ABSTRACT
ZHANG, SHENGFAN. Modeling the Complexity of Breast Cancer under Conditions of
Uncertainty. (Under the direction of Dr. Julie S. Ivy).

Breast cancer isthe most common noncutaneous cancer in American women. It is
associated with high mortality risk; however mortality is strongly correlated with the stage at
detection, where cancers detected a an early stage have improved survival. There have been
recent controversies regarding breast cancer mammography screening policies. In 2009 when
the United States Preventive Services Task Force (USPSTF) recommended changing the
screening policy from annual screening beginning at age 40 to biennial screening for women
beginning at age 50 through age 74, it generated significant commentary and initiated
discussion on the topic of over-diagnosis. In fact, many agencies, including the American
Cancer Society (ACYS), did not adopt the USPSTF screening policy.

While breast cancer does not develop in the same way for everyone, these current
guidelines are designed for the average population, without regard to personal background
including demographic information, health history, family history and other characteristics.
This dissertation research addresses the complexity of breast cancer, including disease
development and outcomes, particularly under conditions in which information regarding
disease progression is not known with certainty. The goal of this research isto analyze
diseaserisk at the individual level, and build a foundation for future research to develop more
personalized screening policies.

Three important topics are addressed in this dissertation. The objective of the first
study isto model the impact of comorbidity on breast cancer patient outcomes (e.g., length of

stay and disposition). The 2006 AHRQ Nationwide Inpatient Sample (NIS) is used to analyze



the relationships among comorbidities (e.g., hypertension, diabetes, obesity, and mental
disorder), total charges, length of stay, and patient disposition as a function of age and race.
Multivariate statistical analysis and survival analysis are performed to explore the effect of
various comorbidities on patient outcomes. A cluster analytic model is also developed on

| CD-9 codes for identifying the specific conditions that are strongly associated with breast
cancer. Thisstudy illustratesthe interactions and relationship among various comorbidities
and breast cancer. Moreover, this study will help to improve the understanding of
expenditure patterns for population subgroups with several chronic conditions and to
guantify the impact of comorbidities on patient outcomes. Lastly, it also provides insight for
breast cancer patients with comorbidities as a function of age and race.

The second study models mortality risk for complex patient populations. A
nonparametric cumulative incidence function is developed to estimate mortality probabilities
from breast cancer and other causes as a function of patient age, race, cancer stage at
diagnosis and breast cancer risk factors (breast density, estrogen and progesterone receptor
status, and family history of breast cancer) using population-based data from the Carolina
Mammography Registry. Special In(-In) transformed bounds for confidence intervals are
used to compare mortality estimates associated with different risk groups. Left censoring is
incorporated using a cancer growth model to quantify the lag between the actua start time of
breast cancer and the diagnosis time (recorded cancer start date). This study quantifies breast
cancer mortality in the presence of competing risks for complex patients. Breast cancer isa
disease that behaves differently in different patient populations, these differences must be

considered when making screening and treatment decisions.



In most models of screening and treatment decision making, breast cancer is modeled
as a progressive disease that does not regress. However, there have been medical studies that
suggest breast cancer may regress without treatment. While this has initiated considerable
debate in the medical community, there have been limited analytical studies on the topic. The
last study in this dissertation seeks to quantify the impact of breast cancer spontaneous
regression on patient outcomes with respect to different mammography screening and
treatment policies. A partially observable discrete-time Markov model is built that
incorporates disease regression, allowing transition from the in situ (non-invasive) cancer
stage to the cancer-free state. Policy evaluation is used to quantify (in terms of lifetime breast
cancer mortality risk) the impact of the probability of breast cancer regression on sample path
behavior as a function of screening policies and various treatment decision rules. The
American Cancer Society and the United States Preventive Screening Task Force screening
policies are evaluated and compared, under different treatment decision rules. The results
suggest that awoman'’s lifetime breast cancer mortality will be affected by disease regression

and it may be worthwhile for patients to wait for treatment under these conditions.
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Chapter 1 Introduction

1.1 Background and Motivation

Since the nineteenth century when Rudolf Virchow founded cellular pathology [1],
the understanding of cancer and its potential to harm people has continued to improve.
Increased knowledge of cellular pathology has resulted in the development of more precise
diagnostic capability and better treatment options.

Cancer is a group of diseases characterized by uncontrolled cell division leading to
the growth of abnormal tissue. It is often believed to be a progressive disease that advances
through different stages [2]. Researchers have found that patients in the early stage of a
progressive disease generally have a better prognosis and are more successfully treated [3].
Thisis particularly true for breast cancer.

Breast cancer is often defined as a progressive disease in which malignant cancer
cells form in the tissues of the breast. According to the American Cancer Society, one in
eight women has a chance of developing breast cancer in her lifetime, and the chance of
dying from breast cancer is about 1 in 35. In 2010, approximately 207,090 new cases of
invasive breast cancer were diagnosed in women, and there were around 39,840 deaths from
breast cancer in women [4]. The standard taxonomy for categorizing breast cancer is given
by the American Joint Committee on Cancer (AJCC) staging system based on tumor size and
spread of the disease [5]. According to this taxonomy, patients with smaller tumors are more

likely to be in the early stage of the disease. The staging of breast cancer at the time of



diagnosis has prognostic value for the patient as increasing patient stage is associated with
increased risk of recurrence and decreased breast cancer survival. Early diagnosis is also
associated with higher probability of successful treatment [4].

Mammography is currently considered to be the most effective technology for
population-based breast cancer screening. A mammogram is a type of X-ray imaging to
examine the breasts. The benefits of mammography include early detection of breast cancer
as it can identify problems before any symptoms (e.g. lumps) show up [6]. There have been
randomized clinical trials indicating that mammography may reduce breast cancer mortality
by at least 24% [7, 8].

However, mammography screening recommendations have been the subject of
significant debate. The American Cancer Society (ACS) guideline is commonly adopted,
which recommends women start annual screening at the age of 40. As suggested by Table
1.1, most other agencies follow this guideline with minor changes. In November of 2009, the
U.S. Preventive Services Task Force (USPSTF) presented a new recommendation with an
older screening start age (50 yrs), an earlier ending time (age 74), and less frequent screening
(biennially). While mammography is voluntary in the U.S., screening guidelines in other
countries where free exams are offered also vary. However, the international guidelines have

the same starting age as the USPSTF recommendation.



Table 1.1 Summary of U.S. and International Mammography Screening Guidelines [9]

Agency Recommendation

American Cancer Society Annually for women >40
U.S. Preventive Services Task
Force (since 2009) Every other year for women 50-74
U.S. Preventive Services Task

US. Force (before 2009) Every 1-2 years for women 50-69
American Academy of Family Every 1-2 years for women 50-69,
Physicians counsel women 40-49
American College of Obstetricians | Every 1-2 years starting at age 40,
and Gynecologists yearly after 50

Every 1-2 years for women 40-49,

American Medical Association yearly beginning at 50

Canadian Task Force on

Every 1-2 years for women 50-69

International Preventive Health Care
NHS Breast Screening Programme
in UK Every 3 years for women >50
BreastScreen Australia Every 2 years for women 50-69

Most of these current guidelines are for the average population, ignoring different
personal backgrounds including demographic information, health history, family history, and
other characteristics. However, there are various breast cancer risk factorsthat are known to
affect breast cancer incidence. The most commonly used breast cancer risk prediction models
are the models of Gail [10] and Barlow [11]. There are many other risk models
acknowledged by National Cancer Ingtitute (NCI) [12-19]. Most of these models consider the
following factors: age, race, age at first birth, family history of breast cancer (mother, sister
or daughter), number of past breast biopsies, etc. [20]. In practice, doctors may recommend

different screening strategies according to individual characteristics and based on their own



clinical experiences, suggesting more personalized screening polices may be desirable and

may improve the cost-effectiveness of early diagnosis.

1.2 Relevant Literature

Many of the previous operations research models for cancer screening have been
summarized by Alagoz et al. [21] and Ivy [22]. Mot of these studies adopt a Markov chain
formulation to represent disease progression. Optimization was also commonly used to
identify the optimal screening decisions in these stochastic models.

When characterizing the natural history of breast cancer, many studies considered
progression from preclinical (i.e., asymptomatic disease) to clinical stages (i.e., symptomatic
disease). The distribution of sojourn time (i.e., the time for cancer in the preclinical stage to
progress to the clinical stage) was used to estimate the transition rates. Chen et al. [23] built
athree-state Markov chain model to estimate transition rates from the preclinical to clinical
stages and false negative rates smultaneously. They used the Swedish Two-County Trial of
breast cancer screening with mammography data from the study and control groupsto
estimate the sojourn time using a quasi-likelihood method. Zelen and his colleagues have a
series of studies on various problems in breast cancer screening. In one of the studies (Shen
and Zelen [24]), they modeled the preclinical sojourn time in the preclinical state asa
piecewise density function. They used generalized least squares and maximum likelihood
methods to estimate the piecewise density function and they also showed the robustness for

the estimation of the distribution function.



Other studies considered breast cancer progression through the in situ, local, regional
and distant stages. Plevritis et a. [25] modeled the disease transition through tumor volume
distribution estimation using a maximum likelihood method. They also compared the impact
of symptom-prompted detection on the tumor size and stage of invasive breast cancer in a
population not screened by mammography. The Wisconsin breast cancer epidemiology
simulation model by Fryback et al. [26] used a systems engineering approach to replicate
breast cancer progression inthe U.S. population from 1975 to 2000. Women were
individually simulated in the model by matching the case counts in the Wisconsin Cancer
Reporting System (WCRYS) state cancer registry, and they also adjusted the results to
represent the U.S. population by calibrating parameters to Surveillance, Epidemiology, and
End Results (SEER) data. Some decision models on breast cancer screening policies also
used the parameters estimated from this model [21].

In contrast to earlier research which focused on the average population, this
dissertation research addresses the complexity of breast cancer, including disease
development and outcomes, particularly under conditions in which the information on the
disease progression is not known with certainty. The goal of this dissertation research isto
analyze disease risk at the individual level, and build a foundation for future research to
develop more personalized screening polices. This dissertation has the potential to be
extended to other chronic diseases including other types of cancer, and to other non-medical

deteriorating systems which are concerned with maintenance planning decisions.



1.3 Dissertation Organization

The organization of the dissertation with brief description of each section is as
follows. In Chapter 2, the impact of comorbidities on breast cancer patient outcomes,
including length of stay, total charges and disposition, is explored. This study supportsthe
need to consider comorbidity, in addition to demographic information, when characterizing
breast cancer outcomes and for developing screening recommendations. Chapter 3 presents
mortality modeling for breast cancer patients with selected breast cancer risk factors.
Mortality is an important outcome measure for quantifying the effect of screening and
treatment policies. This study explores the impact of several important risk factorson
mortality for breast cancer patients. A novel model of breast cancer natural history is
presented in Chapter 4 where spontaneous breast cancer regression from the in situ stage to
the cancer-free stage is allowed. Partially observable Markov chain models with different
treatment decision rules are formulated. The dissertation concludes with a summary and

directions for future research in Chapter 5.



Chapter 2 Modeling the Comorbidity Impact on Breast

Cancer Patient Outcomes

2.1 Introduction

There is little guidance for responding to the needs of medically complex patients
with respect to breast cancer screening and treatment, although it is acknowledged that there
isasignificant need to individualize care, particularly when competing risk factors are
present. The goal of this study is to improve the understanding of and model the impact of
comorbid conditions on breast cancer patient outcomes using the AHRQ Nationwide
Inpatient Sample (NIS) 2006 dataset for patients 18 years and older. The sampling frame for
the 2006 NISis a set of hospitals that comprises approximately 90% of all hospital
discharges in the United States. Using the AHRQ NIS 2006 dataset for patients 18 years and
older, this study seeks to understand the relationships among demographics (age, race,
gender), comorbid conditions for women with breast cancer as a primary disease scenario
and the patient outcome indicators. For this study a comorbidity is defined as a “clinical
condition that exists before a patient’s admission to the hospital, is not related to the principal
reason for the hospitalization, and is likely to be asignificant factor influencing mortality and
resource use in the hospital” [27]. Patient outcome indicators modeled include patient
disposition, total charges, and length of stay.

