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Abstract 
The purpose of this project was to enhance breast cancer screening by identifying the 

factors that impact it. Breast cancer is the most common cancer diagnosed in women, and 
American women have a 12.3% risk of contracting it at some point in their life. Although 
screening has proven to be successful, controversies surrounding breast cancer screening 
programs remain. The screening start age, end age and frequency are subjects of the debate. 
This project aimed to address these controversies by developing a computer simulation of 
breast cancer screening. The simulation used rejection sampling to generate a cohort of 1 
million women with 5 main attributes which are 1) age in the year 2016, 2) race, 3) age of 
death from non-breast cancer causes, 4) age at which the breast cancer was contracted, and 
5) the growth rate of breast cancer. We then examined the generated cohort with different 
screening procedures. The study focused on mammography and breast CT screening 
modalities. To determine the most efficient breast cancer screening protocol several 
parameters were of interest. One of these parameters was years of life saved per number of 
tests performed. We concluded that screening every 2 years with CT starting at age 50 until 
80 has the highest years of life saved per number of screenings for the entire population. The 
study also suggests that races benefit differently from each screening program, which should 
be taken into account for screening policies.  
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1. Introduction 

In the United States (US), one in every eight women will develop breast cancer at 
some point in her lifetime. This translates to approximately a 12.3% lifetime risk of developing 
breast cancer [1, 2]. Approximately 316120 new cases of breast cancer were diagnosed 
among US women in 2017, and an estimated 40610 women in the country were expected to 
die from breast cancer in that year. In the US alone there were more than 3.5 million women 
with a history of breast cancer who were alive at the beginning of the year 2016 [3, 4]. Breast 
cancer accounts for more than 1 in 10 new cancer diagnoses every year, making it the most 
common cancer diagnosed in women. After lung cancer, breast cancer is the leading cause of 
cancer death among women. [5-7] 

An assessment of breast cancer demographics from the year 2010 to 2014 has shown 
the median age of breast cancer diagnosis to be 62 years old [8]. In general, breast cancer 
incidence and mortality increase with age. Factors such as ethnic background and 
socioeconomic status also affect breast cancer mortality and incidence. For instance, in the 
US, death rates from breast cancer are higher for black women than white women while 
incidence rates are higher for white women than black women [9, 10]. Black women are 
found to have 59 as their median age of breast cancer diagnosis, while that of white women is 
63 years old [8]. 

Screening is used to find cancer when it is still small and curable, which results in a 
reduction of breast cancer mortality [11]. The evidence that mammography leads to reduced 
death rates is provided by randomized controlled trials (RCTs) [12-14]. One of the most recent 
RCTs in screening mammography started in 1982 in Gothenburg, Sweden. A random sample 
of around 52000 women aged 39 to 59 was selected and was offered 2-view mammography 
screening every 18 months [15]. The women invited for screening experienced a reduction of 
23% in mortality after a follow-up period of 14 years [16]. 

Different screening modalities are used for breast cancer detection. Among them are 
mammography, MRI, Ultrasound, and Computerized Tomography (CT). These modalities are 
constantly being studied to assess their effectiveness in breast cancer screening. Breast 
cancer screening leads to earlier detection of breast cancer. As treatment is more effective in 
earlier stages of the disease, early detection results in a better prognosis and lower mortality 
rates.  

Since the adoption of screening mammography in the US in the 1980s, there has been 
a steady decrease in women’s age-adjusted breast cancer mortality [11]. In current practice, 
mammography has the highest sensitivity to identify breast cancer at an earlier phase [17]. 
Despite the proven success of screening, and mammography in particular, there are 
controversies regarding breast cancer screening programs. Approximately a third of women 
above age 40 do not receive screening regularly in the US. The low compliance may be due to 
the lack of a national consensus on the screening guidelines [11]. It should be acknowledged 
that these controversies stem from factors which go beyond science. For instance, differing 
perceptions of epidemiological data, financial competition between insurance payers and 
radiologists, and politics of advocacy-driven research stimulate these controversies. 



 2 
 

One aspect of the controversy is whether women should start screening at age 40 or 
50, and how often they should undergo screening. Furthermore, the age at which screening 
should be conducted is also debatable. Another question is whether people with different risk 
factors, for instance, depending on their race, should be screened with a different program.  

The three main organizations that have issued guidelines for breast cancer screening 
in the US are the US Preventive Services Task Force (USPSTF), the American Cancer Society 
(ACS), and the American College of Radiology (ACR). The consensus among the three 
organizations is that screening mammography saves lives and should be performed in women 
aged 50-74 [11]. However, while panels have been held to resolve the debatable issues, they 
have not resulted in a consensus on the screening program to be conducted. For instance, the 
USPTF recommends screening women aged 50 to 74 biennially using mammography while 
the ACS recommends women aged 50 to 54 to be screened with mammography annually, and 
women older than 55 to have the choice of continuing screening annually or transitioning to 
biennial screening. Furthermore, the USPTF suggests a personal choice of biennial screening 
with mammography for women prior to age 50. On the other hand, according to the ACS, 
women aged 40 to 44 should have the choice to undergo annual screening mammography 
while women aged 45 to 49 should be screened with mammography annually [14, 18-20]. The 
ACR recommends annual screening with mammography for women aged 40 to 74 [21, 22]. 

We developed a computer simulation of breast cancer screening in this research 
project to address the issues and controversies mentioned above. A set of selected 
parameters which influence breast cancer screening was modeled in the simulation. The 
influence of each of these parameters on the simulated breast cancer outcome was evaluated 
by slightly changing the parameters. 

We developed a database which characterizes the female population in the United 
States. The database reflects appropriate age and racial distributions along with death rates 
from non-breast cancer causes and breast cancer incidence. We developed a cohort simulator 
with the capability of generating a cohort of women in which 5 main attributes were assigned 
to each female within the cohort. The attributes are 1) age in the year 2016, 2) race, 3) age of 
death from non-breast cancer causes, 4) age at which the breast cancer was contracted, and 
5) the growth rate of breast cancer. Different screening procedures were examined on the 
aforementioned database. The screening modalities studied were mammography and breast 
CT. Several parameters of interest were studied on the results of the different screening 
procedures to determine the most efficient breast cancer screening protocol. 

The goal of our research project was to gain a better understanding of the factors that 
affect breast cancer screening, and to use that knowledge for improving breast cancer 
screening techniques.  

