (gamma distribution);
2.
Draw independently from the distributions of Vlr1 and Vlr2;
3.
Return the minimum of the two random values.

This is justified because under the conditional independence assumption for the Vlr1 and Vlr2 distribution draws, the following holds:
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2.2.3
Transition to Distant Stage

The equation of the hazard function for the time to regional–distant transition is as follows: 
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Temporal consistency of the local–regional and regional–distant transitions was ensured by conditioning on Tlr. No hazard (and therefore no probability) was assigned to regional–distant transitions occurring before the local–regional transition.
Let Vrd = V(Trd) be the tumor volume at the time of the regional–distant transition. The conditional distribution (derived as outlined previously3) of Vrd is as follows:
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Sampling is performed using the same algorithm outlined for Vlr.

2.2.4
Tumor Detection Threshold
It is assumed that each tumor experiences a “tipping point” in its development when it transitions from being non-screen-detectable to being (100%) screen-detectable.1 That tipping point (VTH) occurs randomly, and its hazard function is proportional to the cross-section of the tumor, as outlined previously1:
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The corresponding distribution function is as follows: 
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The boundary condition ensures that no detection threshold volume is smaller than the starting volume.

2.3
Parameters

All natural history parameters came from the Stanford model.1 The parameters represent maximum likelihood estimates derived from SEER 1975–1981 breast cancer tumor data. For a detailed treatment of data selection and the manner of optimizing the likelihood function, refer to Plevritis et al.3 The final tables of parameters that were used in the model were presented in Table 3 (α = 1.082*β, equivalent to E(R) = 1.082, or a mean tumor volume doubling time of 9 months).
The value of the λ parameter of the threshold detection function was calculated as follows: Plevritis et al.1 reported a median detection threshold diameter of 1.0 cm as the value that best fit their calibration criteria. That value corresponded to a median detection threshold volume of 523.6 mm3. The latter was then used in combination with the detection threshold distribution function to solve for λ. Thus, the estimate obtained was λ = 3.4 ( 10–5.
Table 3.
Age-stratified natural history model parameters

	Age (years)
	β
	γ
	η0
	η1
	ω0
	ω1

	20–39
	0.838424412
	5.02E–05
	0.015783
	3.76E–05
	0.002032
	4.38E–06

	40–49
	0.812344435
	5.61E–05
	0.01547
	4.37E–05
	0.002337
	5.79E–06

	50–69
	0.903543659
	5.44E–05
	0.021519
	4.59E–05
	0.00849
	9E–06

	70–84
	0.998869791
	5.02E–05
	0.016927
	3.68E–05
	0.012415
	9.74E–06


3.
Screening Module
Mammography dissemination was modeled in two stages, using different models, estimation techniques, and data sets. The first stage involved modeling the time to receiving a woman’s first-ever screening, and the second stage dealt with all subsequent simulated screens.

3.1
Dissemination of First Mammogram
Cronin et al.2 used a two-parameter diffusion-of-innovation model represented by the differential equation 
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where k1 and k2 were the coefficients of external and internal effects, p was the proportion of the population who will never receive a first screening exam, and F(t) was the proportion of the population who have received their first screening exam by time t.

Women were stratified by 5-year birth cohort, and data from the National Health Interview Survey (NHIS) were used to obtain maximum likelihood estimates for the three coefficients specific to each cohort. Cronin et al. assumed that no screening took place in any 5-year cohort until 1975 or the cohort’s midpoint reached 30, whichever occurred at a later date. Cronin et al.2 and Mahajan and Peterson6 provide a more in-depth explanation of the theory and methods of implementation. 
To tailor the estimates of first mammogram dissemination to the NBCCEDP target population, the methodology outlined in the Technical Appendix provided by Cronin et al.2 to perform maximum likelihood estimation with NHIS data for uninsured women was used. Synthetic population tables were obtained for 1927–1966 birth cohorts by using 1990–2005 NHIS data. The analysis was restricted to the group aged 25–64 years, women, and the uninsured to most closely match the population eligible for NBCCEDP. Each woman was assigned a birth cohort (1927–1932, 1933–1937, every 5-year interval through 1972, and 1973–1975) by subtracting her age from the year of NHIS. For each year of NHIS data and each birth cohort, the total number of women in the analysis sample and the percentage that reported ever having had a mammogram were calculated. 
To calculate the baseline mammography rates for each 5-year birth cohort, the methods described by Cronin et al.2 were then used to transform the cross-sectional NHIS data into a longitudinal picture of the birth cohorts. The transformation involved following the increase in mammography rate across time for each birth cohort. During the earliest period, 1975−1990, the number screened during the interval was assumed to be the percentage who reported ever having had a mammogram in the 1990 NHIS data. For the next period, 1990–1992, the number screened during the period was assumed to be the marginal percentage increase in women who reported ever having had a mammogram in the 1992 NHIS relative to the 1990 data. This process was continued for each period until 2005, the final available year of NHIS data. If a period had a lower mammography rate than the previous period, then the rate from the early period was used and it was assumed that no additional women received a mammogram during that period 
The 1953–1957 birth cohort data are summarized in Table 4. Similar tables were derived for other cohorts.
Table 4.
NHIS-derived synthetic population of uninsured women, 1953–1957 birth cohort