For the comorbid conditions, this study focuses on chronic diseases, as defined by the

Centers for Disease Control and Prevention (CDC). At A Glance: Chronic Diseases - The



Power to Prevent, The Call to Control [28] defines these chronic medical conditions as
“noncommunicable illnesses that are prolonged in duration, do not resolve spontaneously,
and are rarely cured completely.” Specifically in this study, hypertension, diabetes, mental
disorder, and obesity are considered. These are common comorbidities and risk factors for
aging patients and have prevalence rates of approximately 46%, 20%, 31%, and 6%,
respectively, in NIS 2006 data. Obesity is also arisk factor for breast cancer. Although
chronic diseases are controllable, seven in every ten Americans who die each year have at
least one chronic disease [29]; they also account for billions dollars in healthcare costs
annually. For example, the direct and indirect costs associated with diabetes are estimated at
$174 billion each year. The healthcare costs of persons with chronic diseases account for
more than 75% of the nation’s $2 trillion medical care costs. The impacts of comorbidities
along with the varied taxonomy to classify ICD-9 codes and diagnostic related groups
(DRGs) raise clinical and health data management issues. For example, Suthummanon and
Omachonu [30] investigated the feasibility of applying cost minimization analysisin
determining length of stay for the primary DRGs with the highest volume from four payer
classes: self-pay, Medicare, Medicaid, and commercial. It is hypothesized that patients with
more severe illnesses tend to require more hospital resources than those with fewer
conditions despite being admitted to the hospital for asimilar reason. Further, it is contended
that in the United States healthcare system, comorbidity carries considerable influence in
determining a reasonable estimate of length of hospitalization under the DRG classification

of diseases. Hence, the need to incorporate comorbid conditions in the modeling, prediction,



and/or estimation of healthcare outcomes is evident as observed by Starfield, Lemke,
Bernhardt, Foldes, Forrest, and Weiner [31]:

In view of the high degree of comorbidity, even in a nonelderly population,
single-disease management does not appear promising as a strategy to care for
patients... New paradigms of care that acknowledge actual patterns of comorbidities
aswell asthe need for close coordination between generalists and specialists require
support.

Modeling comorbid conditions can provide critical understanding of disease
management, cost structures, and resource utilization. This is particularly true for
understanding the needs of breast cancer patients. The presence of three or more comorbid
conditions has been associated with a fourfold higher rate of all-cause mortality and a
twenty-fold higher rate of mortality from causes other than breast cancer at three years
(compared with women with primary breast cancer with no comorbid conditions) [32].

Breast cancer is a progressive disease in which malignant cancer cells form in the
tissues of the breast. According to the United States Cancer Statistics Working Group: 1999-
2005 Incidence and Mortality Web-based Report [33], breast cancer is the most common
form of cancer in women behind non-melanoma skin cancer. Figure 2.1 shows cancer
incidence rates among women in the U.S. from 1975 to 2006. It shows the high incidence
rates of breast cancer compared to other noncutaneous cancers. For women aged 40 to 79,
cancer isthe leading cause of death, with breast cancer as the most common cancer in
American women, accounting for (207,090) of all new cancer cases and 15% (39,840) of all

cancer deaths among women in 2010 [34]. Figure 2.2 shows cancer death rates among



women in the U.S. from 1930 to 2006. It indicates that breast cancer is among the leading

causes of cancer deaths among U.S. women.

Cancer Incidence Rates* Among Women, US, 1975-2006

Rate Per 100,000
150

Braas| —
- -
--‘_/_\-'\-\._.‘J__:F — .\-._‘_‘_
.-//(r
= -'""-l
W0y {——
E}?I.EEE!? ol Lung & bronchus
50 4 R -
| — Uerine corpus
Man-Hedghin lymphoma e
- Melanoma
P e e

"Ape-pdjusted to the 2000 US stendard population and adjusted for delays In reporting.
Sourca: Surseillance, Epidemiciogy, and End Results Pragram, Delay-adjusted Incidence database:
BEER Incidance Delay-adjusted Rabes, 3 Regiatries, 1975-2008, Mational Cances livsiifute, 2009,

Figure 2.1 Cancer incidence rates among U.S. women [34]

Statistics show that breast cancer is the second-most-common cause of cancer across
most ethnic groups, including Native American, African American, Caucasian and Asian
women. Among Hispanic women, it is the leading cause of cancer deaths. Although African
American women have a lower incidence of breast cancer (113.0 per 100,000 from 2002 to
2006 compared to 123.5 for Caucasians), they have a strikingly high mortality (33.0) in
comparison to other groups (23.9 for Caucasians, 12.5 for Asians and 17.6 for Hispanics)

[34]. The higher breast cancer mortality rate among African American women isrelated to
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the fact that, relative to Caucasian women, alarger percentage of their breast cancers are

diagnosed at alater, less-treatable stage. Thisisdue in part to early incidence and possibly

more aggressive cancers. In addition, those with comorbid conditions have increased chance

of more severe disease and other medical complications. In fact, Tammemagi et al. [35]

suggest that high incidence of comorbidity in African American women may play arolein

the racial disparity among breast cancer patients. Their results show that more African

American breast cancer patients die from competing causes than of breast cancer and suggest

that effective control of comorbidity in African American breast cancer patients should help

to improve life expectancy and lead to areduction in survival disparities.
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Figure 2.2 Cancer death rates among U.S. women [34]
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However, much of the prior research tends to focus on cost-effectiveness analyses,
policy optimization, even on clinical trials for disease in isolation. For example, cancer
screening policies for the average patient often overlook the impact of competing illness,
race, and age. Clinical trials purposely select participants with specific episodes of illness
with emphasis on minimizing the number of complicating factors such as those created by
patients with comorbid disease.

Hence, this research contributes to the field by articulating three critical points: 1)
statistical modeling of chronic disease (breast cancer); 2) accounting for other comorbid
conditions (diabetes, obesity, mental illness, and hypertension) in the modeling; and 3)
accounting for patient age, race, length of stay, and number of procedures in the modeling.
The goal isto develop models to address the challenge of the question:

Are we accurately representing the population in question or under consideration?

In this challenge, this study focuses on chronic diseases, particularly those with
significant health disparities reflected in the prevalence and incidence estimates relative to
breast cancer. Given the complexity of the biological, behavioral, and epidemiological
factors, modeling-informed policy serves to better convey achievements, shortcomings, and
challenges in the disease management [36]. For the field, the outcomes of these and other
statistical modeling research can offer extensive insight into policy modeling and inform
policymakers. This knowledge is critical to better understand disease management,
prevention, and treatment, in general, but even more salient for chronic diseases and

disparities, in particular.
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The rest of this chapter is organized as follows. Section 2.2 is a literature review of
previous related studies on patient outcomes. Section 2.3 introduces the methods used in this
analysis including descriptive statistics, ordinary least square regressions, logistic regression,
survival analysis, principal component analysis and cluster analysis. Section 2.4 containsthe

results for each model. The chapter concludes with a brief discussion in Section 2.5.

2. 2 Relevant Literature Review

The NIS data, which is produced by the HCUP-3 (Agency for Health Care Policy and
Research, Rockville, Maryland), has been widely used in prior studies to assess disease
conditions, cost estimates, patient demographics, principal procedures, and other points of
interest. Zhao, Wong, and Arguelles [37] used NIS 1991 and 1992 to study the distribution of
leimyoma relative to length of stay, mean costs of care, diagnoses, principal procedures
performed and admission types among women aged between 15 and 64. Others [38]
examined the impact of age and Medicare status on bariatric surgical outcomes. These
researchers applied regression modeling to determine the effects of complicated diabetes
mellitus, electrolyte disorder, anemia, and depression on bariatric surgery. Similarly, Meguid,
Brooke, Chang et al. [39] applied multivariate logistic regression to lung cancer resectionsin
the Nationwide Inpatient Sample (N1S) dataset from 1998 to 2004. While there isan
extensive literature exploring the effect of age and comorbidity in postmenopausal breast
cancer patients [40-42], this literature has just begun to explore the impact of comorbidity on

outcomes for patients with breast cancer; it has not quantified the impact in terms of charges
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and length of stay and has not attempted to identify specific comorbid conditions that most
significantly impact breast cancer patient outcomes.

An improved understanding of comorbid conditions can assist in epidemiological and
health services research. To this end, relationships among comorbidities can impact
prognosis, detection, and disease outcomes [43]. Although a*“gold standard” for measuring
comorbidity does not exist, prior studies have used valid indicesto predict or assess
healthcare expenditures [44, 45], health services utilization among osteoarthritis patients
[45], prognogtic information in a hospital-based cancer registry [46], illness burden measures
among breast cancer patients, just to name a few. In an extensive review of the literature to
assess how to measure comorbidity, de Groot, Beckerman, Lankhorst, and Bouter [47]
uncovered the use of a plethora of terms to describe the coexisting disease and
multimorbility. In their search of Medline (from January 1966 to September 2000) and
Embase (from January 1988 to September 2000), de Groot et al.[47] determined that the
Charlson Index isthe most extensively used metric for predicting mortality, although others,
such as the Cumulative llIness Rating Scale (CIRS), Index of Coexistent Disease (ICED),
and Kaplan Index, are valid and reliable.

To capture amore complete picture of the patient length of stay with censoring
information (i.e., the actual hospitalization time is not observable or truncated), survival
analysisis also used inthe literature to study hazards or conditions that affect a patient’s
hospital time. Li [48] compared several survival models to predict the expected length of stay
from medical complexity level and age. A goal of this dissertation study isto compare the

length of stay based on the different conditions present. Sa et al. [49] compared survival
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models and competing risk models with different distribution assumptions for the hazard
function and showed parameter estimates for length of stay are sensitive to underlying
assumptions.

In arecent study, Roehrig et al. [50] developed amodel for estimating personal health
expenditures (PHE) by medical condition, including multiple chronic conditions, which
could be used to understand the sources of expenditure growth. A goal of this dissertation
research isto understand and model for a specific condition (breast cancer), how patient
outcomes, as defined by total charges, length of stay, and disposition, are affected by the
presence of specific comorbid conditions (hypertension, diabetes, mental disorder, and
obesity) that are prevalent in the population.

Thisresearch is unique in its goal to model the interaction effect of breast cancer and
comorbid disease as it relates to inpatient outcomes. Rather than focusing on a single disease
in isolation, this study develops integrated satistical models to explore the interrelationship

between comorbid disease and the resulting outcomes.

2.3 Methods

2.3.1 Data Summary
The Nationwide I npatient Sample (NI1S) 2006 data by Agency for Healthcare
Research and Quality (AHRQ) [51] is used for the analysis. It contains discharge data from

1,045 hospitals in 38 states, representing approximately a 20% stratified sample of US
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community hospitals. There are 6,712,893 observations in the dataset representing
individuals who are 18 years and older.

Both diagnosis and treatment 1CD-9 codes are used to identify the breast cancer
patient group. The diagnosis of malignancy in breast tissues is considered and the V codes
for personal history of malignant neoplasm are included (1CD-9 codes: 174.0-174.9, 175.0,
175.9,198.2, 172.5, 173.5, 232.5, 216.5, 233.0, V10.3). The procedure codes for breast
cancer diagnosis and treatment are also considered, including biopsy (the vast majority, over
99% of these patients also have an ICD-9 code for breast cancer), lumpectomy, excision of
lymph nodes, and mastectomy (ICD-9 codes: 85.11, 85.12, 85.21, 85.22, 85.23, 40.29, 40.23,
40.3 85.41, 85.42, 85.43, 85.44, 85.45, 85.46) [52].