It should be noted that while this study focuses on masses, not all breast cancers are 
in the form of a distinct mass or tumor. An example of tumor-free cancers is inflammatory 
breast cancer (IBC). Symptoms of this cancer may be inflammation of the breast or distortions 
in the breast skin. IBC is often wrongly diagnosed as mastitis or an infection. Detection of IBC 
relies heavily on biopsy and includes physical examination, patient history, and pathology 
results. [23, 24] 
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As mentioned, targeting masses is one of several breast cancer endpoints, and 
focusing on masses and using solid tumor size as the only indicator of breast cancer pose a 
limit to the findings of this study.  
 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 4 
 

2. Methods 

In this chapter, the general methods used throughout the project are explained. 
The importance of simulation methods in various sciences has significantly grown in the past 
several years. These methods are an integral part of computational sciences such as 
computational physics and computational chemistry. Computation has been recognized as a 
third approach for advancing the natural sciences along with theory and traditional 
experimentation. This recognition is due to the growing power of computers and advances in 
simulation methodology. Random number generation is at the heart of simulation and many 
standard statistical methods [25]. 

2.1 Random Number Generation 
A sequence of numbers is considered random if the next number cannot be predicted 

from the previous one. [26, 27]	Concepts such as probability space and random variables are 
the basis for the fields of probability and statistics. [28]	 	

The need for producing unpredictable results has led to the development of a process 
called random number generation. In this process, a random number generator (RNG) 
produces a sequence of numbers or symbols that cannot be predicted by reason and depend 
on random chance. Computer simulations and statistical sampling are among the applications 
of random number generation.  

Two types of RNGs exist depending on the method by which they generate the 
random numbers. The first type leads to the generation of “True” random numbers by 
measuring some physical phenomenon expected to occur at random and then offsetting any 
measurement biases. Examples of “True” RNGs are measuring radioactivity or thermal noise. 
A drawback of True RNGs is that the sequence of numbers cannot be reproduced which 
renders verification of the calculation methods difficult. [29]  

The second type of RNGs utilizes computational algorithms which can produce long 
sequences of random results. These sequences only appear random but are fully determined 
by a shorter initial value called a seed. Consequently, with a known seed value the apparently 
random sequence can be reproduced in its entirety. These types of RNGs are called 
pseudorandom number generators (PRNGs). PRNGs are not typically reliant on sources of 
natural phenomena which allows them to not be limited by an external event. While PRNGs 
do not generate truly random sequences they are practical because of their reproducibility 
and speed in random number generation. These properties make PRNGs central in 
applications such as simulations.  

Deterministic algorithms generate pseudorandom numbers. Pseudorandom numbers 
are considered random because they pass statistical tests relevant to their distribution and 
correlation. MATLAB® RNGs are algorithms that are used to generate pseudorandom numbers 
with a prescribed distribution. Methods that generate pseudorandom numbers differ in the 
distribution used to produce the numbers. For instance, the rand function in MATLAB® returns 
random numbers from a uniform distribution. Three common pseudorandom number 
generation methods include the direct method, the inversion method, and the accept-reject 
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(rejection sampling) method. These methods can be used to generate random numbers from 
different distributions. [30]  

Random number generation was used in this study to perform statistical sampling and 
computer simulation. Utilizing MATLAB® for conducting the simulations, built-in MATLAB® 
RNGs were used to develop the randomness required in generating our data. The 
randomness was controlled by a process called rejection sampling for the simulations to 
accurately reflect the statistical data used in our samplings. Rejection sampling is explained in 
the next section.  

2.2 Rejection Sampling 
Rejection sampling is a method for generating random samples from a distribution 

that is difficult to sample from directly. The basic idea behind rejection sampling is to sample 
from a distribution that is easy to sample from, called the proposal distribution, and then 
accept or reject the sample based on its likelihood under the target distribution. 

To perform rejection sampling, we first need to define the target distribution and the 
proposal distribution. The target distribution represents the distribution that we are 
interested in sampling from, while the proposal distribution is a distribution that we can easily 
sample from. The proposal function should encapsulate the target function. In other words, if 
the probability density function (PDF) of the target distribution is !(#)	and the PDF of the 
proposal distribution is &(#) there needs to be a constant ' where ' × &(#) ≥ 	!(#) for all #. 

Next, we need to determine an acceptance criterion or a value for the acceptance 
threshold. This value determines the probability of accepting a sample from the proposal 
distribution. The acceptance threshold is typically set based on the ratio of the PDFs of the 
target and proposal distributions. In our case specifically, the acceptance threshold is set to 
!(#)/(' × &(#)). 

Once we have defined the target and proposal distributions and determined the 
acceptance threshold, we can generate samples from the proposal distribution and accept or 
reject them based on the acceptance threshold. To do this, we generate a sample #	from the 
proposal distribution and then generate a random number ,	between 0	and 1	from the 
uniform distribution /(0,1). If ,	is less than the acceptance threshold, we accept sample #, 
otherwise, we reject it and repeat the process.  

Figure 2.2.1 (a,b,c) illustrates an example of rejection sampling. !(#) and &(#) are the 
target and proposal density functions respectively. Figure 2.2.1-b indicates the target and 
scaled proposal function. Figure 2.2.1-c shows the normalized histogram of the samples 
generated using rejection sampling. 
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Fig 2.2.1 Rejection Sampling Performance Example 
 

An example of a proposal distribution that can be used for all target distributions in 
rejection sampling is the uniform distribution where '	is 12#(3(#)). While this proposal 
distribution works for all target distributions, it is not the most efficient proposal distribution 
as there may be a relatively large number of rejected samples. The proposal distribution 
chosen should be as close to the target distribution as possible while maintaining the 
requirements of an acceptable proposal distribution. 

Overall, while rejection sampling is a useful technique for generating random samples 
from complex distributions, it has its limitations. One of the key benefits of rejection sampling 
is that it can be used to generate samples from a wide range of distributions, as long as we 
can define a suitable proposal distribution. On the other hand, the acceptance rate or the 
proportion of samples that are accepted may be quite low, especially for distributions with 
highly skewed or multi-modal shapes. This can make rejection sampling computationally 
expensive, as it may require a large number of samples to be generated in order to obtain a 
sufficient number of accepted samples. 

This project consisted of multiple sections, each of which included simulations of 
statistical data. Rejection sampling was the method used to accurately sample the statistical 
data to be simulated. 
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2.3 Microsimulation  
 

Microsimulation is a type of computer modeling that captures a highly detailed 
analysis of activities. Activities such as spread of disease by pathogens, financial transactions, 
or flow of highway traffic can accurately be modeled with microsimulation. The difference 
between microsimulation and other modeling techniques is in considering the interaction of 
individual (“micro”) units such as people, vehicles, households, or businesses. 
Microsimulation treats each unit as an individual and autonomous entity. It leverages 
stochastic parameters to take into account individual tendencies and preferences. For 
instance, in the model for spread of disease, contributing factors such as resistance to the 
virus and personal habits such as hygiene vary among individuals and should be taken into 
account. Similarly, in the highway traffic model, driver preferences such as cautiousness or 
aggressiveness affect their driving and need to be considered [31]. 