	Start year
	End year
	Total population
	Number screened before interval
	Number screened during interval
	Number not screened at end of interval

	1975
	1990
	386
	0
	47
	339

	1990
	1992
	209
	26
	39
	144

	1992
	1993
	194
	60
	15
	119

	1993
	1994
	191
	74
	12
	106

	1994
	1998
	263
	118
	34
	112

	1998
	2000
	285
	164
	5
	116

	2000
	2003
	261
	154
	24
	82

	2003
	2005
	235
	161
	9
	65


Likelihood maximization was performed in R, using the Broyden-Fletcher-Goldfarb-Shanno (BFGS) method. A large set of coefficient vectors covering the set of plausible values for the three starting coefficients was created. The BFGS algorithm was used on each of those vectors as a starting condition. Picking the run that produced the highest likelihood function value ensured the best local solution over the set of plausible coefficient values.
In generating the likelihood function, a no-screening assumption different from Cronin et al.’s was made. It was assumed that no screening took place until 1975 or the midpoint of the cohort reached 25, whichever occurred later. The modification was necessary because empirical data indicated that, in some 5-year birth cohorts, more than 10% of the population received their first mammography by age 30 years.

The optimization produced two sets of anomalous results. For the last birth cohort (1963–1967), the maximum likelihood estimate for the proportion of women who would never get screened was p=0.5133. This result was attributed to the fact that by the year 2005 (the last data point in NHIS), those women would not yet have entered the recommended screening age, thus resulting in much lower observed frequencies of first screens. Such distorted data would likely produce a fitted curve that would deviate from the true first screening dissemination curve. In recognition of that issue, the coefficient estimates from the 1958–1962 cohort were extended to the 1963–1967 cohort.

The other anomalous result did not have an intuitive explanation. The estimate for the proportion of women who would never receive screening from the 1943–1947 cohort was p=0.01, whereas for birth cohort 1938–1942 it was p=0.146, and for birth cohort 1948–1952 it was p=0.181. Further examination is necessary to determine what aspects of the data for this particular birth cohort resulted in such a different estimate. For overall simulation purposes, the coefficients estimated for birth cohort 1938–1942 were extended o the 1943–1947 cohort. 

With those two corrections in mind, the final estimates are presented in Table 5. The corresponding table with maximum likelihood estimates for the general population can be found in Cronin et al.2
Table 5.
Mammography dissemination parameters for uninsured women, by birth cohort