In this analysis, for identifying breast cancer patients, we consider two breast cancer
groups:

a) “Primary Breast Cancer Group”: Records in which breast cancer is the primary
condition for hospitalization as defined by diagnosis code 1 and procedure code 1 (DX 1 and
PR1, respectively), i.e., if the primary diagnosis and primary procedure are breast cancer-
related codes (specifically, in the analysis only DX1 is used to identify breast cancer).

b) “Breast Cancer Prevalence Group”: Records in which breast cancer is one of the
patient diagnoses (primary or non-primary), i.e., in the analysis DX1 to DX15 are used to
identify breast cancer.

Unlike other research on comorbidities, this study does not use the DRG group to
identify comorbid conditions because the focus of DRG codes is resource utilization and

hence they are less clinically relevant. Instead, to better identify comorbid conditions, this
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study uses diagnosis information (ICD-9-CM) to identify disease. Comorbid conditions are
defined as chronic diseases in addition to the index condition (i.e., the one to which a
therapeutic chronic disease intervention istargeted). Specifically, additional chronic
conditions diagnosed for a breast cancer patient (hypertension, diabetes, mental disorder, and
obesity) are considered to be comorbidities. These conditions are the most common in aging
patients; and in the NI'S 2006 data, the percentage of occurrence among prevalence breast
cancer patients are approximately 54%, 20%, 27%, and 6%, respectively. The ICD-9 codes
selected for comorbidities are summarized in Table 2.1.

Table 2.1 Summary of ICD-9 Codes for Selected Comorbid Conditions [53,54]

Comorbid Condition |CD-9-CM Codes

Hypertension 401-405, 430-438, 4258, 4290-4293, 4298-4299, 7962, 36211
Diabetes 250

Mental Disorder 290-319

Obesity 27800, 27801, 27802, V85.30-V85.4

2.3.2 Overview of Modeling Approach

Statistical models are developed and the results compared to explore the impact of
comorbidities on breast cancer patient outcomes. Specifically, regression models using
stepwise least squares are developed to identify the statistically significant relationships for
the log transform of the dependent variables (length of stay and total charges). Because
length of stay (LOS) and total charges both have skewed distributions [27], log transforms of
the dependent variables are used. Logistic regression models are developed to identify the
factorsthat significantly affect the chance of dying during hospitalization and those factors

that significantly affect the chance of being transferred to another care facility at discharge.
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Survival analyses with censoring information are performed, and both the parametric
regression model and the Cox proportional hazards model are used to further quantify the
factors affecting breast cancer patient outcomes. After identifying the general structure of the
associations, mental disorder 1CD-9 codes are decomposed using principal component
analyses (PCA) and cluster analysis (CA). These analyses identify those mental disorders
that are closely related to breast cancer, and mental conditions that are highly correlated with

each other.

2.3.3 Descriptive Statistical Analysis

A descriptive statistical analysis (e.g., calculation of summary statistics such as the
mean and standard deviation) is performed on important variables for characterizing the
population as a function of the presence of chronic diseases. These variables include patient
age (in years), length of stay (in days), total charges (in dollars); percentage of cohorts of the
different genders, race (Caucasian, African American, Hispanic, Asian or Pacific Islander,
Native American, and other); admission type (emergency, urgent, elective, newborn, trauma
center, and other); percentage of death; total number of diagnoses; and total number of
procedures.

The descriptive statistical analysis is performed on several patient population
subgroups. Characteristics of the general population, the prevalence and primary breast
cancer groups, and of the four comorbid disease groups (i.e., hypertension, diabetes, mental
disorder, and obesity) are compared. In addition, the comorbid disease groups are compared

with respect to the prevalence of breast cancer and the primary breast cancer groups.
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2.3.4 Ordinary Least Square Regression

Ordinary least square (OLS) regression models are developed to predict LOS and
total charges as a function of patient age, gender, race, admission type, total number of
diagnosis and procedures, comorbid conditions, and disposition from the perspective of
breast cancer patients. These models are used to quantify the impact of each of these factors
on each breast cancer patient group (primary and prevalence). For categorical demographic
characteristics, dichotomous variables are created to represent each category. Binary
variables are also created for comorbid diseases (i.e., 1 for the presence of the disease and 0
otherwise). The records with aLOS of zero are assumed to correspond to a hospital stay
shorter than 24 hours. A value of 0.5 is assigned to these records. This assumption translates
to a hospital stay of approximately one-half day (or twelve hours).

Stepwise regression models with LOS and total charges as the dependent variables
are developed for the general population. Explanatory variables include background variables
summarized in the descriptive statistical analysis section. This study includes contributions of
independent diseases and comorbidities (defined with an interaction term with breast cancer
and another disease) of interest. Four additional explanatory variables that are investigated to
determine their effects on LOS and total charges are NDX (number of diagnoses), NPR
(number of procedures), DIED (indication of in-hospital death), and a binary variable to
indicate transferring or not (transfer to short-term hospital or transfer to other facility). The
regression model has the following form.

log(LOS) =a, +a,DemoVar +a,NDX +a,NPR+a_DIED +a,lransferred
+b,BC+b,H +b,D+b,MD+b.,O+g,BC” H+g,BC" D+g,BC" MD+g,BC" O+e (2.1)
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Note: DemoVar = (Age, Female, RaceGroupl-RaceGroup5, AdmissionTypel-
AdmissionType5)', a vector containing background variables characterizing the
population. a; is avector containing prediction coefficient corresponding to the
variables in the DemoVar vector. BC=Breast Cancer, H=Hypertension, D=Diabetes,
MD=Mental Disorder, O=Obesity. Regression log(total charges) is in the same form.

To justify the normal assumption after log transformation, univariate analysisis
performed on the residuals from the regression on LOS and total charges for the primary
breast cancer group. The statistical skewness after the transformation for LOS was reduced to
0.10 with kurtosis at 0.43, and similar for total charges with -0.08 for skewness and 0.70 for
kurtosis. Quantile-Quantile (QQ) plotsfor testing normality are shown in Figure 2.3. From
these statistics, it is acceptable (although the fit is not perfect) to assume normality after log

transformation.
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Figure 2.3 Quantile-Quantile Plots for Residuals after Log Transformation

To better observe and study the impact of age on the relationship between

comorbidities and patient outcomes, separate regression models are developed on LOS and
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total charges for different age groups. Although the general regression shows the effect of the
independent variable “age’ on patient outcomes, it does not quantify how the relationship
may change between comorbidities and outcomes for different age groups. This type of age
stratification highlights the role of age in understanding and characterizing the relationship
between patient outcomes and comorbidity. The adult population is classified by eight
subgroups at 10-year increments. The first group includes patients younger than 30 years old.
The other groups correspond to 10 year patient age groups from 30 to 90, and the last group
is for patients older than 90. For this analysis, only the general population with primary
breast cancer is considered. For each age-based subgroup, asimilar regression model is
developed based on equation (2.1) considering comorbidities. This series of regressions

characterize the impact of comorbidities on primary breast cancer patients among different

age groups.

2.3.5 Weight Adjusted OLS Regression

NISisawell-stratified dataset designed to represent U.S. community hospitals. Each
inpatient stay record is associated with a discharge “weight” variable that describes the
stratum. In order to quantify the weight impact, aweight-adjusted ordinary least squares
regression model is proposed for the primary breast cancer patient group and compared with
the results of an un-weighted model for the same group.

First, the discharge weight is normalized to a probability-like weight. For each

stratum, the new normalized weight is
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where W, isthe original weight variable for the i" weight group, n, isthe number of

samples within the stratum and c is the number of stratain the sample.
When expressing a linear regression using conditional probabilities, for response
variable Y, independent variables X, through X, , group indicator U , the following model is

assumed:

k
E[Y | X,,.. X, U =il =b+Q by X, , (2.3)

j=1
where by is the corresponding regression coefficient for independent variable X; and

weight group i .
Taking expectation with respect to weight groups gives a regression estimate for the

population. Assuming independence among stratums,

C k C k
E[Y| X, X J=apbo+a (@Pb,)X, =b;+a b;X,. (2.4)
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From the regression analysis for weight groupi , independent variable X  the
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freedom.
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For the overall regression we haveb = a p; bIJ , With mean

=1
E[B;]:épiE[Bij]:épib” =b;, (2.5)
and variance
S Var(b) = éc pAVar(b;) = éc p’s; . (2.6)
j - - j

C
The variance is estimated using the complex variance estimator s é p; § . From

J

L

s5c’(@))
Satterthwaite’ s approximation [55], we have s 5 ————, where gJ is estimated using

g;
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1

aep OU
p,zs 2 )2 / ascs—— el -U Then, the overall p-value for b can be computed using

—18 glj
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= Pr{|th > bAJ} , Where t; is a student t-random variable with g} degrees of freedom.

Next, the results from the weight adjusted OL S regression model can be compared with the
parameter estimate and significance level of the unweighted regression model.
In our analyses, when the results from the weight-adjusted regression are not different

from the unweighted regression results, the stratified sample is used.

2.3.6 Logistic Regression
Mortality and transferring are two factors that have the potential to impact the

measurement of patient outcomes. If a patient died or was transferred to another facility, her
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(his) expected LOS and charges would be affected and thus would not be accurately reflected
in the observed data. Comorbid conditions may change the mortality rate and the probability
of being transferred and hence have an impact on the LOS and total charges.

Logistic regression models by age groups on LOS and total charges are developed to
study the effect of comorbidities on patient disposition. Risk factors for the model include
patient background variables, total number of diagnoses, total number of procedures,
independent diseases, and interaction between breast cancer and comorbidities of interest.
LOS and total charges are also included in the models. The models predict the probability of
mortality (z(Y)) for the general population as a function of comorbidities and background

characteristics (race, admission type, etc.).

Iog(%) =a, +a,DemoVar +a,NDX +a,NPR+a . LOS+a,TOTCHG
+b,BC+b,H +b,D+b,MD+b,0+9g,BC" H+g,BC" D+g,BC" MD+g,BC" O 2.7)
The same logistic regression analysis is performed for risk factors on transferred
patients, where 7(T) is the probability a patient is transferred to another facility.
Reduced logistic models are also developed for the primary breast cancer group on

mortality and transfer status.

log(-PO1BC) y_ o +a Demovar +a,NDX +a,NPR+a,LOS +a TOTCHG
1- p(Y[BC)

+blBC+b2H +b3D+b4MD+b5O (28)

Note: 7(Y|BC) = Probability the patient died during hospitalization given the patient

isinthe primary breast cancer group.
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The predicted coefficient of the f’sin equations (2.7) and (2.8) are compared. This quantifies
the difference in risk factors between the general population and the primary breast cancer
group. The ordinary least square regression and the logistic regression are used to analyze the

impact of comorbidities on patient outcomes: LOS, total charges, and disposition.

2.3.7 Survival Models

Survival models are developed to explore the relationship between event time
(hospitalization time) and comorbid conditions for breast cancer patients. Unlike OLS
regressions, survival analysis considers censored information. For example, for patient LOS,
censoring occurs when the real LOS was not observed and hence the variable LOS does not
represent the true hospitalization time. Specifically, the following situations are defined as
censoring: a patient stays in the hospital longer than 365 days (LOS>365) since the NIS data
only includes records for one year; a patient is transferred to a short-term hospital
(DISPUniform=2); and a patient is transferred to another facility including a skilled nursing
facility, intermediate care facility, etc. (DISPUniform =5). These patients may have a longer
LOS, but the recorded time is censored. Hence, the observed time in hospital T= min (T, C),
where T' isthe recovery time for a patient and C is the censoring time.

The advantage of survival analysisisthat it is possible to more accurately study
censored information. This study uses survival models to study the impact of comorbidities
on LOS. The same covariates as in the OL S regression models are considered. The survival
function in the analysisis St) = Prob(T>t), i.e., the probability a patient will stay in the

hospital for timet or longer. A hazard function (or hazard rate, A(t)) is the limit of an event
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rate (for example, mortality rate or discharge rate) if the interval of time is taken to be small.
It is the instantaneous rate of experiencing the event at timet given the individual is alive at
time t. The hazard function is given in Equation 2.8. In this study, the hazard event is
recovery (leaving the hospital).