Microsimulation is usually used to study the influence of some proposed changes or 
interventions such as government policies before they can be implemented in the real world. 
These models were developed as a guide for US social policy decisions in the 1970s [32]. 
Microsimulation is especially useful when carrying out tests on hypotheses is difficult or not 
practical to implement in the real world; for example, when such tests take long years to 
gather the needed information and determine the implications of the changes. 
Microsimulation provides a relatively cost-efficient method to inform policy changes and 
decisions [33]. 

According to the International Microsimulation Association, microsimulation is a 
modeling approach that functions at the level of individual units. The model denotes each 
unit by a record that includes a unique identifier and a set of parameters or attributes 
associated with the unit. An example of records is a list of people with known age, gender, 
employment, and marital status. Another example is a list of vehicles with a known model, 
origin, and destination. Units are described using a series of deterministic or stochastic rules 
which lead to simulated changes in behavior and state. Chances of dying, marrying, giving 
birth, or moving are examples of stochastic rules while changes in tax liability that result from 
changes in tax rules are an example of a deterministic rule. The estimated outcome of these 
rules determines the results [34]. 

One of the main uses of microsimulation is in the health sciences. The application of 
microsimulation in health policy decisions dates back to 1985 when “Microsimulation 
Screening Analysis” (MISCAN) was developed by Habbema and colleagues [35]. MISCAN 
models were used to evaluate the impact of screening on breast, prostate, colorectal and 
cervical cancer [36-39]. Some examples of applications of microsimulation in health sciences 
include transmission of infectious diseases such as smallpox, influenza, and HIV [40-45]. As 
described earlier, microsimulation can generate individuals independent of each other to 
simulate life histories. These life histories can be aggregated to estimate the comparative 
efficacy of treatments and prevention strategies at the population level. Microsimulation can 
be used for health policy decisions by generating predictions such as prediction of death rates 
and disease incidence trends of different policies [46, 47]. 
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An example of microsimulation for breast cancer is the OncoSim-Breast, a Canadian 
simulation model. In this simulation model, developed to study breast cancer interventions, 
the start, growth, and spread of tumors were simulated. The combination of breast cancer 
incidence, death rates, and cost of the screening program was used to project the screening 
outcomes in the population. The simulation allowed for different inputs from users to 
compare outcomes and answer questions. The result of this project was a close projection of 
observed data in Canada, and observations in the UK. In conclusion, the reproducibility of the 
outcomes rendered this microsimulation usable to inform policies regarding early breast 
cancer detection. [48] 

A practically similar approach was taken in our microsimulation project for breast 
cancer in the US. We used US female population data on age, race, mortality, and breast 
cancer incidence along with breast cancer growth rates to develop a cohort of women 
reflecting the population. Then, screening programs differing in screening start and end age, 
and screening frequency were applied to the cohort created to determine the efficacy of each 
program. This simulation was a microsimulation because the study was conducted on a micro 
level and the life histories of each person were developed and studied for the research to 
reach a conclusion. The simulated life histories were aggregated to estimate population-level 
results. In the end, the population-level results helped determine the most efficient breast 
cancer screening program.  

Throughout this project, random number generators and rejection sampling were 
implemented to develop the simulations using MATLAB® software. 
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3 The Cohort Generation Model 

In this chapter, the steps taken to generate the cohort of women studied in the 
project are explained. 

3.1 Demographics Model  

 Demographics Database 
A database was developed to characterize the female population in the United States. 

The database was designed to reflect appropriate age and racial distributions. High-resolution 
(1-year interval) population statistics were downloaded from the US Census Bureau website 
[49] and are shown in figure 3.1.1. As seen in the figure, data was available for five races; 
White, Black or African American, American Indian or Alaska Native, Asian, Native Hawaiian, 
and Other Pacific Islander. The plots show the number of women residing in the US by age for 
each race.  

 
             Fig 3.1.1 US Female Population by Age and Race on July 1, 2016 
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The data shown in Figure 3.1.1 includes individuals who might have reported more 
than a single race when surveyed. Consequently, summing the data from the five races shown 
in Figure 3.1.1 results in a number larger than the actual total population.  

Population Model Methods 
Data for total (all races combined) was also available on the US Census website but at 

the lower resolution of 5-year intervals. [50] The ratio of the actual total population (5-year 
total) to the sum of the five races (Total B) was 0.97186. This ratio was used to compute the 
more accurate high-resolution data for total (Total A). The ratio was also used to scale the 
data for each of the five races so that the sum of all five races would result in the accurate 
total population. Illustrated in figure 3.1.2 are the high resolution 1-year interval total by 
summation shown in the red line, the five-year interval actual total shown by bullet symbols 
and the recomputed high-resolution total shown by the dotted line.  
 

 
                  Fig 3.1.2 Total (All Races Combined) Population by Age 
  
 

The data was then validated for consistency after the rescaling. For instance, we made 
sure that the new total equals the sum of the five races after they were multiplied by the 
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scaling factor separately. The results matched as expected.     
  

The resulting datasets (five races and total) were modeled using the accept-reject 
method explained in section 2.2. to assign appropriate ages and races to the 10! simulated 
women in our generated cohort. This assigned age denotes the age of each woman on July 1, 
2016. A numerical flag was also assigned to characterize each person’s racial background.  

Model Results  
The results from the model for 10! simulated women are shown in figure 3.1.4. The 

model results are plotted along with the matching raw data which verifies the model. The 
bullets show the raw data, and the dotted lines are the results from the model.   
 
 

 
 
              Fig 3.1.4 Demographics Model Results and Raw Data  
          

Five different cohorts of women were generated and saved to our database for 
further study. The different cohorts were obtained by changing the seed for the random 
number generator used in the simulations. The results were compared and are shown for the 
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total (all races combined) in figure 3.1.5. The solid symbols illustrate the mean population at 
each age and the error bars represent ±1 standard deviation (SD). 
 

 
         Fig 3.1.5 Comparison of Five Generated Cohorts for Total ( All Races Combined) 
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3.2 Death Model  

Death Rates Data  
Because the prognosis model (as will be discussed in chapter 4) deals with the 

probability of dying from breast cancer independently from other causes of death, death 
rates due to all causes except breast cancer were sought for the general population.  

The objective was to obtain the age at which each woman in our cohort would die 
from all causes other than breast cancer. The Center for Disease Control and Prevention (CDC) 
website [51] had five-year resolution death rates from all causes, but not from all causes 
excluding breast cancer.  

This data, shown in figure 3.2.1 includes rates of death from all causes in the US 
female population for all races combined, and the four races of White, Black, American Indian 
or Alaska Native, and Asian or Pacific Islander. The rates are per 100,000 population in each 
specified group. While the general range of the age groups is 5 years, people 85 and above 
are categorized as one age group. According to the source of the data, it is important to note 
that because of inconsistencies in censuses, surveys, and death certificate race reportings one 
should take caution when interpreting the data for races other than White and Black. 