	Birth cohort
	k1
	k2
	p-value

	1927–1932
	0.000545
	0.490984
	0.347454

	1933–1937
	0.000168
	0.529045
	0.273819

	1938–1947
	0.013019
	0.16931
	0.146333

	1948–1952
	0.001953
	0.301887
	0.181426

	1953–1957
	0.004249
	0.298438
	0.273644

	1958–1965
	0.024899
	0.095933
	0


3.1.1
Subsequent Mammograms

Subsequent mammograms were assigned by fitting a proportional hazards model with a frailty parameter to longitudinal registry data from the Breast Cancer Surveillance Consortium. Cronin et al.’s methodology2 was adopted. The cited reference contains an exhaustive explanation of data collection and data analysis; it also provides estimates for the gamma frailty model coefficients and an algorithm for the implementation of mammogram-generating code. The modified screening history simulator relied on that algorithm as well as the source code obtained from Cronin et al.2
For overall simulation purposes, the estimated base case survival curves were used for women aged 50–59 years that were included in table form in the source code. For ease of implementation, cumulative distribution tables were generated for each type of screener that shared the same quantiles. In the case of quantiles with no direct entry in the original table, a linear interpolation was used. This led to a negligible loss of information.
The gamma frailty model coefficient estimates provided by Cronin et al.2 were used. However, the proportions of annual, biennial, and irregular screeners were adjusted to better reflect characteristics of the targeted uninsured population. New proportions were calculated using NBCCEDP data later on in this appendix and explained in much greater detail by Cronin et al.2 The 1990–2005 NHIS data were used for the general uninsured population, as summarized in the “General Uninsured Population” section of Table 6.

Based on NBCCEDP patient data, an estimate was calculated for how those proportions changed for uninsured women who received program screens. The NBCCEDP surveillance database was used to estimate the frequency of mammograms within the program and the age distribution of the program population. For each woman participating in the NBCCEDP, the dates of each program mammogram and the dates of any out-of-program mammograms reported by the women were used to calculate the frequency of receiving a mammogram. To limit the analysis to “screening” mammograms, any mammograms less than 9 months after the previous reported mammogram were not included. After estimating the mean time between mammograms, each woman was categorized as receiving annual screening (<1.5 years); biennial screening (1.5 to <2.5 years); or irregular screening (2.5 years or more) according to the definitions used by Cronin et al.2 All analyses were restricted to the population aged 40–64 years. The estimates are presented in the “Program Uninsured Population” section of Table 6. 

Table 6. Percentage of annual, biennial, and irregular screeners among uninsured women, stratified by age

	
	General uninsured population
	
	Program uninsured population

	Age (years)
	Annual
	Biannual 
	Irregular
	
	Annual
	Biannual 
	Irregular

	20
	0.0629
	0.1219
	0.8152
	
	0.0629
	0.1219
	0.8152

	40
	0.1767
	0.1833
	0.64
	
	0.4692
	0.2559
	0.2750

	50
	0.2872
	0.207
	0.5059
	
	0.5601
	0.2394
	0.2005

	60
	0.3596
	0.1675
	0.4729
	
	0.6899
	0.2159
	0.0943

	65
	0.605
	0.1416
	0.2535
	
	0.605
	0.1416
	0.2535

	70
	0.5571
	0.1566
	0.2863
	
	0.5571
	0.1566
	0.2863

	80
	0.4021
	0.1563
	0.4416
	
	0.4021
	0.1563
	0.4416


Note: The percentage splits for ages >65 years represent the proportions observed among all women aged >65 years in the NHIS data, reflecting the fact that almost all women aged ≥65 years have insurance coverage through Medicare. For an explanation, see Section 3.1.2.

3.1.2
Additional Modifications to the Cronin et al. Screening Model
When uninsured women reach the age of 65 years, they become eligible for Medicare, which covers mammography screenings. To account for that, the model assumed that previously uninsured women aged >65 years exhibit the same characteristics as the general female population from the respective age category.
In terms of first mammogram dissemination, our assumption required the splicing of two distribution functions for time to first detection. Among women aged (65 years, the spliced distribution behaved like the distribution function for uninsured women from the respective age group. Among women aged >65 years, the distribution of time to first detection assumed the distribution for the general female population, with caution being taken to only distribute enough probability after age 65 years so that the overall total for a woman’s lifetime is one.
In practice, the following algorithm was used to draw from the spliced distribution:

· Draw a random number between zero and one (RandNum).

· Determine T65, the time interval from the moment a woman becomes eligible to receive her first screen until she reaches age 65 years. 
· Determine F65, the cumulative probability over T65 (the cumulative distribution uses coefficients for uninsured women).
· If RandNum ≤ F65, return the inverse distribution function for uninsured women evaluated at RandNum.
· If RandNum > F65 (woman gets her first screen after she reaches age 65 years),
(i)
calculate the inverse distribution function for the general population evaluated at RandNum,
(ii)
calculate the inverse distribution function for the general population evaluated at F65,
(iii)
subtract the time computed in (ii) from the time computed in (i), and
(iv)
return 65 + the difference computed in (iii).