. P(tETEt+h|T? 1)
I (t)—|h|®ng h (29)

Two survival models are used to analyze the censored survival data. First, a
parametric Accelerated Failure Time model [56] is used, assuming accelerated failure time,
that is Si(t) = S(ct) for al t, where the constant c>0:

log(T) =a, +a,DemoVar +a,NDX +a ,NPR+b,BC+b,H +b,D +b,M +b .0
+9,BC” H +g,BC” D+g,BC" MD+g,BC” O+se (2.10)

Here ai...04, p1.. b5, y1...ya arethe regression coefficients of interest. The change of
the coefficient f’sand ’s shows the effect of the binary variables being one (i.e.,
presence of the condition) on the Log of the hospitalization time while holding other
coefficients constant. o is a scale parameter and ¢ is the vector of the random

disturbance terms.

The random disturbances are usually assumed to be independent identically
distributed with a density function. Different distributions may be assumed. Thusthe
parametric models are developed based on the distribution of the error term. In this study,
several distribution models for time T are compared: Weibull, Log Normal (error terms
follow anormal distribution), and Log Logistic (error terms follow a logistic distribution).

However since the dataset is large, it is difficult to fully visualize the distribution for the error
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terms. Thus the maximum likelihood is compared to identify the best parametric distribution
fit.

A Cox proportional hazard model, which is a semi-parametric model, is also used to
analyze the comorbidity impact. The model has the following form:

| (t]x,y,2) =1 ,(t)e = "o 2.11)

Here x isavector containing the background covariates. age, gender, race, admission
type, number of diagnoses and procedures, y is a vector containing individual diseases and z
isavector containing interactions among breast cancer and comorbid conditions. The vectors
of the coefficient estimates for the covariates a, , and y represent the change in hazard with
the binary variables being one (or with an increase of one unit in the quantitative variables)
while holding other covariates constant. The hazard function A(t|x,y,z) isthe “hazard” of
leaving the hospital given the covariates and A is the baseline case when x,y,z=0, i.e., when
no comorbid condition exists and using the base case for demographic variables: hazard for a
male patient having no breast cancer, hypertension, diabetes, mental disorder, or obesity,
with race other and admission type other. We also study the maximum likelihood estimate of
B and y, i.e., theimpact of comorbidities on LOS in hospital.

For both survival models, it is assumed that the event time T (i.e., time to leave the
hospital) is independent of the censoring time C (i.e., time to be transferred or end of study
period). This assumption is reasonable because the time a patient spends in the hospital does
not depend on whether a patient getstransferred. However, there is another event in the

survival analysis, i.e., patient death. In this study, a naive method is adopted where the two
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events are separated, patient leaving the hospital (time to leave the hospital) and patient
mortality (time to death). Then the patients groups are separated into the survived group
(DIED=0) and the mortality group (DIED=1). This study only analyzes the impact of
comorbidities on patient LOS for the survived group.

The multivariate statistical models above characterize the impact of comorbidities on
breast cancer patient outcomes. Based on these analyses, mental disorder was found to be an
important and closely related comorbid condition and hence was selected for further study.
The following analyses identify those specific mental disordersthat are strongly associated

with breast cancer, and characterize the relationship between the mental conditions.

2.3.8 Principal Component Analysis

In the regression analysis, 30 ICD-9-CM codes (290-319) are used to identify mental
disorders. Thisis abroad category, and the goal of the PCA isto identify the most related of
the 30 ICD-9 mental disorder codes for breast cancer patients. While least squares regression
models explore the relationship between response variables and explanatory variables by
minimizing the sum of squared residuals, PCA is a technique to reduce the dimensionality of
variables while preserving the original variance and covariance structure. PCA provides a
better understanding of the data by interpreting fewer principal components (PC) and
removing unnecessary information. The first PC is alinear combination of the original
variables (diagnosis codes) that accounts for the majority of the variation in the data. Each
subsequent PC is uncorrelated with previous ones and accounts for a decreasing fraction of

the remaining variation. Based on the PCA process, mental disorder ICD-9 codes can be
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“ranked” and the most related conditions for the primary breast cancer patient group can be
identified.

PCA isrelated to eigenvalue/eigenvector theory [57]. Specifically, it can be seen that
AP = 6iP;, where P; is the i™ eigenvector of the covariance matrix X; ai is the variance of i

PC, and A; isthe corresponding eigenvalue. The total variance of the system is the sum of all

eigenvalues. Thei™ PC explainsﬁ proportion of variance. Because n is large
+| ., +

1T, n
(n=30), the PCs are selected that explain 95% of the variance and thus reduces the
dimensionality of the ICD-9 codes. After the principal components are selected, for each
variable the weighted score is determined by multiplying each PC vector by the
corresponding eigenvalue. The variables with higher scores are selected because they
correspond to the most prevalent conditions for primary breast cancer patients. Given the
rank for each variable, cluster analysis (CA) is performed on the variables to determine how

many variables could be eliminated without changing the relationship.

2.3.9 Cluster Analysis

Cluster analysis (CA) is closely related to the PCA and also relies on the exploration
of the eigenstructuresin the dataset. It exploresthe correlation among variables and identifies
the most significant condition within each cluster. This helps to determine the number of
variables necessary for study and to identify the conditions that are highly correlated.

The CA analysisis performed in SAS according to the following algorithm: cluster

components (similar to the principal components) are computed in each iteration, and each
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variable is assigned to the component with which it has the highest squared correlation. It is
then tested to see if the amount of variance explained increases if the variable is assigned to
another cluster [58]. The most important variable (i.e., ICD-9 code for specific mental
disorders) is selected from each cluster, i.e., the variable that has the greatest correlation with
itsown cluster and isthe least correlated with other clusters. Theratio (1 — R-square) is used
to identify these variables.

Together with PCA, the dimension of the variables is reduced, and the mental

disordersthat are most related are identified for the group of primary breast cancer patients.

2.4 Results

The results for each study are summarized in this section. Section 2.4.1 presents the
results for the descriptive statistics analysis. In Section 2.4.2, the results for the ordinary least
sguare regression models are discussed and compared with the weight adjusted regression
model. Section 2.4.3 contains the results for logistic regression models, and in Section 2.4.4
the survival model results are summarized. Principal component and cluster analyses results

are discussed in the last section.

2.4.1 Descriptive Statistics for Study Population
The results are discussed in the following two subsections. Section 2.4.1.1 focuses on
the summary for the general population, and section 2.4.1.2 presents the findings for the

breast cancer population.
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2.4.1.1 Characterizing Patients with Diseases of Interest in Relationship to the General

Population

Summary statistics for key characteristics of the population in the dataset are shown
in Table 2.2. The first two columns are the means and standard deviations for background
characteristics of the adult population. Similarly, these statistics are shown for the breast
cancer patient group. Columns 3 and 4 are summary statistics for the prevalence breast
cancer group and columns 5 and 6 are summary statistics for the primary breast cancer group.
The prevalence characteristics for patients with selected diseases (hypertension, diabetes,
mental disorder, and obesity) are summarized in columns 7 through 14. As shown in Table
2.2, breast cancer patients (both the primary and prevalence groups) have different
characteristics than the general population and, in turn, have different patterns in LOS and
total charges. For the primary breast cancer group, 65.63% are “elective” admissions (this
admission type includes waiting list admission, booked admission, and planned admission).
In comparison, only 25.51% of admissions in the general population are “elective.” This
difference may explain the shorter lengths of stay for primary breast cancer patients since
they may stay in the hospital just for treatment. In general, primary breast cancer patients
also have fewer diagnoses; however, they have more procedures on average than the general
population. Interestingly, the total charges for breast cancer patients on average are
significantly lower than the general population. This suggests that although the charges for

procedures may be higher, the shorter LOS resultsin the lower total charges. It isalso
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important to note that not only women get breast cancer, but there are also about 8% malesin
the prevalence breast cancer group and 6% in the primary group.

Patients with hypertension, diabetes, and mental disorder have longer average LOS
(5.14 to 5.38 days) than the general population (4.8). For total charges, only the category
mental disorder has alower mean than the general population; the other conditions have
higher charges. In addition, the categories mental disorder and diabetes have fewer
procedures performed (1.33 and 1.64) compared to general group (1.69). Further, those with
the selected conditions have more diagnoses (8.09 to 9.3) than the general population (7.07).
The mortality rate is lower in the mental disorder (1.88%) and obesity groups (0.88%)

compared to the general population 2.38%).
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Table 2.2 Summary of Characteristics of Study Population

General Prevalence Breast Primary
Population Cancer Breast Cancer Hypertension Diabetes Mental Disorder Obesity
(n=6,712,893) (n=161,161) (n=21,598) (n=3,079,009)  (n=1,392,191)  (n=2,109,840) (n = 423,268)
Mean SD.! Mean SD. Mean SD. Mean SD. Mean SD. Mean SD. Mean SD.
Age (years) 56.81 21.03 67.48 15.03 60.34 15.3 67.56 15.39 65.08 15.28 57.06 19.69 54.45 15.65
Length of Stay (days) 4.8 6.48 4.84 5.65 3.16 5.27 5.14 6.23 5.38 6.43 5.28 6.8 4.62 5.57
Total Charges($) 26557 40304 28357 34781 24337 25210 29746 39589 29879 39950 24566 34288 28397 34429
Femal e (%) 60.57% 0.49 91.22% 0.28 94.19% 0.23  55.12% 0.5 53.39% 0.5 54.97% 0.5 64.57% 0.48
Race (%) CaLfcasian 50.95% 0.5 60.12% 0.49 53.63% 0.5 53.16% 0.5 48.54% 0.5 54.64% 0.5 51.24% 0.5
2]:1';?” can 10.09% 0.3 7.74% 0.27 10.12% 0.3 1190% 032 1332% 034 1085% 031 1350% 0.34
Hi§panic 9.03% 0.29 5.14% 0.22 6.70% 0.25 6.84% 0.25 9.74% 0.3 6.33% 0.24 8.33% 0.28
é:c?fr:f [s]ander 1.53% 0.12 1.36% 0.12 2.02% 0.14 1.46% 0.12 1.65% 0.13 0.82% 0.09 0.52% 0.07
Eig?can 0.48% 0.07 0.25% 0.05 0.28% 0.05 0.45% 0.07 0.66% 0.08 0.51% 0.07 0.46% 0.07
Other 2.02% 0.14 1.57% 0.12 1.61% 0.13 1.67% 0.13 1.90% 0.14 1.66% 0.13 1.73% 0.13
Admisson Emergency 45.97% 0.5 38.44% 0.49 11.13% 0.31 52.93% 0.5 54.57% 0.5 55.54% 0.5 44.99% 0.5
Type (%) Urgent 18.07% 0.38 14.18% 0.35 11.17% 032 1566% 036 16.17% 037 16.34% 037 1525% 0.36
Elective 2551%° 0.44 36.63% 0.48 65.63% 047 21.75% 041 19.00% 039 1831% 039 27.77% 045
Trauma Center 0.24% 0 0.07% 0.03 0.01% 0.01 0.11% 0.03 0.09% 0.03 0.27% 0.05 0.08% 0.03
Other 0.10% 0.03 0.05% 0.02 0.00% 0 0.11% 0.03 0.10% 0.03 0.20% 0.05 0.19% 0.04
Died (%) 2.38% 0.15 2.83% 0.17 1.92% 0.14 2.57% 0.16 2.40% 0.15 1.88% 0.14 0.88% 0.09
Number of Diagnoses 7.07 3.92 7.94 3.79 5.15 3.29 8.69 3.72 9.3 3.79 8.09 3.74 8.8 3.66
Number of Procedures 1.69 2.05 19 2.07 2.26 152 1.69 2.22 1.64 2.22 1.33 1.95 1.69 2.11

1 SD. = Standard Deviation, and same in the following tables.

2 Highlighted cells are the results specifically discussed in the text and worth attention
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2.4.1.2 Understanding the Impact of Comorbid Conditions on Breast Cancer Patients in
Comparison to the General Population

Tables 2.3 and 2.4 respectively, present the characteristics of the comorbidities of
interest for the prevalence breast cancer and primary breast cancer patient groups. Some of

the more salient differences between these patient populations are discussed below.