 
Fig 3.2.1 US Female Death Rates per 100,000 from All Causes by Age and Race  
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Data for mortality rates by age from breast cancer were available on the Surveillance, 
Epidemiology, and End Results Program (SEER) website [52]. This data, shown in figure 3.2.2 
includes death rates from breast cancer for the US female population for all races combined 
and the four races of White, Black, American Indian or Alaska Native, and Asian or Pacific 
Islander. Hispanics and Non-Hispanics are not mutually exclusive from whites, blacks, 
Asian/Pacific Islanders, and American Indians or Alaska Natives. The rates are per 100,000 and 
are at a 5-year resolution. People 85 and older are categorized as one age group.   
 

 
              Fig 3.2.2 US Female Death Rates per 100,000 Population from Breast Cancer by Age 
and Race  

Death Model Methods  
As mentioned earlier, we aimed to determine the ages of death from any cause other 

than breast cancer for the normal US population. Mortality rates due to breast cancer were 
subtracted from death rates from all causes in order to obtain rates of death from all causes 
except breast cancer. 

The data for both death rates from all causes and death rates from breast cancer 
categorizes people 85 and above into a single group. Based on the list of verified oldest 
people, the oldest woman in the world has lived up to age 123. Thus, a data point illustrating 
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a 100% probability of dying at age 125 was added to the data in order to obtain more 
accuracy at older ages. Figure 3.2.3 illustrates the resulting death rates at 5-year intervals and 
the corresponding interpolations to 1-year interval resolution.   

While the data for population by age and race were available for total and the five 
racial categories of White, Black or African American, American Indian or Alaska Native, Asian, 
Native Hawaiian and Other Pacific Islander, both datasets for death rates were available only 
for total and the four races of White, Black, Asian or Pacific Islander, and American Indian or 
Alaska Native. Death rates for Native Hawaiians were not included in the necessary data. 
Consequently, the women who were assigned the numerical flag of Hawaiians in the 
demographics simulation were omitted from the cohort and no longer included in further 
studies.  

 

              Fig 3.2.3 US Female Death Rates per 100,000 Population from all Causes Except Breast 
Cancer by Age and Race  
 

The resulting dataset was modeled using the accept-reject method. Starting with the 
woman’s age in 2016, assigned in section 3.1, the simulation lives through each woman’s life 
until she reaches her age of death from non-breast cancer causes. Appropriate ages of death 
from non-breast cancer causes are assigned to the women in our generated cohort 
corresponding to their racial category.  
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Model Results  
The results from the model are shown in figures 3.2.4 and 3.2.5. Figure 3.2.4 

demonstrates the ages of death from all causes other than breast cancer for total and the 
four races of White, Black, Asian and Indian.

 
 

              Fig 3.2.4 Death model results  
 
Figure 3.2.5 shows a histogram of the ages of death from all causes other than breast cancer 
for all races as an example.  
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   Fig 3.2.5 Histogram of Death Model Result for All Races 

 
According to the CDC life expectancy for White females in the US is 81.1-83.8 

depending on Hispanic origin. The average age of death for total in our model was 82.6 which 
is a good approximation. 

A test to verify the death simulation was to calculate the death rates based on the 
ages of death assigned in the simulation to compare with the initial raw death rates. Figure 
3.2.6 shows the result of this comparison for total per capita as an example. As can be seen, 
the plots match accurately and verify the simulation results.  
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               Fig 3.2.6 Death model Verification Results per Capita 

As done for the demographics model, the five different cohorts of women generated 
and saved to our database were further studied to assess the variance and true randomness 
of the simulations. The death simulation was applied to each different cohort for comparison 
and the results were saved as another parameter component of each cohort. The resulting 
ages of death from non-breast cancer causes were compared and are shown for total (all 
races combined) in figure 3.2.7. The solid symbols illustrate the mean population of people 
dying at each age from all causes other than breast cancer and the error bars represent ±1 
standard deviation (SD).  
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                   Fig 3.2.7 Death model Results  
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3.3 Incidence Model  

Breast Cancer Incidence Data 
 The next step in generating the cohort was to determine the age at which each 
woman would contract breast cancer (if she does in her lifetime). In other words, the age of 
breast cancer incidence was another parameter assigned to each woman in the generated 
cohort. Data for breast cancer incidence rates by age was available on the Surveillance, 
Epidemiology, and End Results Program (SEER) website [53]. This data, shown in figure 3.3.1 
includes breast cancer incidence rates for the US female population for all races combined 
and the four races of White, Black, American Indian or Alaska Native, and Asian or Pacific 
Islander. Hispanics and Non-Hispanics are not mutually exclusive from Whites, Blacks, 
Asian/Pacific Islanders, and American Indians/Alaska Natives. The rates are per 100,000 and 
this data is available at 5-year age interval resolution and people 85 and older are categorized 
as one age group. The data was interpolated to 1-year interval resolution which is included in 
the figure. 

 
               

Fig 3.3.1 US Breast Cancer Incidence Rates per 100,000 by Age 
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Sojourn Time Data 
The incidence rates shown earlier in fact reflect the time of detection as incidence. 

The time it takes for a tumor to be detected after it is initiated is called the Sojourn time (ST). 
Data for average breast cancer Sojourn time by age was available from Spratt et al. [54] This 
data, available only at 4 year intervals, and the interpolation can be seen in fig 3.3.2. 

 

 
 
              Fig 3.3.2 Average Breast Cancer Sojourn Time by Age 

Incidence Model Methods 
Using the interpolated age-dependent Sojourn time data we adjusted the incidence 

rates backwards in time to reflect the incidence at the time the tumors are initiated. Thus, the 
true age of breast cancer incidence or initiation, the original (SEER) incidence rates and the 
resulting Sojourn time-corrected incidence rates are shown in figure 3.3.3. As illustrated, the 
rates have shifted towards younger ages of incidence.  
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Fig 3.3.3 SEER Breast Cancer Incidence Rates and Sojourn-time Corrected Incidence       
Rates 

Model Results  
The results from the model are shown in figures 3.3.4 and 3.3.5. Figure 3.3.4 

demonstrates the ages of breast cancer initiation for total and the four races White, Black, 
Asian, and American Indian or Alaska Native. Figure 3.3.5 shows a histogram of the ages of 
breast cancer initiation for total. The average age of breast cancer initiation for total is 
approximately 68 years old. 
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              Fig 3.3.4 Breast Cancer Incidence Model Results  
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              Fig 3.3.5 Breast Cancer Incidence Model Result for Total 
 
 

A method to verify the incidence simulation was to calculate the incidence rates based 
on the ages of incidence assigned in the simulation to compare with the initial raw incidence 
rates. Figure 3.3.6 shows the result of this comparison for total per capita as an example. As 
can be seen, the plots match accurately and verify the simulation results.  
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Fig 3.3.6 Breast Cancer Incidence Model Results and Raw Data for Total (All Races 
Combined) per Capita 