For subsequent screenings, it was necessary to make sure that after a woman reaches age 65 years, her propensity to be an annual, biennial, or irregular screener changes from the estimated propensities for uninsured women of her age to those of the general population of the same age. Table 6 has been modified accordingly, as explained in the note to Table 6.
Because the NBCCEDP is only available to uninsured women aged 40–64 years, it was necessary to splice the screenings generated with program parameters into the overall screening history of the woman. This was accomplished by performing two additional comparisons at age 40 years (program entry) and at age 65 years (program exit). The two comparison algorithms are outlined in Sections 3.1.2.1 and 3.1.2.2.
3.1.2.1 Program Entry Algorithm

If currently generated screening age SA1 (whether first mammogram or subsequent one) is more than 40 years,
· generate a new screening age (SA2) from the distribution function for age of first NBCCEDP mammogram corresponding to current woman’s birth cohort (the derivation of the distribution functions is explained later in the section),
· take min (SA1, SA2) and store that as the actual screening age, and
· continue generating screening ages using program-specific coefficients where applicable.
3.1.2.2 Program Exit Algorithm

If currently generated screening age SA1 is more than 65 years,
· generate a new screening age SA2, assuming previous mammogram occurred at 65 years, and using regular women coefficients for annual, biennial, and irregular propensity;
· take min (SA1, SA2) and store that as a screening age entry, and 
· continue generating screening ages using general population coefficients where applicable.

To be able to perform the program entry comparison, a distribution function for the age of first NBCCEDP screening for every birth cohort we considered was needed. They were generated by taking the records of all women whose records were used in estimating annual, biennial, and irregular program screening propensities and stratifying them by age at first NBCCEDP mammogram and by calendar year of first NBCCEDP mammogram. Data for each birth cohort were then used to calculate what proportion of women received their first NBCCEDP screen by a given age. Table 7 shows the cumulative distribution function for birth cohorts 1942–1948.
Table 7. Cumulative distribution for age at first NBCCEDP screen, for birth cohorts 1942–1948

	Age (years)
	1942
	1943
	1944
	1945
	1946
	1947
	1948

	40
	0
	0
	0
	0
	0
	0
	0

	41
	0
	0
	0
	0
	0
	0
	0

	42
	0
	0
	0
	0
	0
	0
	0

	43
	0
	0
	0
	0
	0
	0
	8.94E–05

	44
	0
	0
	0
	0
	0
	0.000149
	0.003716

	45
	0
	0
	0
	0
	0.000179
	0.004389
	0.014122

	46
	0
	0
	0
	9.16E-05
	0.004442
	0.01517
	0.027184

	47
	0
	0
	6.32E–05
	0.004456
	0.015568
	0.028685
	0.041587

	48
	0
	0.000127
	0.004016
	0.015397
	0.029267
	0.04301
	0.059884

	49
	0.000132
	0.004187
	0.015446
	0.028887
	0.043625
	0.061039
	0.092329

	50
	0.004934
	0.016033
	0.030861
	0.044727
	0.064626
	0.097135
	0.139866

	51
	0.017451
	0.034096
	0.055081
	0.086829
	0.139539
	0.205722
	0.26137

	52
	0.035658
	0.058059
	0.095064
	0.153149
	0.233252
	0.306724
	0.364552

	53
	0.059639
	0.098038
	0.159916
	0.242862
	0.325865
	0.398115
	0.456064

	54
	0.1001
	0.160553
	0.247597
	0.333583
	0.410983
	0.483251
	0.542468

	55
	0.164509
	0.246745
	0.33512
	0.41916
	0.491329
	0.563774
	0.656822

	56
	0.250613
	0.336299
	0.419971
	0.500435
	0.570203
	0.669775
	0.772185

	57
	0.337719
	0.421032
	0.499115
	0.577971
	0.676308
	0.778238
	0.872954

	58
	0.420319
	0.500896
	0.57546
	0.681784
	0.785163
	0.874043
	0.960035

	59
	0.497525
	0.578556
	0.677718
	0.78691
	0.880293
	0.96077
	0.999911

	60
	0.572921
	0.67615
	0.783675
	0.879813
	0.962523
	0.999963
	1

	61
	0.674041
	0.779152
	0.875656
	0.961301
	0.99989
	1
	

	62
	0.777546
	0.87026
	0.959717
	0.999924
	1
	
	

	63
	0.87337
	0.957102
	0.999937
	1
	
	
	

	64
	0.963717
	0.999873
	1
	
	
	
	

	65
	1
	1
	
	
	