Table 2.3 Summary of Characteristics of the Prevalence Breast Cancer Group with Comorbidities

Prevalence BC Hypertension Diabetes Mental Disorder Obesity
(n=161,163) (n=86,526) (n=31,479) (n =43,028) (n =9,000)
Mean SD. Mean SD. Mean SD. Mean SD. Mean SD.
Age (years) 6748 1503 7238 1246 7061 1215 68.04 1535 6324 1271
Length of Stay (days) 484 5.65 4.88 514 5.20 5.67 5.29 6.46 4.75 5.69
Total Charges ($) 28357 34781 27949 32414 28855 35119 27083 32667 29808 30850
Female (%) 91.22% 028 9213% 027 93.09% 025 92.75% 026 93.02% 0.25
Race (%) Caucasian 60.12% 049 6059% 049 5521% 050 6367% 048 56.46% 0.50
African American 7.74% 0.27 9.48% 029 1238% 0.33 6.88% 025 1161% 0.32
Hispanic 5.14% 0.22 4.80% 021 7.40% 0.26 4.16% 0.20 6.71% 0.25
Adan or Pacific
Idander 1.36% 0.12 1.26% 011 1.58% 0.12 0.68% 0.08 0.50% 0.07
Native American 0.25% 0.05 0.25% 0.05 0.40% 0.06 0.23% 0.05 0.28% 0.05
Other 1.57% 0.12 1.49% 0.12 1.66% 0.13 1.42% 0.12 1.61% 0.13
Admisson  Emergency 3844% 049 43.02% 050 46.35% 050 4531% 050 32.08% 047
Type (%)  Urgent 1418% 035 13.78% 034 1426% 035 1418% 035 1218% 0.33
Elective 36.63% 048 3245% 047 2859% 045 29.65% 046 42.20% 049
Trauma Center 0.07% 0.03 0.08% 0.03 0.05% 0.02 0.08% 0.03 0.02% 0.01
Other 0.05% 0.02 0.08% 0.03 0.08% 0.03 0.08% 0.03 0.12% 0.03
Died (%) 2.83% 0.17 2.40% 0.15 2.61% 0.16 2.33% 0.15 1.10% 0.10
Number of Diagnoses 7.94 3.79 9.00 3.56 9.78 3.56 9.29 3.59 9.52 3.68
Number of Procedures 1.90 2.07 1.79 2.07 1.75 211 1.64 2.02 2.16 212

In comparison to the general population, the mean patient age with each comorbid
condition is much higher in the prevalence breast cancer group. Similar to the general
population, patients with comorbidities also have longer LOS in both breast cancer groups.

For prevalence breast cancer group, only hypertension and mental disorder have lower



charges. However, in the primary breast cancer group, all comorbidities result in lower

charges. This may relate to the differences in the types of admission between these groups.

With respect to the admission type, as stated above, breast cancer patients are primarily

admitted as “elective.” Similarly, in the primary breast cancer group with comorbidities, each

comorbid condition patient group has a high percentage of elective admissions, all over 60%.

In comparison, for the general population only 25.51% of admissions are elective. Thisis

also reflected in the number of procedures.

Table 2.4 Summary of Characteristics of the Primary Breast Cancer Group with Comorbidities

Primary BC Hypertension Diabetes Mental Disorder Obesity
(n=21,598) (n=8,813) (n=3,157) (n=4,413) (n=1,272)
Mean SD. Mean SD. Mean SD. Mean SD. Mean SD.
Age (years) 60.34 1530 6757 1297 66.17 1265 5938 1535 59.18  20.00
Length of Stay (days) 3.16 5.27 3.23 5.05 3.82 6.75 371 7.52 3.28 3.99
Total Charges ($) 24337 25210 23207 24611 25609 31796 25159 24649 25189 24330
Female (%) 9419% 023 9398% 024 9335% 025 9340% 025 9520% 021
Race (%) Caucasian 5363% 050 5246% 050 46.85% 050 55.88% 050 50.39% 0.50
African American 10.12% 030 1368% 034 1577% 0.36 9.47% 029 1541% 0.36
Hispanic 6.70% 0.25 5.90% 0.24 8.58% 0.28 4.80% 021 7.08% 0.26
Adan or Pacific
Idander 2.02% 0.14 1.80% 0.13 2.53% 0.16 0.79% 0.09 0.63% 0.08
Native American 0.28% 0.05 0.30% 0.05 0.48% 0.07 0.29% 0.05 0.08% 0.03
Other 1.61% 0.13 1.30% 0.11 1.20% 0.11 1.54% 0.12 1.26% 0.11
Admisson  Emergency 11.13% 031 1161% 032 1441% 035 1443% 035 11.71% 032
Type (%)  Urgent 11.17% 032 1188% 032 1286% 033 1144% 032 9.98% 0.30
Elective 65.63% 047 65.44% 048 6155% 049 6397% 048 62.74% 048
Trauma Center 0.01% 0.01 0.00% 0.00 0.00% 0.00 0.00% 0.00 0.00% 0.00
Other 0.00% 0.00 0.00% 0.00 0.00% 0.00 0.00% 0.00 0.00% 0.00
Died (%) 1.92% 0.14 1.21% 011 1.39% 0.12 1.61% 0.13 0.47% 0.07
Number of Diagnoses 515 3.29 6.53 3.19 747 3.44 6.84 334 7.62 3.36
Number of Procedures 2.26 152 2.10 1.43 2.07 1.47 2.26 154 2.23 157

With respect to the number of procedures, generally, breast cancer patients have more

procedures than the general population. In the prevalence breast cancer group, those patients
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with hypertension have fewer procedures compared to the general prevalence subgroup, and
those who are obese have more (2.16). However, in the primary breast cancer group, all
patients with comorbidities have fewer procedures (2.07 to 2.23) than the general subgroup
(2.26). The primary breast cancer group on average has fewer diagnoses than the general
population. Similar to the general population with comorbidities, those patients with the
comorbid conditions also have more diagnoses, 9.00 to 9.78 compared to 7.94 for the
prevalence group (6.53 to 7.47 compared to 5.15 for the primary group). All mortality rates
for patients with comorbidities in the prevalence breast cancer group are lower (1.10% to
2.61%) than in the general subgroup (2.83%), and similarly for the primary breast cancer
group.

Descriptive statistics show that breast cancer patients with selected chronic
comorbidities behave differently than the general population, which results in different LOS
and total charges. Next, regression models are used to sudy the detailed effect of

comorbidities on patient outcomes adjusting for other effects.

2.4.2 Least Squares Regression on Patient Outcomes

2.4.2.1. Characterizing the Relationship between LOS (Total Charges) and Patient
Background Characteristics, Comorbidities for General Population and Breast Cancer
Patients

Using stepwise selection (with a 0.1 significance level) to identify significant

relationships in the regression analysis, we first develop regression models for the general
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population and compare the two cases where breast cancer is considered according to the

primary breast cancer and prevalence breast cancer groups. The regression models in each

case have R-squares of approximately 22% for the log(LOS) and 37% for the log(total

charges). The transformed coefficient estimates (i.e., exponential transform of the log

coefficient) are presented in Table 2.5. It should be noted that most of the interaction terms

for breast cancer and a comorbid condition are significant, which indicates that comorbid

conditions affect outcomes for breast cancer patients in terms of both charges and LOS.

Table 2.5 Ordinary Least Squares Regression for the General Population

Length of Stay Total Charges
Prevalence Primary Prevalence Primary

Estimate p-value Estimate p-value Estimate p-value Estimate p-vaue
Age 1.0024 <0001 1.0018 <.0001 1.0059 <0001 1.0062 <.0001
Race Caucasian 0.96 <0001 0.9626 <.0001 0.9893 <.0001 0.9889 <.0001
African American 1.1408 <.0001 1.1335 <.0001 1.05 <0001 1.0519 <.0001
Hispanic 1.0516 <.0001 1.0417 <.0001 1.0685 <.0001 1.0703 <.0001
Asian or Pacific Idander 1.0683 <.0001 1.0516 <.0001 1.0535 <.0001 1.056 <.0001
Native American ! 0.9208 <.0001 0.9194 <.0001
Admission Emergency 1.1034 <.0001 1.1095 <.0001 0.6998 <.0001 0.6983 <.0001
Type Urgent 1.11 <.0001 1.1075 <.0001 0.5867 <.0001 0.5866 <.0001
Elective 1.0161 <.0001 1.0123 <.0001 0.6983 <.0001 0.7004 <.0001
Newborn 1.1075 0.0015 1.0914 0.0049 0.5293 <.0001 0.53 <.0001
Trauma Center 1.2371 <0001 1.2567 <.0001 1.2922 <.0001 1.2866 <.0001
Died 0.9638 <.0001 0.9538 <.0001 1.047 <.0001 1.0418 <.0001
Transferred 1.4534 <.0001 1.4705 <0001 1.2452 <.0001 1.238 <.0001
Number of Diagnoses 1.076 <0001 1.0798 <0001 1.0422 <.0001 1.0418 <.0001
Number of Procedures 1.0776 <.0001 1.0746 <.0001 1.2453 <.0001 1.2467 <.0001
Breast Cancer 0.9911 0.0008 0.7832 <.0001 1.1903 <.0001 1.2359 <.0001
Hypertenson  Independent 0.8676 <.0001 0.8879 <.0001 1.0243 <.0001 1.0076 <.0001
Interaction 0.9422 <0001 0.8661 <.0001 0.8288 <.0001
Diabetes Independent 0.9579 <.0001 0.9333 <.0001 0.9868 <.0001 0.9975 0.0022

Interaction 0.9895 0.0128 1.0554 0.0044 0.9655 <.0001
Mental Independent 1.0447 <.0001 0.8931 <.0001 0.9682 <.0001 1.0032 <.0001
Disorder Interaction 09381 <0001 08986 <0001 09545 <0001 09695  0.0185
Obesity Independent 0.9348 <.0001 0.9437 <0001 1.1267 <.0001 1.0864 <.0001
Interaction 0.955 0.096 0.9165 <.0001 0.9178 0.0002

R-sguare 22.43% 22.55% 36.74% 36.64%

! Blank cells represent non-significant results. The same holds in the following tables.
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Consistent with the results of the descriptive statistical analysis, breast cancer patients
have shorter LOS but higher total charges. When breast cancer is considered only at the
primary diagnosis (or treatment) level, there is a decrease in the average LOS of 21.68% (i.e.,
100%-78.32%). In contrast, there is only a 0.89% decrease for the prevalence breast cancer
patients suggesting that the prevalence breast cancer patients are more similar to the general
population as seen in the descriptive analysis.

Considering the independent disease (main effect), for the primary breast cancer
group, hypertension, mental disorder, and obesity reduced LOS but increased charges, while
patients with diabetes have both lower LOS and charges. In contrast, in the prevalence breast
cancer group, mental disorder has higher LOS but lower charges. This suggests that when
mental disorder isthe primary or the secondary reason for hospitalization compared to when
it isa secondary condition (primary being breast cancer), patients stayed in the hospital
longer. In general, while patients diagnosed with breast cancer (primary or prevalence) and
comorbid conditions have a shorter LOS, they have higher charges compared to patients
without these conditions. For example, patients with primary breast cancer and secondary
hypertension have a 34.48% (i.e., 100% - (78.32%* 88.79%* 94.22%)) shorter stay but spend
3.2% (i.e., (123.59%* 100.76%* 82.88%) — 100%) more on average, assuming all other
factors are fixed.

When considering the comorbid effect on primary breast cancer patients, LOS
decreases by 16% for hypertension (i.e., 100%-88.79%* 94.22%), 1.5% for diabetes, 19.7%

for mental disorder, and 9.9% for obesity compared to each corresponding non-comorbid
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group. For total charges, hypertension decreases charges by 16.5%, 2.7% for mental disorder,
and 0.3% for obesity, and there is no significant interaction for diabetes with breast cancer.