 
 

As done for the earlier models, the five different cohorts of women generated and saved 
to our database were further studied to assess the variance and establish the true randomness 
of the simulations. The incidence simulation was applied to each different cohort for 
comparison and the results were saved as another parameter component of each cohort. The 
resulting ages of breast cancer incidence were compared and are shown for total (all races 
combined) in figure 3.3.7. The solid symbols illustrate the mean population of people 
contracting breast cancer at each age and the error bars represent ±1 standard deviation (SD).  
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              Fig 3.3.7 Breast Cancer Incidence Model Result for Total 

3.4 Breast Cancer Growth Model  

Breast Cancer Growth Rates 
Based on Fornvik et al [55], the Gompertzian model of breast cancer growth is of the 

form that follows: 
    4(5) = 2 × 7"#×%

!"×$  

Where 5 is time, ' is the growth rate, 2 is the asymptote, and 8	sets the displacement on the 
time axis. In this model, the breast tumor is assumed to have a spherical shape. Coefficient 2, 
the asymptote, is set to be 1413711&, the volume of a 3011 diameter tumor because the 
breast cancer growth rates approach 30	11 diameter at the end of the growth curves. The 
value for coefficient 8 is calculated by setting the volume of the tumor at the beginning i.e. 
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time zero equal to the volume of a single breast tumor cell. Based on Spratt et al [54] the 
volume of a single breast cancer cell is 10"!11 thus setting 8 equal to 23.37206131: 

4(5 = 0) = 2 × 7"#×%
!"×%

= 2 × 7"# = 10"!11 ⇒ 8 = 23.37206131  

Dahan et al [56] define tumor doubling time (?@) as the time in days it takes a tumor 
volume to double in size. Data from Michaelson et al [57] was used to obtain the growth rate 
(') values.	Taken from Peer et. al [58], the paper had the values for ?@ of three breast 
cancer incidence age groups. The doubling times shown in table 3.4.1 were assumed to be the 
doubling times for 45-, 60- and 80-year-old women respectively.  
 

Age Group <50  50-70 >70 
DT 80 days 157 days 188 

              Table 3.4.1 Breast Tumor Doubling Time by Age 

Considering the aforementioned DTs are for a 5 mm diameter tumor, using the 
definition of doubling time and the Gompertzian model of breast cancer growth rates, the 
growth rate (') values corresponding to each of the three DT values were calculated.  

4(5 + ?@) = 24(5), 4(5) = 2 × 7"#×%
!"×$

= 4 3⁄ × C × (5/2)& 

⇒ ' = −FG (1 − FG 2 (3 × FG6)⁄ ) ?@⁄  

The results '1 = 0.001725712159610, '2 = 8.793437755974515 × 10', '3 =
7.343455998340420	corresponding to each age were then interpolated by Excel to a power 
fit to obtain the growth rates for all ages. The result was the following relationship: 

'(2′) = 0.0674 × (2′)"(.*'+  

where a’ is the age of the woman at breast cancer incidence.  
Using the resulting growth rate by age relationship along with the Gompertzian 

growth model we were able to obtain the breast cancer growth curves by age as seen in 
figure 3.4.1  
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              Fig 3.4.1 Breast Cancer Growth Curves by Age 
 

Assigning the growth rate factor to each woman concludes the cohort generation part 
of the project. To sum up, a cohort of 1000000 women with 5 parameters was generated. The 
5 parameters assigned were the age of the woman in the year 2016, the code for racial 
background, age of death from all causes excluding breast cancer, age of breast cancer 
incidence, and the breast cancer growth rate. The next step in the project was developing the 
breast cancer screening model.  
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4 Breast Cancer Screening Model  

As mentioned earlier, the next step of the project was to develop a screening model. 
This screening model would then be applied to the cohort generated in chapter 3 and further 
studied. The screening model itself consists of two sections. First, a model for the detection 
was developed, the results of which were then used in a model for survival. 

4.1 Breast Cancer Detection Model  

Detection Probability Data (Screening Sensitivity) 
Detection of breast cancer based on lesion diameter was studied. The study 

concentrated primarily on Projection Imaging or mammography and Computed Tomography 
(CT). Another possibility studied was if no breast cancer screening was performed in which 
case the tumor would eventually be discovered through palpitation or breast self-
examination (BSE). A model was developed for the detection of breast cancer. 

The probability of detection by each modality is indicated by the sensitivity of the 
screening modality. Sensitivity rates for mammography and breast CT were used in 
developing the detection model. The sensitivity rates data was available from Chen, L, et al 
[59]. This data, shown in Figure 4.1.1, illustrates the probability of breast cancer detection by 
mammography and CT by spherical lesion size. The spherical lesion size is the lesion diameter 
in mm. 

 

   
 
 

Fig 4.1.1 Sensitivity Rates by Lesion Diameter Data and Interpolations  
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As shown in the plots, limited data points were originally available. The software 
Tablecurve 2.0 was used to determine the most accurate interpolation trends for the 
sensitivity rates. As seen, Figure 4.1.1 illustrates the original data along with the 
interpolations for both CT and mammography. It can be gathered that CT is considerably 
more accurate and efficient than mammography.  

In case of no screening or BSE, the tumor would get detected after reaching a palpable 
size. That size is generally considered to be 21.5mm diameter [60, 61] which was used as the 
threshold for tumor detection by BSE in our simulation. Based on the growth rates specific to 
each woman, her tumor would reach the threshold size at an age specific to her determined 
by the growth model.  

Methods 
The data above was then implemented into a detection simulation. Using rejection 

sampling, probability of detection as a function of tumor size, and the breast cancer growth 
model we were able to determine at what point in time the tumor would get detected by 
each modality.  

The screening model consisted of three variables: screening start age, screening end 
age, and screening frequency. An example of a screening regime performed was screening 
start time at age 40, screening end time at age 80, and screening time interval of 1 year. This 
meant that any woman older than 40 years old and younger than 80 years old would be 
tested every year through the screening program. Different regimes were developed and 
studied by assigning different values to these 3 parameters which will be discussed in more 
detail further in Chapter 5.  

As each woman ages and reaches the screening start age, she would undergo regular 
screenings as frequently as set by the screening interval parameter. Meanwhile, the person’s 
cancer would be growing at the rate determined by the growth factor assigned to her starting 
at the age of her cancer incidence. Therefore, the size of the tumor is known at each point in 
time. At each screening, the detection simulation looks up the sensitivity rate for a tumor of 
the respective lesion size to determine the probability of detection at that screening time. 
Utilizing the accept-reject method at this point, if the tumor gets detected that would be the 
age of her cancer detection. If the tumor does not get detected at this round of screening, she 
will continue to undergo screening until it does.  