	
	


To determine whether breast cancer screening would lead to earlier detection, a breast cancer history and a screening history were generated for each woman. For women in whom cancer developed, the breast cancer history was overlaid with the screening history. If a screen occurred between the age when the tumor was screen-detectable and the age at clinical detection, then the tumor would be detected early. In the example in Figure 1, the woman’s tumor was detected at her second screening while the tumor was still at the local stage; in the absence of screening, her tumor would have been detected clinically at the regional stage.
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Figure 1. Scheme for modeled screening history related to natural history. Numbers on screening history represent first screen, second screen, and so on. In this example, the invasive tumor would be detected at the second screen at the local stage. In the absence of screening, the tumor would be clinically detected at the regional stage.

4.
Mortality from Other Causes

Calculating the benefits of NBCCEDP screening requires the availability of cumulative distribution functions for breast cancer mortality and other-cause mortality. Breast cancer mortality is discussed further in Section 5 of this Technical Appendix. Determining other-cause mortality requires removing breast cancer mortality from the overall mortality figures that are generally available. To do that, the approach already described elsewhere was followed.7 All-cause central and breast cancer central death rates from NCHS were generated using Rosenberg’s methods.7  This method derived a breast cancer actuarial rate and subtracted the latter from the all-cause mortality actuarial tables found at the Human Mortality Database (HMD)1,8 The resulting other-cause mortality actuarial table was converted into a cumulative distribution for each birth cohort.
All-cause mortality rates from HMD are available by single year of age; however, breast cancer mortality rates are only available by 5- and 10-year age groups in the NCHS data. Using Rosenberg’s methods, the listed breast cancer mortality rate was assigned to the median age of a given age group, and then linear interpolation was used to assign mortality rates to each of the other single ages within a 5- or 10-year age group. For the ages below the lowest age group or above the highest age group, linear extrapolation was used to calculate the breast cancer mortality rate. Although in the calculation of actuarial breast cancer mortality, Rosenberg uses all-cause mortality rates from both NCHS and the Berkeley Mortality Database (the predecessor to HMD), the NBCCEDP model uses NCHS data only; however , all-cause mortality rates are still used in the calculation of other-cause mortality. For a more detailed explanation, please see Rosenberg’s methods.7
5. Treatment and Survival Module
Treatment and survival analysis is based on the respective sections in Plevritis et al.’s model.1 A patient’s postcancer detection survival depends on the type of treatment assigned and the type of detection (screening or clinical). In the absence of screening or treatment, breast cancer survival is drawn from our base case survival curves estimated from SEER 1975–1979 data (further discussed in Section 5.1.1). Treatment increases survival over the whole curve (proportional benefits assumption). Screening adds a second survival curve to the clinical detection curve; breast cancer survival is then determined by taking the maximum of the two, as discussed in Section 5.1.2 and proposed by Plevritis et al.1
5.1 Treatment

To model treatment dissemination, a simplified version of the framework presented by Mariotto et al.9 was adopted (which is also the basis for the CISNET base case treatment dissemination input used by Plevritis et al.1). In both references, one of four treatments (multi-agent chemotherapy only, tamoxifen only, both, or none) is assigned depending on age, historical stage, estrogen receptor (ER) status, and calendar year of detection. The simplified model used in this study reduced those four dimensions of treatment distribution selection to two: ER status and historical stage. That was achieved by

· using the 1991 treatment proportion data for ER-positive and ER-negative patients outlined in Table 2 of Mariotto et al.,9 and
· combining the historical stage data over all three age groups with the age group sizes as weights.

In the data source, some ER-negative patients would receive tamoxifen or adjuvant treatment; their counts were generally small relative to the group in question. To maintain the assumption of no tamoxifen survival benefits for ER-negative patients, those data were not taken into account. 