In addition, patient disposition, “died” or “transferred,” affected LOS and charges
significantly. Consequently, when considering the effect of comorbid conditions on breast
cancer patients, the effect of disposition also should be considered. Transferred patients
generally have alonger LOS and higher total charges. For example, in the breast cancer
prevalence group (Table 2.5), transferred patients have 45.34% longer LOS (assuming all
other covariates are fixed) and a 24.52% increase in total charges compared to patients who
are not transferred. Patients who died during hospitalization on average have a 3.62% shorter
LOS with a4.7% increase in total charges compared to those who did not die during
hospitalization.

The results for comparing the weight-adjusted and unadjusted regression models for

LOS for the primary breast cancer group are summarized in Table 2.6.
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Table 2.6 Comparison for Weigh-Adjusted and Unadjusted Regression Models

Weight-Adjusted Unadjusted Weight-Adjusted Unadjusted

Variable Estimate p-value | Estimate p-value | Variable Estimate p-value | Estimate p-value
Intercept 16988 <.0001 | 1.4384 <.0001 | NDX 1.0760 <.0001 | 1.0797 <.0001
Age 1.0024 <.0001 | 1.0018 <.0001 | NPR 1.0776 <.0001 | 1.0745 <.0001
Racel 0.9600 <.0001 | 0.9629 <.0001 | Died 0.9638 <.0001 | 0.9987 <.0001
Race? 11408 <.0001 | 1.1292 <.0001 | Transferred | 1.4534 <.0001 | 14790 <.0001
Race3 1.0516 <.0001 | 1.0409 <.0001 | BC' 09911 <.0001 | 0.9891 <.0001
Raced 1.0683 <.0001 | 1.0513 <.0001 | H 0.8678 <.0001 | 0.8914 <.0001
Race5 1.0072 0.0902 | D 09579 <.0001 | 0.9365 <.0001
Emergency | 1.1034 <.0001 | 1.1097 <.0001 | MD 1.0447 <.0001 | 1.0122 <.0001
Urgent 11100 0.0046 | 1.1086 <.0001 | O 0.9348 <.0001 | 0.9460 <.0001
Elective 1.0161 <.0001 | 1.0119 <.0001 | BCxH?

Newborn 11075 0.0015 | 1.0929 0.0126 | BCxD 0.9895 0.0128 | 0.8991 <.0001
I:r;liga 12371 <0001 | 12598 <0001 Eg:g D 09381 <.0001 | 0.8871 <.0001

!BC = breast cancer, H = hypertension, D = diabetes, MD = mental disorder, O = obesity
2BCxH (and same for the terms below) is the interaction term in the regression.

It can be seen from the results that although some of the parameter estimates for
demographic variables like race are different, there is no change with respect to the
comorbidity impact, and the significance levels are similar. These results suggest that while it
IS necessary to weight-adjust the NIS data to make national inferences based on the summary
statistics, thisis not necessary for the regression analysis as the sample is already well
designed to represent disease impact. Hence, the rest of the studies are based on the sampled

dataonly.

2.4.2.2 Understanding the Effect of Age on the Relationship between LOS (Total Charges)

for Breast Cancer Patient with Comorbidities.
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Different age groups have different distributions of LOS and total charges.
Stratification of the population by age allows for amore detailed analysis. For simplicity,
only the primary breast cancer group is considered for the age stratified regression analysis.

Tables 2.7 and 2.8 summarize the coefficients of the estimates for the sets of age-
based regressions on LOS and total charges for the general population. For each comorbid
condition, the first two columns have the coefficient and p-value for the independent disease,
and the second two columns summarize for the coefficients and p-value for the interaction
terms with breast cancer. R-squares are summarized in the last columns. It can be seen that in
both regressions on LOS and total charges, R-square is higher, in general, for the older age

groups (16.3% to 22.4% for LOS and 23.0% to 38.8% for tota charges).
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Age
18to 30
31to0 40
41to 50
51to 60
61to 70
71t0 80
81t0 90

Over 90

Age
18to 30
31to0 40
41to 50
51to 60
61to 70
71t0 80
81t0 90

Over 90

Table 2.7 Least Square Regression Results on L OS for General Population with Comorbidities by Age

Died Breast Cancer Hypertension Diabetes Menta Disorder Obesity

Individua Interaction Individua Interaction Individua Interaction Individua Interaction
Est.? p’ Est. p Est. P Est. p Est. p Est. p Est. p Est. p Est. p Est. p
0636 <0001 1171 <0001 0979 <0001 0.704 0019 1016 0.001 0.800 <0001 1201 0.008 0.994
0804 <0001 0907 <0001 0902 <0001 1129 0053 0970 <.0001 0816 <0001 1.168 0 0948 <0001 0.844 0.044
0827 <0001 0784 <0001 0855 <0001 1129 0 0933 <0001 1.092 0092 0.799 <0001 1155 <0001 0920 <.0001
0941 <0001 0744 <0001 0.849 <0001 1052 0.042 0909 <.0001 1.065 0.07 0.857 <.0001 0911 <.0001
1.033 <0001 0695 <0001 0.870 <.0001 0913 <0001 1094 0003 0919 <0001 1.093 0.004 0912 <.0001
1.026 <0001 0699 <0001 0887 <0001 0936 0012 0933 <0001 1078 0.015 0966 <.0001 0922 <.0001
0949 <0001 0666 <0001 0907 <.0001 0.954 <.0001 0.962 <.0001 1.088 0.041 0938 <0001 0.841 0.095
0.833 <0001 0660 <0001 0926 <.0001 0.977 <0001 1249 0.052 0.952 <.0001 2275 0.045

"Est. = Parameter Estimate; “p = p-value

Table 2.8 Least Square Regression Results on Total Charges for General Population with Comorbidities by Age

Died Breast Cancer Hypertension Diabetes Mentd Disorder Obesity
Individua Interaction Individua Interaction Individua Interaction Individua Interaction
Est.? p’ Est. p Est. p Est. p Est. p Est. p Est. p Est. p Est. p Est. p
1842 <0001 2212 <0001 108 <0001 0650 0.009 1072 <.0001 1.007 0.001 0876 0092 1065 <0001 0.744 0.066
1520 <0001 1740 <.0001 1.06 <0001 0.880 0.06 1.052 <.0001 1100 <0001 0880 0.008 1077 <.0001
1162 <0001 1102 <0001 0974 <0001 1078 0.014 0.990 <.0001 1011 0
1145 <0001 0916 <0001 0949 <.0001 0953 <0001 1057 0084 0950 <.0001 0.992 0.001
1105 <.0001 0.848 <.0001 0952 <.0001 0943 <0001 1061 0041 0932 <0001 1065 0036 0.990 0
1074 <0001 0799 <0001 0955 <.0001 0948 <0001 1065 0036 0915 <0001 108 0012 0981 <.0001
1011 0.003 0895 <0001 0.960 <.0001 0964 <0001 1.083 0.07 0.898 <.0001 0959 <.0001
0.941 <.0001 0973 <.0001 0.981 0 0.923 <0001 0.961 0.085

"Est. = Parameter Estimate; “p = p-value

(%)

16.3
17.1
18.9
20.1
21.4
224
21.4

18.8

(%)

230
258
35.2
385
38.8
36.7
36.7

320
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Patients younger than 30 and older than 90 behave very differently than patientsin
other age groups. There are also a smaller number of samples in these two age groups. For
patients younger than 50, the total charges are higher when the patients have breast cancer.
Thisis especially true for patients under 30; for these breast cancer patients their total
charges are about twice (221.2%-100%) as high as non-breast cancer patients and they also
stay in the hospital for a17.1% (i.e., 117.1%-100%) longer time. This difference decreases as
the patient group getsolder. In fact, for older patients the LOS and total charges are lower in
the breast cancer group. For those older than 90, there is no significant difference in the total
charges for the two cohorts.

For the general population, those patients with hypertension (independent or main
effect) have a shorter LOS. The patient group aged 51 to 60 has the greatest difference with a
15.1% (i.e., 100%-84.9%) shorter time compared to the non-hypertensive patient. Total
charges for patients having hypertension are higher for patients younger than 40 but lower for
those older than 40. From Table 2.7 and 2.8, the coefficient estimate for hypertension follows
a convex function for both regression models. That is, for patients between 50 and 70, the
difference in LOS and charges for hypertension patients and non-hypertension patients are
the largest.

For the primary breast cancer patients, having hypertension resulted in lower LOS
and charges. However, for older patients, the differences in admission time and charges
follow similar patterns to the general population. In contrast, for patients younger than 30,
the difference is large; there is an approximately 31% (100%-97.9%* 70.4%) decrease in

LOS and 29.4% (100%-108.6%* 65%) decrease in total charges. There are some exceptions:
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For primary breast cancer patients age 31 to 40, the admission time increases about 2% for
those patients with hypertension; and for patient ages 41 to 50, the total charges increase by
5% for those patients with hypertension as a comorbid condition to breast cancer.

In the general population, the effect of diabetesis similar to hypertension. The
coefficient also follows a convex function, i.e., patients age 51 to 60 have the largest
difference in LOS and patients age 61 to 70 have the largest difference in charges comparing
those with diabetes to those without diabetes. However for primary breast cancer patients,
there isalmost no difference in LOS and charges for patients with diabetes, especially for
patients between 41 and 80 (where the interaction terms adjusted (eliminated) the effect). For
primary breast cancer patients older than 90, LOS increases by 22% (i.e., 97.7%* 124.9% -
100%).

For patients with a mental disorder, the effects on LOS and charges have different
patterns. LOS is shorter for patients with a mental disorder, but the magnitude of the
difference decreases as the age group gets older. In contrast, charges for patients with a
mental disorder in younger groups are higher than the non-mental disorder group; however,
the magnitude of the difference decreases with age, and the charges are lower in older patient
groups. For primary breast cancer patients, having a mental disorder also resulted in shorter
admission time and lower total charges, except for patients age 81 to 90, for whom the
admission time increased by about 5%.

Obesity patients have lower LOS and the magnitude of the difference also follows a
convex function with the difference being largest for patients 50-70 years old with an almost

9% decrease. Charges for obese patients compared to non-obese ones are higher for younger



patients and lower for older patients. And the difference consistently decreases with age
group. There is no significant difference in LOS for patients older than 90. Few interaction
terms are significant for breast cancer patients who are obese. Notice that only for patients
over 90, having obesity almost doubled LOS (i.e., 227.5% - 100%) for the primary breast
cancer group.

The regression results also suggest that the disposition variable, DIED, has a
significant impact on both LOS and total charges. The coefficients of estimates on LOS have
a concave shape. For younger and older patients, mortality decreased the LOS. But for
patient age 61 to 80, mortality increased the LOS. Total charges for patients who died during
hospitalization are higher than for patients who survived, except for patients older than 90.

The coefficients for total charges consistently decrease with patient age.