If the tumor does not get detected by CT or Mammography it can be detected with 
BSE after the tumor reaches the 21.5 mm cutoff diameter. While BSE is not a screening 
method, the same screening interval as used for CT and Mammography was used for 
consistency. This frequency affects the exact time the tumor is found after it reaches 
21.5mms. For some people, the tumor never gets detected with screening or BSE because 
they would reach their age of death prior to the age at which their tumor would be detected.  
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Results  
As expected from the sensitivity data, the tumors were detected at younger ages and 

smaller sizes with CT compared to Mammography. No screening was the least efficient and 
led to detection at larger sizes or older ages. The results of different screening regimes are 
discussed in more detail in chapter 5.  

Figure 4.1.2 shows histograms of lesion size at the time of detection for yearly 
screening starting at age 40 and ending at age 80 for each modality. As illustrated, lesion sizes 
at detection are concentrated at higher sizes with BSE, spread out with Mammography, and 
most concentrated at lower sizes with CT. The average lesion size at detection was 8 mm with 
CT and 13 mm with Mammography. This result is compatible with the average lesion size at 
detection in Shaevitch et.al.[62] As mentioned earlier in the growth model, breast tumors 
approach 30 mm diameters with time. This explains the relatively significant population 
whose cancer gets detected at 30 mm diameter. Because breast cancer growth rates are 
higher at younger ages tumors of most people who contract breast cancer at younger ages 
reach 30 mm before screening starts which leads to detection lesion size of 30 mm for all of 
this population. 
 

 
 
 

 Fig 4.1.2 Histogram of Lesion Size at Detection for Total 
 with Screening Start Age of 40 and End Age of 80 at 1 Year Intervals 
 
A test to verify the detection model was to calculate the sensitivity rates based on the 

ages of detection assigned in the simulation to compare with the initial sensitivity rates data. 
Figure 4.1.3 shows the result of this comparison for total as an example. As can be seen, the 
plots match accurately and verify the simulation results.  
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Fig 4.1.3 Detection Model Results for Total 

 
As done for the earlier models, the five different cohorts of women generated and 

saved to our database were further studied to establish the true randomness of the 
simulations. The detection simulation was applied to each cohort for comparison and the 
results were saved as another parameter component of each cohort. The result of this 
comparion is shown in figure 4.1.4 for total (all races combined). The solid symbols illustrate 
the mean sensitivity rates at each tumor detection size and the error bars represent ±1 
standard deviation (SD).  
 

 
 

Fig 4.1.4 Breast Cancer Detection Model Results for Total 
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4.2 Breast Cancer Prognosis Model (Survival) 
The purpose of breast cancer screening is to identify women who have contracted 

breast cancer. These women suffer the risk of dying from breast cancer in addition to the risk 
of death from other causes. Hence, after detection, the next step of the screening model was 
to determine the prognosis. A comprehensive review of the recent literature on breast cancer 
prognosis was conducted, and a model was developed for survival. The prognosis model takes 
into account the woman’s age, race, and the size of breast cancer at detection.  

Breast Cancer Prognosis (Survival) Rates Data 
The most accurate data for prognosis is from long-term follow-up population research 

which reflects the prognosis of treatments common in the 1960-1980s. While new and 
improved breast cancer treatments lead to a better prognosis, long-term studies on the 
newest treatment regimens would not be available for many years. Thus, our model 
incorporates the best prognosis data currently available.  

Survival data from Michaelson et. al [63] was used to develop the prognosis model 
and built into a lookup table. The data available was the probability of survival by time since 
diagnosis in the range of 0-15 years for five categories of tumor diameter. The size categories 
included 10-14, 15-19, 20-39, and above 50 mm tumor diameters. As seen in figure 4.2.1 this 
data was assumed to be the probability of survival for the median of the diameter range of 
each category instead of the whole range of the categories, meaning the plots shown in figure 
4.2.1 were assumed to be the survival for a 12, 17, 24.5, 39.5 and 55mm diameter tumor. In 
other words, the survival rate indicated for each group was assumed to be the survival for the 
median of the diameter range of that category as a representative of that group. A survival 
rate of 100% for a 0 mm tumor was also added to the data points, as seen in the figure. 

 

 

Fig 4.2.1 Breast Cancer Survival Rates  
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Prognosis Model Methods 
Data from the previous plot was extracted using Microsoft Excel. This dataset was 

then interpolated with MATLAB to obtain the probability of survival for tumors of all sizes as 
seen in figure 4.2.2. The interpolation was done in 1 mm intervals, thus yielding the survival 
rates for 1, 2, 3, …, 55 mm tumors which was sufficient resolution for the purposes of this 
study.  

         
Fig 4.2.2 Interpolated Breast Cancer Survival Rates  

Using the growth rates, ages at detection determined in the previous section, and 
survival rates we were able to obtain the probability of breast cancer survival at each point in 
time in the woman’s life since detection.  

For the prognosis after detection, the survival data was used to determine whether 
the patient died from breast cancer or other causes, and if she died from breast cancer to 
determine the time of death from breast cancer. As seen in figure 4.2.3, the probability of a 
woman dying from breast cancer before she dies of a non-breast cancer cause (!) is 
!	 = 	?/(? + K). ? is the area under the survival curve from 5 = 0	5L	5 = @M725ℎ, K is the 
area above the curve and @M725ℎ is the time of death from non-breast cancer causes. 
Because we know the age at detection and the age of death from non-breast cancer causes, 
@M725ℎ can be easily calculated by subtracting the two for each woman.  

A random number O was generated and compared with ! for each woman to 
determine if she survived breast cancer or not. Rejection sampling was then used to figure 
out the time at which the woman dies of breast cancer if she dies of breast cancer before she 
would die of a non-breast cancer cause.  
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Fig 4.2.3 Breast Cancer Prognosis Model Scheme  

Prognosis Model Results 
To verify the prognosis model, survival rates based on ages of death assigned in the 

simulation were compared to the initial raw survival rates. The result of this comparison is 
shown in figure 4.2.4 for all races combined. 

 
Fig 4.2.4 Breast Cancer Prognosis Model Results  

As done for the previous models, the five different cohorts of women generated and 
saved to our database were studied with the survival model to establish the true randomness 
of the simulations. The results were compared and are shown for total (all races combined) in 
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figure 4.2.5. The solid symbols illustrate the mean survival rates, and the error bars represent 
±1 standard deviation (SD).  

 

 
Fig 4.2.5 Breast Cancer Prognosis Model Results  
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5. Results  

After the screening simulation was developed, different screening regimes were 
tested and studied. The regimes to explore were studied with breast CT, mammography, and 
no screening or breast self-examination (BSE). The regimes differed in screening start age, 
end age, and screening intervals in addition to the modalities used. Several parameters of 
interest resulting from each regime were studied and used in comparisons to determine the 
most efficient regime. The different regimes and parameters of interest will be explained in 
more detail in this chapter. 