The final treatment dissemination distributions that were used in the model are reported in Table 8 as follows. As noted before, ER-negative patients have zero probability of receiving tamoxifen only or adjuvant treatment.
Table 8.
Treatment dissemination probability, by historical stage and ER status

	Treatment
	ER+ /local
	ER+ /regional
	ER+ /distant
	ER-/local
	ER-/regional
	ER-/distant

	Chemotherapy only
	0.16
	0.23
	0.26
	0.34
	0.65
	0.75

	Tamoxifen only
	0.37
	0.31
	0.29
	0
	0
	0

	Both
	0.08
	0.26
	0.33
	0
	0
	0

	None
	0.39
	0.2
	0.12
	0.66
	0.35
	0.25


ER, estrogen receptor
It was assumed that ER status is exogenous to the natural history of tumors and it does not affect screen detection. Similar to Plevritis et al.,1 proportions of ER-positive tumors in SEER 1990–1994 data were used to determine the age-specific probabilities applied in the model. They are summarized in Table 9.
Table 9.
Age-specific probability of having an estrogen receptor–positive tumor

	Age (years)
	Probability

	25
	0.62

	50
	0.75

	70
	0.83


The hazard ratios for the chemotherapy only and tamoxifen only treatments were adopted from Mariotto et al.,9 which summarized data from the Early Breast Cancer Trialists’ Collaborative Group. For adjuvant treatment, proportional benefits (i.e., the product of the respective hazard ratios) were assumed. The hazard ratios used are reported in Tables 10 and 11.

Table 10. Age-specific hazard ratios for chemotherapy only 

	Age (years)
	Hazard ratio

	25
	0.73

	50
	0.86

	60
	0.89


Table 11. Hazard ratios for tamoxifen-only therapy, by duration of therapy

	Duration (years)
	Hazard ratio

	2 
	0.82

	5 
	0.72


5.1.1
Baseline Survival (No Screening or Adjuvant Treatment)
The data and assumptions about baseline breast cancer survival outlined by Cronin et al.10 in the CISNET base case input, which was also used by Plevritis et al. were used.1 The survival curves in question are Kaplan-Meier estimates based on SEER 1975–1979 data. These data are stratified by age at detection, historic stage, and tumor size at detection (except for distant disease). The tail of the curve (survival beyond 24 years) is assumed to represent cured breast cancer patients.
The survival curves were freely available for download with the electronic version of Cronin et al.’s article,10 included as Chapter 5 in monograph 36 of the Journal of the National Cancer Institute. They can also be obtained from the author upon request.

5.1.2
Breast Cancer Survival in the Case of Screen Detection and/or Adjuvant Treatment
Adhering to the methods prescribed by Plevritis et al.,1 screen detection survival was modeled as the maximum of two intermediate survival curves: survival based on age, size, and stage at clinical detection; and survival based on age, size, and stage at screen detection. Both intermediate survival quantities are generated by initiating the corresponding curve at the respective time of detection. In the survival curve based on the maximum of the two intermediate curves, patients whose tumors were screen detected survive lead time with probability 1 (Figure 2). Such an approach is appropriate if screen detection is considered to be superimposed on a tumor’s natural disease progression; as such, a patient whose tumor was screen detected should have at least the same survival probability as a patient whose tumor was clinically detected. Similarly, a simulated patient whose tumor would have been clinically detected before her death, but was screen detected at some earlier age, should survive the lead time with certainty because we know that she would have been alive at the (later) age of clinical detection. 
Hazard ratio reductions as a consequence of treatment are assigned to both of the curves discussed above before their maximum is taken. The ratios depend on patient characteristics at age of screen and clinical detection, respectively. Overall breast cancer mortality depends on whether death from other causes will take place before breast cancer death.
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Figure 2. Breast cancer survival curve for screen-detected women

6.
Simulation Details
The model was programmed in TreeAge Pro 2008 Suite, version 1.5.1 (TreeAge Software Inc, Williamstown MA). Separate Monte Carlo simulations were performed for women who received screening from NBCCEDP (Program), women who potentially received screening from other sources in the absence of the program (No Program), and women who received no screening at all (No Screening). Each run consisted of 1000 samples with 100,000 women per sample. The runs were synchronized so that corresponding trials under each scenario represented simulated women with identical natural histories.

To compare simulation results to actual data for the approximately 1.8 million women who received mammograms in NBCCEDP between 1997 and 2006, the percentage of cancers detected in the simulation by 1.8 million were multiplied. The effect of NBCCEDP was estimated as the difference in LYs between the Program and No Program results. This comparison reflects the fact that some uninsured women would receive mammogram screening even in the absence of NBCCEDP. To estimate the overall impact of screening, the differences in LYs between the Program and No Screening results were also calculated. A bootstrap approach was used to calculate 95% CIs for LYs saved, taking the 25th and 975th values from the 1000 samples.
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