2.4.3 Logistic Regression on Patient Disposition: Characterizing the Probability of
Mortality (or Transferring) During Hospitalization as a Function of Patient Background

Variables and Comorbidities

The above analyses suggest that patient disposition has a significant effect on LOS
and total charges for patients with comorbidities. Two separate logistic regression models are
developed for patient mortality and transferring. The effect on the general population and the
primary breast cancer group is compared. Since most of the interaction terms of breast cancer
and comorbidities for the general population are not significant, the interaction terms in these
regression models are not included. The odds ratios and p-values are summarized in Table

2.9 and Table 2.10 for patients who died or transferred. The oddsratio is a measure to
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describe if an event is more or less likely to occur when the binary variable equals one,

holding all other factors fixed [57]. For example, a value of 8.171 means having breast

cancer increases the likelihood of death by 8.171 times compared to the patients without

breast cancer.
Table 2.9 Logistic Regression Results for Patients who Died
Breast Cancer Hypertension Diabetes Mental Disorder Obesity
Age|OR' p OR. p OR. p OR. p OR. p
18t030 | 8.171 <.0001 0501 <.0001 0.474 <.0001
31t040 | 8227 <0001 0.621 <.0001 0.718 <.0001 0.677 <.0001 0.606 <.0001
41t050 | 3.208 <.0001 0405 <.0001 0.664 <.0001 0572 <.0001 0.426 <.0001
51t060 | 1.957 <.0001 0.379 <0001 0.627 <.0001 059 <.0001 0411 <.0001
61to70 | 1.380 0.0059 0.407 <.0001 0.659 <.0001 0.617 <.0001 0.422 <.0001
71t0 80 0.441 <0001 0.735 <.0001 0.713 <.0001 0.468 <.0001
81t090 | 0.756 0.0485 0.481 <.0001 0.817 <.0001 0.788 <.0001 0.543 <.0001
Over 90 0569 <.0001 0.879 <.0001 0.838 <.0001 0573 0.0002
Primary Breast Cancer Group
18t0 30
31t040 0.05 0.0058
41t050 0.212 0.0012 0.291 0.0010
51to 60 0.307 0.0001 0.404 0.0479 0.427 0.0067 0.126 0.044
61to 70 0.337 <.0001 0.262 0.0021 0.121 0.0404
71t0 80 0.321 <.0001 0.476  0.0486
81t0 90 0.492 0.0191
Over 90

'0O.R. = odds ratio

RZ

27.34%
21.44%
18.07%
16.06%
13.79%
11.05%
7.43%

5.05%

R2
93.27%
44.32%
33.15%
27.53%
25.42%
21.24%
20.04%
50.92%
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Age
18t0 30
31to40
41t050
51to 60
61to 70
71t0 80
81t0 90
Over 90

Table 2.10 Logistic Regression Results for Patients who Transferred

18t0 30
31to40
41 to 50
51 to 60
61to 70
71to 80
81t0 90

Over 90

Breast Cancer  Hypertension Diabetes Mental Disorder Obesity
O.R p O.R p O.R p O.R p O.R p

0.888 <.0001 1699 <0001 0920 0.009
0.537 0.0119 0.883 <.0001 1.134 <.0001 1466 <.0001 0.863 <.0001
0.372 <.0001 0.848 <.0001 1.090 <.0001 1.148 <.0001 0.897 <.0001
0.368 <.0001 0.856 <.0001 1.113 <.0001 1.197 <.0001 0.978 0.0376
0.334 <.0001 0.883 <.0001 1.138 <.0001 1.397 <.0001 1.042 <.0001
0.373 <.0001 0.886 <.0001 1.144 <.0001 1.834 <.0001 1.024 0.0246
0.447 <0001 0.895 <.0001 1.109 <.0001 2087 <.0001
0.509 <.0001 0.940 <.0001 1.098 <.0001 1.922 <.0001 1.134 0.0546

Primary Breast Cancer Group

Breast Cancer Hypertension Diabetes Mental Disorder Obesity

0452 0.0003 2378 0.0001 1.642 0.0122

0.508 <.0001

0.731 0.0226 1904 <.0001

0.621 0.0005 2405 <.0001

2201  0.0205

RZ

16.29%
14.32%
9.86%
9.53%
10.33%
11.86%
11.97%
7.88%

R2
72.50%
26.41%
22.23%
25.39%
21.21%
25.81%
22.62%
16.55%

The last column in Tables 2.9 and 2.10 summarizes the Max-rescaled R-sgquares for each

logistic regression. In general, the Hosmer-Lemeshow goodness-of-fit test is significant for

the general population, primarily due to the large size of the dataset. Thisis acommon

phenomenon in the literature for the NIS data[27]. The test is not significant for the breast

cancer group, which indicates a good fit. While a unit increase in total charges does not affect

the mortality and transferring probabilities, a unit increase in LOS results in a lower mortality

probability for the general population (oddsratio < 1) but a higher mortality probability for
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the breast cancer group (odds ratio > 1). The odds ratios associated with LOS for patients
who transferred are greater than 1 for both the general and breast cancer groups.

Asshown in Table 2.9, patients with breast cancer have a higher probability of death
for patients younger than 70 while older patients have lower probability of death compared to
non-breast cancer patients. The probability of death for patients with comorbid conditions is
lower for both the general population and the primary breast cancer subgroup. However, for
the breast cancer subgroup shown, comorbidities generally do not significantly affect
mortality for patients younger than 40 and older than 80.

Asshown in Table 2.10, patients with either diabetes or mental disorder have a higher
probability of being transferred. Thisis particularly true for primary breast cancer patients
older than 50 where mental disorder increased the probability of being transferred. Perhaps
this finding is related to these chronic diseases impacting breast cancer since both are long-
term and often are in the later ages when diagnosed.

From the logistic regression results it can be seen that comorbidities affect patient
disposition, especially mental disorder and diabetes for older patients. These comorbidities
increase the chance of being transferred and thus actual LOS and total charges cannot be

observed.

2.4.4 Survival Analysis on LOS: Incorporating Censoring on the Relationship Between

LOS and Patient Background Characteristics and Comorbidities

For patients who do not die during hospitalization, i.e., the “survived” group, about

17.09% of the records are censored. These patients either stayed in the hospital for longer
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than 365 days, or they were transferred to another facility. In the ordinary regression models,
it is not possible to fully explore the effect of comorbidities on LOS and total charges for
such patients because the LOS variable is biased as patients are transferred to other facilities.
Treating transferred patients as a form of censoring makes it possible to more accurately
study the impact of the comorbidities on patient outcomes, since discharge does not have to
imply improved patient outcome, e.g., incorporating the censoring effect allows for the
representation of patients whose discharge was not due to their condition improving. In fact,

the results suggest some different patterns compared to ordinary regression results.

2.4.4.1. Accelerated Failure Time Model: A Parametric Model

Weibull, log normal, and log logistic distributions are fitted in the parametric
regression models. The results for comorbidities are summarized in Table 2.11. The estimate
for each coefficient shows the change in log(admission time) with the condition present as
compared to not present while holding other covariates fixed. All coefficients for
independent diseases are significant as well as the interaction terms except for obesity, which

is consistent with earlier analysis.
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Table 2.11 Results for Accelerated Failure Time Model

Weibull log Normal log Logistic
Egstimate p-value Estimate p-value Edtimate p-value
Breast Cancer -0.3929 <0001 -0.3373 <.0001 -0.3582 <.0001

Hypertension Independent  -0.1999 <.0001 -0.1782 <.0001 -0.1737 <.0001
Interaction -0.0857 <.0001 -0.0831 <.0001 -0.0998 <.0001
Diabetes Independent  -0.0841 <.0001 -0.0809 <.0001 -0.0774 <.0001
Interaction 0.0733 <.0001 0.0533 0.0013 0.0487 0.003
Mental Disorder Independent -0.0806 <.0001 -0.0482 <.0001 -0.0488 <.0001
Interaction 0.0976 <.0001 0.0393 0.0049 0.0385 0.005

Obesity Independent  -0.1109 <.0001 -0.1033 <.0001 -0.0956 <.0001
Interaction

scale 0.8287 0.7928 0.4516

shape 1.2067

Maximum Likeihood -7873796 -7125916 -7126686

It is difficult to determine which parametric distribution fits the model best without
analyzing the distribution of the error terms. For this very large dataset, it is challenging to
plot the actual distribution. Hence, the values of the maximum likelihood estimates under
each distribution assumption are compared to identify the best model. The model with the
largest maximum likelihood estimate has the best fit. The log normal, which assumes that the
error terms follow a normal distribution, has the largest maximum likelihood estimate.

Consistent with earlier results, comorbidities decreased LOS for primary breast
cancer patients in most cases; however, the results are sensitive to the distribution
assumption. Mental disorder increased LOS in the Weibull model but not under the other two
distribution assumptions. This could be explained by the fact that mental disorder carried the

most censored information and thus it is most sensitive to different distribution assumptions.
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2.4.2.2 Proportional Hazards Model: Semi-parametric Assumption

The results for the proportional hazards model are summarized in Table 2.12. The
first column summarizes the estimates for the coefficients a, B, and y as in equation (2.10).
The second column is the p-value corresponding to each estimate. The third column isthe
hazard ratio summary, which is the exponential of the coefficient estimate. The hazard ratio
represents the hazards of the event when the binary covariate is one or one unit increase in
the continuous variable while keeping other covariates fixed. For example, the hazard ratio of
B1 (the first element in the vector B) showsthe effect on LOS if breast cancer is present. If it
is greater than (less than) 1, then the hazard is higher (lower) for breast cancer patients. In
this study, hazard refers to the “hazard” of leaving the hospital instead of dying, i.e., the
conditional probability of leaving the hospital given that the patient has not left the hospital
prior to timet.

In order to compare the results with the ordinary regression results, another stepwise
regression is run on LOS for the same population (survived group) as the proportional
hazards model and the results are summarized in Table 2.12. In this model the hazards
associated with Hispanic, and Asian or Pacific Islander race categories are not significantly
different from race group 6: other. In the ordinary regression, being Hispanic increases LOS
by 3.5% (i.e., 1.035-1) compared to “other.” Mog interestingly, admission type 3: “Elective’
increases the hazard of leaving the hospital by 4.1% (i.e., 1.041-1). In other words, the
elective group stayed in the hospital for a shorter period of time compared to the “other”
admission type, while in the ordinary regression results elective admission type did not have

asignificantly different impact on LOS as compared to “other”.
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Table 2.12 Comparison of Results for the Proportional Hazards Model and the OL S Regression

Model
Proportiona Hazards OLS Regression
Egstimate p-value Hazard Ratio Estimate p-value
Age -0.0108 <.0001 0.989 1.0039 <.0001
Race Caucasian 0.0357 <.0001 1.036 0.9603 <.0001
African American -0.1471 <.0001 0.863 1.1338 <.0001
Hispanic 1.0349 <.0001
Asian or Pacific ISlander 1.0421 <.0001
Native American -0.0106  0.0841 0.989 1.0071  0.0952
Admission Emergency -0.1224  <.0001 0.885 1.1159 <.0001
Type Urgent -0.0668 <.0001 0.935 1.1005 <.0001
Elective 0.0399 <.0001 1.041
Newborn 1.0850 0.0233
Trauma Center -0.4226  <.0001 0.655 1.3576 <.0001
Total number of diagnoses -0.1034  <.0001 0.902 1.0868 <.0001
Total number of procedures -0.0555 <.0001 0.946 1.0718 <.0001
Breast Cancer 0.399 <.0001 1.49 0.7509 <.0001
Hypertension Independent 0.1861  <.0001 1.204 0.8699 <.0001
Interaction 0.1228  <.0001 1131 0.9348 <.0001
Diabetes Independent 0.0757 <.0001 1.079 0.9313 <.0001
Interaction -0.0622  0.0037 0.94 1.0517  0.0009
Mental Disorder  Independent 0.0457  <.0001 1.047 0.9145 <.0001
Interaction -0.0744 <.0001 0.928 1.0712 <.0001
Obesity Independent 0.1011 <.0001 1.106 0.9303 <.0001
Interaction

The effect of individual disease on LOS is similar in the two models. Each

independent disease increased the hazard of leaving the hospital and thus there was a shorter

LOS. Breast cancer increased the hazard by 49% (i.e., 1.49-1); 20% for hypertension, 7.9%

for diabetes, 4.7% for mental disorder, and 10.6% for obesity. Asin the ordinary regression

case, the LOS decreased by 25% for breast cancer patients, 13% for hypertension, 6.9% for

diabetes, 8.6% for mental disorder, and 7% for obesity.

When looking at comorbidities, there is some difference between the two models.