The different screening start and end ages included screening 40- to 80-year-olds, 
screening from age 40 to end of life, screening starting at age 50 and ending at age 80, and 
screening from age 50 to end of life. Screening at 1-year, 2-years, 3-years and 4 years 
intervals were explored.  
  The parameters of interest were the size of the lesion (in mm – diameter) at the time 
of detection, histogram of the lesion size at the time of detection, years of life saved, years of 
life saved as a function of the age of the patient at the time of breast cancer detection, and 
years of life saved per the number of exams performed. These five parameters were 
computed for each regime in order to conduct the required comparisons. 

5.1 Lesion Size at the Time of Detection 
A parameter of interest was the size of the lesion (in mm diameter) at the time of 

detection. As expected from the sensitivity rates in section 4.1, on average size at detection 
was lower for CT than mammography and highest for no screening (BSE). Averaged over all 
screening regimes the average size of the lesion at the time of detection was 3.4 mm smaller 
with CT (16 mm) than with mammography (19.4 mm). The average size of the lesion at the 
time of detection was 25 mm for BSE.  

Among the different screening regimes for CT and mammography screening starting at 
age 40 until the end of life had the lowest average size of lesion at detection and screening 
from age 50 to 80 with mammography had the highest lesion size at detection. The difference 
between screening ages 40 to 80 and 40 to 125 or 50 to 80 and 50 to 125 was slight. Lesion 
size at detection differed very slightly among different races. The difference between average 
sizes at detection with CT and Mammography lowers with higher screening intervals. This was 
expected as the difference between sensitivities of the two modalities is higher at lower sizes 
and the time elapsed from tumor incidence until detection is lower with higher screening 
frequency which leads to smaller tumor size at detection on average.  
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average lesion 
size at the time of 
detection (mm)  

 

 

 

 

 

  
screening 
intervals (years) CT (40-80) mamo (40-80) CT (50-80) mamo (50-80) CT (40 -125) mamo (40-125) CT(50-125) mamo (50-125) 

1 8.1 13 10.1 14.4 8 12.8 9.7 14.0 

2 14.1 18 15.5 19.1 14 17.8 15.1 18.7 

3 18.5 21.4 19.4 22.2 18.4 21.4 19.2 22.0 

4 21.1 23.5 22 24.1 21.2 23.7 21.8 24.1 

 
Table 5.1.1 Average Lesion Size at the Time of Detection 

5.2 Histogram of Lesion Size at the Time of Detection 
A distribution of lesion size at the time of detection was also of interest. Figures 5.2.1 

and 5.2.2 show histograms of lesion size at the time of detection with CT, mammography, and 
BSE for the different screening regimes. Because the difference between screening ages 40 to 
80 and 40 to 125 or 50 to 80 and 50 to 125 was slight, screening from age 40 to 80 and 
screening from age 50 to 80 are shown for the 4 screening intervals explored. Figures 5.2.3 
and 5.2.4 illustrating the histograms for screening starting at age 40 to end of life and starting 
at age 50 to end of life can be found in Appendix A. As expected from the sensitivity data, the 
tumors were detected at smaller sizes with CT compared to Mammography. No screening 
(BSE) had the least efficiency and led to detection at larger sizes. As illustrated, lesion sizes at 
detection are concentrated at higher sizes with BSE, spread out with mammography, and 
most concentrated at lower sizes with CT. Longer screening interval leads to larger tumor 
sizes at detection.  

Screening starting at age 50 instead of 40 negatively impacts tumor size at detection. 
As mentioned earlier in the growth model, breast tumors approach 30 mm diameters with 
time. This explains the relatively significant population whose cancer gets detected at 30 mm 
diameter. Because breast cancer growth rates are higher at younger ages tumors of most 
people who contract breast cancer at younger ages reach 30 mm before screening starts 
which leads to a detection lesion size of 30 mm for most of this population which also 
explains why screening starting at a later age results in a higher fraction of people having their 
tumors detected at 30 mm.  
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Fig 5.2.1 Histogram of Lesion Size at Time of Detection for Screening Starting at Age 
40 Until Age 80 
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Fig 5.2.2 Histogram of Lesion Size at Time of Detection for Screening Starting at Age 
50   and Ending at Age 80  
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5.3 Years of life saved  
Years of life saved shows the number of years the woman lives longer than she would 

if she does not go through screening. It is calculated by subtracting the age of death with no 
screening (BSE) from the age of death with screening which varies depending on the 
screening regime and modality. This parameter is an indication of how many years of the 
woman’s life are saved thanks to early detection because of the screening performed. 

Figure 5.3.1 (a,b,c,d) illustrates the average years of life saved by screening interval for 
both CT and mammography in all regimes for the total population. As expected, years of life 
saved is higher for CT than for mammography. It also increases with higher screening 
frequency or lower screening intervals which means the benefit of screening is higher with 
higher screening frequency. As mentioned in section 5.1, higher screening frequency leads to 
detection at lower sizes which results in a better prognosis and explains this result. 
Additionally, since the difference between the sensitivities of CT and mammography is higher 
at lower sizes, we expected the difference in years of life saved between the two modalities 
to be higher with higher screening frequency. The plots shown in the figure confirm this and 
indicate that the benefit of screening with CT is higher at higher screening frequency.  

For the total population, screening at 1-year intervals starting at age 40 until age 80 
results in the average years of life saved of 3.4 years for CT and 2.3 years for mammography. 
Averaged over all regimes, years of life saved with CT were 0.5 year higher than with 
mammography and the difference was more significant at higher frequencies. The highest 
years of life saved was for the yearly screening of 40- to 80-year-olds with CT while the lowest 
was for screening starting at age 50 to end of life at 5 years interval. Screening until the end 
of life instead of age 80 slightly lowered the years of life saved. This can be explained by the 
fact that the remaining life span is longer at younger ages. 
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Fig 5.3.1 Average Years of Life Saved by Screening Interval for 4 Screening Regimes 
for    Total  

 
Figure 5.3.2 (a,b,c,d) shows the average years of life saved by screening interval for 

both CT and mammography in all regimes for different races. As seen in the plots, years of life 
saved is significantly higher for Asian women compared to the other races, and there are 
slight differences among the other races. It should be noted that the population of Asians and 
American Indians is much lower than the other races. This leads to higher variance in the 
results of multiple simulations for these two races thus the results for Asians and American 
Indians are statistically less reliable.  
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Fig 5.3.2 Average Years of Life Saved by Screening Interval for 4 Screening Regimes 
for the Different Races  

5.4 Years of Life Saved as a Function of Age at the Time 
of Breast Cancer Detection 

Figure 5.4.1 (a,b,c,d) illustrates years of life saved as a function of age at breast cancer 
detection. As can be seen, years of life saved is higher with CT than with Mammography. 
Except for the few points at the youngest ages, the overall trend shows higher years of life 
saved for younger ages of detection which means that screening benefits younger women 
who get breast cancer more than older women.  

As can be seen, years of life saved first increases, reaches a peak, and then decreases 
as detection age increases. For screening starting at age 40 the years of life saved peaks at 
around detection age between 40 and 45 years old and for screening starting at age 50 it 
peaks between 50 and 55 years old. The population whose cancer gets detected at around 
the screening start age is the accumulation of the people who have contracted breast cancer 
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between the age 15 and the screening start age. Because cancer growth rates are much 
higher at younger ages, the relatively longer time elapsed between cancer incidence and 
detection leads to higher tumor sizes at detection which in turn leads to a worse prognosis. 
As we move forward from the screening start age the proportion of this group compared to 
the total population decreases and has less and less influence on years of life saved. This 
explains the lower years of life saved at the beginning of the plots.  

 

 
 

 
c.                                                                                  d. 
       
Fig 5.4.1 Years of Life Saved by Age of Breast Cancer Detection 
 
 



 45 
 

 
 
Fig 5.4.2 Years of Life Saved by Age of Breast Cancer Detection 
 
Fig 5.4.2 illustrates years of life saved as a function of age at breast cancer detection 

for different screening intervals. Shorter screening intervals benefit younger women more as 
the tumor growth rate is higher at younger ages. As we approach older ages screening 
interval has less effect on years of life saved. This suggests that lower screening frequency 
may be appropriate at older ages.  

5.5 Years of Life Saved per the Number of Tests Performed 
Years of life saved per number of tests performed was also calculated and compared 

as an indicator of screening efficacy. Because a lower screening interval means higher 
screening frequency and therefore earlier detection while a higher number of tests are 
performed, we expected there to be a peak performance point indicated by this parameter. 
Figure 5.4.1. (a, b, c, d) show years of life saved per number of tests performed by screening 
intervals for all races combined for each screening regime. As illustrated in the figures, years 
of life saved per the number of screenings performed is highest for screening from age 50 to 
80 for screening with both CT and mammography. On average the results are better for CT 
than for mammography by approximately 50%. These figures also indicate that the screening 
interval of 2 years is optimum and leads to higher efficiency. Based on these results we 
concluded that screening every 2 years starting at age 50 until age 80 with CT is the most 
efficient screening protocol for all races combined. 



 46 
 

 
 
 
              Fig 5.5.1. (a, b, c, d) Years of Life Saved for All Races per Number of Tests Performed 
 

Years of life saved per the number of tests performed is shown in fig 5.5.2. (a, b, c, d) 
for different races. As illustrated, the results are better for CT than mammography for each 
race and significantly better for Asians than other races with both modalities. Screening from 
age 50 to 80 every 2 years has the best results for White women, screening every 3 years 
starting at age 50 until 80 has the best results for Asians, and screening every 2 years starting 
at age 50 to the end of life is best for Black or African Americans, and American Indians and 
Alaska Natives. It should be noted that because the population of Asians and American 
Indians and Alaska natives are significantly lower the results for these two groups has higher 
variance and are not reliable. 

a. b.

c. d.
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              Fig 5.5.2. a, b, c, d Years of Life Saved per Number of Tests for Different Races 
 
 

In conclusion, while screening with CT starting at age 50 until 80 at 2-year intervals 
results in the highest years of life saved per number of tests for the total population (all races 
combined), different screening programs lead to better results for each race and should be 
considered for screening policy decisions. 

A limitation of the project is that it considers solid tumor size as the only diagnostic 
criterion for breast cancer. While crucial in determining the status of many breast cancers, 
solid tumor size is not sufficient to diagnose all breast cancers. Some types of breast cancer 
do not necessarily appear as masses or lumps. Microcalcification, lobular breast cancer, and 
IBC are examples of such breast cancers. While microcalcifications are mainly detected on 
mammograms, their shape and distribution are important indicators of breast cancer in 
addition to their size [64]. Furthermore, lobular breast cancer is difficult to detect with 
mammography due to its diffusive growth pattern. Ultrasound and more so MRI have proven 
to have higher sensitivity rates to detect this type of cancer [65-67]. Considering additional 
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determining factors of breast cancer and incorporating data from diagnostic tools other than 
mammography and CT such as MRI and Ultrasound can make for more comprehensive future 
studies. 

Adipose/glandular tissue fraction affects breast cancer detection in images [68] [69] . 
Since glandular tissue appears white on a mammogram it can obscure breast cancers. Thus, a 
higher fraction of glandular tissue makes breast cancer detection more difficult and can result 
in missed cancers [69, 70]. This variable was not considered in this project and can be 
implemented as another parameter in future work for more accurate results.  

Radiation-induced breast cancer may result from exposure to ionizing radiation and 
depends on the radiation dose. While factors such as imaging equipment and parameters, 
and breast size and density affect average glandular radiation dose [71, 72], a study has found 
average glandular radiation dose (AVG) with a mean of 6.5 mGy for mammography and 8.2 
mGy for CT.[73] Differences in radiation dose of mammography and breast CT, and radiation-
induced breast cancers were not considered in this study and can be an area to explore in 
future research. 

One of the challenges facing this research is the fact that breast CT is a relatively new 
technology and is not yet clinically available for screening. While studies are being conducted 
on breast CT, one of the limitations that this fact imposes is that there is limited data available 
for it compared to mammography, and more research on this technology is needed. As our 
findings suggest, breast CT is more efficient than mammography in terms of years of life 
saved per number of tests performed. We hope that this study will contribute to addressing 
the potential of breast CT to be embraced clinically.  

Breast tomosynthesis has the potential to serve as a substitute for mammography [74] 
and can be another modality incorporated in future studies to compare with mammography 
and breast CT both on its own and in conjunction with mammography. Tomosynthesis has 
higher sensitivity and specificity rates compared to mammography and there is a lower 
probability of breast cancer being missed due to overlapping tissue with this technology [75]. 
It has better detectability, particularly in patients with high breast density [76].  

 Using available data of breast tomosynthesis sensitivity rates as a function of lesion 
size, the probability of breast cancer detection can be calculated for tomosynthesis and used 
in future analysis as was done for CT and mammography in this project. 
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6. Appendix 

Appendix A:  
Histogram of tumor size at the time of detection for screening starting at age 40 to 

end of life and screening from age 50 to end of life are shown in this section. 

 

             Fig 5.2.3 Histogram of Lesion Size at Time of Detection for Screening 40 – End of Life 
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              Fig 5.2.4 Histogram of Lesion Size at Time of Detection for Screening 50 – End of Life 
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