Coefficients for the interaction terms of breast cancer with obesity are not significant in
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either model. Thus only the other three conditions are compared. Having hypertension for
primary breast cancer patients increased the hazard of leaving hospital by 36% (i.e.,
1.204*1.131-1) and in the OL S regression, LOS was shortened by 18.7% (i.e., 1-
0.867*0.935). So these two results correspond. Similarly for diabetes, the survival model
results in a 1.4% increase in hazard and ordinary regression has an approximately 2%
decrease in LOS. However, for patients with a mental disorder the story is a different. Inthe
proportional hazards model, for primary breast cancer patients comorbid with mental
disorder the hazard decreased by 2.8% (i.e., 1-1.047*0.928). This implies a breast cancer
patient with mental disorders stayed in the hospital for alonger time than a breast cancer
patient without the comorbid condition. In contrast, in the ordinary regression models, the
LOS associated with breast cancer patients with mental disorder decreased by 2% (i.e., 1-
0.9145*1.0712). The logistic regression analysis for patients who transferred indicates that
mental disorders increased the probability of being transferred. So it is reasonable that by
considering censoring in the survival models, the results may be different from ordinary
regression models. By incorporating the information from censoring, the survival models tell
the story more completely.

Survival analysis has shown that censoring mattersin the study of patient LOS,
particularly for patients with a mental disorder who have a higher probability of being
transferred, and thus have more censored information on LOS. Survival models help to study
the true LOS by modeling the effect of the unobserved information. The above analyses have

indeed shown that mental disorders have the greatest impact on breast cancer patients relative
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to the other chronic disease studies, suggesting a closer sudy of the relationship between

mental disorders and breast cancer is necessary.

2.4.5 Principa Component Analysis and Cluster Analysis

The 30 ICD-9 codes for mental disorders are decomposed into 30 variables, and
principal component analysis is conducted on these variables. Variance structureis used
because these variables are indicator variables and do not have scaling problems. The scree
plot shown in Figure 2.4 indicates that the turning point is around component 7. After that,
all remaining components have very small and close eigenvalues. As summarized in Table
2.13, the first seven principal components explained more than 90% of the total variance, and
thus only these are used to explore the mental disorder codes related to breast cancer patients.

The seven variance proportions are used as weights for each variable, and the total
variance for each variable is the eigenvector (the first 7 principal components) multiplied by
the variance proportion as weights. The highest-weighted total variances (score > 0.01) are

summarized in Table 2.14.
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Figure 2.4 Scree Plot for Eigenvalues of PCA

Table 2.13 Summary of variance by principal components

Total Variance Explained By the Components
Eigenvalue % of Variance % Cumulative

1 0.3114 36.15% 36.15%
2 0.2298 26.67% 62.82%
3 0.1034 12.01% 74.83%
4 0.0559 6.49% 81.32%
5 0.0362 4.21% 85.52%
6 0.0263 3.05% 88.57%
7 0.0137 1.59% 90.16%




Table 2.14 PCA rank for ICD-9 codes on mental disorder

ICD-9 Score  Description for ICD-9 Codes
311 0.4146 Depressive disorder not elsewhere classified
300 0.4015 Anxiety, dissociative and somatoform disorders
305 0.3901 Nondependent abuse of drugs
294 0.1518 Persistent mental disorders due to conditions classified
296 0.1100 Episodic mood disorders
295 0.0685 Schizophrenic disorders
290 0.0374 Dementias
309 0.0238 Adjustment reaction
293 0.0125 Transient mental disorders due to conditions classified
303 0.0123 Alcohol dependence syndrome
319 0.0119 Unspecified mental retardation

The PCA identified depressive disorders (ICD-9 code:311), anxiety (300) and
nondependent abuse of drugs (311) asthe mental disorders most related to breast cancer
patients. Other related mental conditions include persistent mental disorders, episodic mood
disorders and dementias. These are also known clinically to be assocaited with breast cancer
[59].

The next question is to identify the maximum number of variables that can be deleted
while leaving the relationship unchanged and extracting the most variance. The CA identified
the most related variables (Table 2.15). There are five clusters with the corresponding 1CD-9
codes shown in column 2. Based on the (1-R-square) ratio in column 3, the most important
variables are highlighted in bold.

Within each cluster, the variables are correlated with each other. For example,
nondependent abuse of drugs is correlated with alcohol-induced mental disorders. Consistent
with the PCA result, the five variables selected from each cluster have the highest PCA score

and are the most related for primary breast cancer patients.
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Table 2.15 Summary for cluster analysis on mental disorder ICD codes

R-squared with 1-RAD
Cluster ICD-9 Own Next Retio Codes Explanation
Cluger Cluster
1 291 0.0008 0.0002 0.999 Alcohol-induced mental disorders
305 1 01207 O Nondependent abuse of drugs
307 0.0033 0.0009 0.998 Special symptoms or syndromes not el sewhere classified
312 0.0005 0.0002 1 Disturbance of conduct not e sawhere classified
2 290 0.0029 0.009 1.006 Dementias
292 0.0024 0.0011 0.999 Drug-induced mental disorders
293 0.0027 0.004 1.001 Transient mental disorders due to conditions classified
299 0.0001 0.0002 1 Pervasive devel opmental disorders
303 0.0006 0.0018 1.001 Alcohol dependence syndrome
308 0.0002 0.0005 1 Acute reaction to stress
309 0.0023 0.0052 1.003 Adjustment reaction
311 1 01215 O Depressive disorder not elsewhere classified
315 0.0005 0.001 1.001 Specific delays in devel opment
318 0.0005 0.001 1.001 Other specified mental retardation
319 0.0018 0.0047  1.003 Unspecified mental retardation
3 300 1 0.116 0 Anxiety, dissociative and somatofor m disorder s
306 0.0007 0.0041 1.004 Physiol ogical malfunction arising from mental factors
4 294 09999 0.0421 1E-04 Per sistent mental disor der sdue to conditions classified
297 0.0011 0.0006 1 Delusional disorders
298 0.0047 0.0027  0.998 Other nonorganic psychoses
310 0.0042 0.001 0.997 Specific nonpsychotic mental disorders due to brain damage
5 295 0.025 0.0062 0.981 Schizophrenic disorders
296 0.9908 0.012 0.009 Episodic mood disorders
301 0.011 0.0002 0.989 Personality disorders
304 0.0028 0.0017 0.999 Drug dependence
314 0.0012 0.0006  0.999 Hyperkinetic syndrome of childhood
317 0.0021 0.0013 0.999 Mild mental retardation

To compare the original model with 30 1CD-9 codes used for mental disorders, a

similar OL S regression model is run for the same population (primary breast cancer group)

using only the ICD-9 codes identified by the CA, and the exact same results are achieved.
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Thus, only these five ICD-9 codes (305, 311, 300, 294, 296) need to be included for future

analyses on the relationship between mental disorders and breast cancer.

2.5 Discussion

Several statistical models are used to analyze the impact of comorbidities on breast
cancer patient outcomes, including patient length of stay, total charges, and disposition.
Descriptive statistical analysis has provided a general picture of the characteristics of the
study population. It also has shown that comorbidities have significant impact on breast
cancer patient outcomes.

Ordinary least square regression models provide details on these impacts adjusting for
other effects. It has been shown that patients with hypertension generally have shorter lengths
of stay with lower total charges. It is hypothesized that this is because the disease is often
well-managed, and patients receive routine treatment which has lower charges. Although
diabetes also decreases length of stay and total charges for the general population, there is no
significant impact on total charges for primary breast cancer patients. This can be seen
clearly when the data is stratified by different age groups. Obesity has limited impact on
length of stay and total charges, and the effect is similar in the general population and the
breast cancer patient group.

Patient disposition (i.e. mortality and transferring) also has been shown to affect a
patient’s length of stay and total charges. From the logistic regression results on patient

disposition, mental disorder increases the probability of being transferred for primary breast
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cancer patients; thus the effects on length of stay and total charges from the regression results
do not show the complete picture.

When survival models are incorporated with “transferred” as the censored
information different results are achieved. In the proportional hazards model mental disorder
indeed increases length of stay for breast cancer patients. It is important to incorporate
censoring into the regression models since comorbidity (especially mental disorder) affects
patient disposition and thus it also affects the true observed admission time.

As seen in the analysis, comorbid conditions will affect length of stay and total
charges for breast cancer patients, and this can help inform the policymaker and facilitate
predicting hospitalization patterns for breast cancer patients with comorbidities. A summary
of the findings of the analyses is presented in Table 2.16.

The aging of the United States population in conjunction with the ability to detect
cancers at an earlier stage due to improved imaging and breast cancer screening has led to an
interesting dilemma for clinicians involved in the care of breast cancer patients [60-62]. At
what point does a person’s mortality risk from breast cancer exceed their mortality risk from
their comorbid conditions, and what is the cost both monetarily and in quality of life of
treating that breast cancer. Increasingly it will be important for clinicians to evaluate the
cumulative effects of multiple comorbid conditions on patient outcome. For example,
conditions such as obesity are associated with hypertension and diabetes. The ability to
identify patients who have a longer length of stay in the hospital, or who are at risk of a

discharge to afacility other then home, are areas for which further study is needed in order to
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identify the causes of the increased length of stay or barriers to discharge and thus perhaps

intervene and change those outcomes.

Table 2.16 Summary of Impact of Comorbidities for Breast Cancer Patient Outcomes *

Mental

Outcome Groups Hypertension Diabetes Disorder Obesity
Prevalence BC 12 l l l
Primary BC l l l l
18t0 30 A3 - l -
31t0 40 1 - ! !
41 to 50 ! 1 ! -
Length of Stay | 51 to 60 l l -A -
61to0 70 - 1 1 -
71t0 80 ! 1 - -
81090 - - 1 !
Over 90 - 1A - 1A
Survival Cox Model l l 1 l
Prevalence BC l l l 1
Primary BC l l l l
1810 30 1A -A 1A 1A
31t0 40 ! - 1 -
41 to 50 ) - - -
Total Charges
51 to 60 - ) - -
61to0 70 - ) 1 -
71t0 80 - ) 1 -
81090 - ) - -
Over 90 - - - -
1810 30 - - - -
31t0 40 - - 1A -
41 to 50 1A - 1 -
_ 51 to 60 ! ! ! 1
Mortality 61to 70 ! 1A - 1A
71t0 80 ! - 1 -
81090 ! - - -
Over 90 - - - -




Table 2.16 Continued

Outcome Groups Hypertension Diabetes Dl\l/lse(')::jaér Obesity
18t0 30 - - - -
31to40 - - - -
41to 50 - - - -

51 to 60 1A 1A 1 -
Transfer 61t0 70 D = = =
71to 80 ! - 1 -
81t090 ! - TA -
Over 90 - - 1 -

! The table summarized the impact on outcomes for breast cancer patients with comorbidities,
not for general population.

2 |= decrease in outcome; 1 = increase in outcome; — = same effect as general population.

% A represents the biggest difference in outcome among all age groups.

There are some limitations in this analysis based on the dataset. Dueto the de-
identification of the data, it is not possible to determine if there are duplicate records for the
same patient (i.e., if a patient is admitted more than once within the year) in the dataset.
Possible duplicates are checked by identifying zip code, income range, and location, but
duplication could not be conclusively identified. So it is assumed in this analysis there are no
duplicate records. The data de-identification also prohibits a more longitudinal analysis.
There is also no information regarding pre-existing conditions. Length of stay and total
charges may be affected by pre-existing conditions that could not be identified in the data.

Another limitation as discussed above is that patients with zero length of stay are
assumed to stay in the hospital a half day. However, this could introduce a bias in the
analysis if patients actually stay shorter or longer than half of aday. There are 12,156

observations with both zero length of stay and disposition of death with mean charges of

61



$13,802; and 18,828 observations with both zero length of stay and the disposition of
“transferred” with mean charges of $6,972.

Finally, anaive survival analysisis used in this study that separates death and hospital
stay as two events for the survival analysis. This helps to explain the partial impact of
comorbidities on breast cancer patient outcomes.

In future research, we will extend the survival analysis on length of stay to
incorporate terminating events which will capture the impact of death on patient hospital
stay. Moreover, we will extend the model to combine a modified Charlson comorbidity index
on patient outcomes. In addition, we will identify specific comorbid conditions in finer detail
to indicate their impact on patient outcomes. In particular, we would like to further
decompose the coding for mental disorder. We believe this modeling approach has
application for studying many diseases, comorbidities, and various patient outcome

measures.
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Chapter 3 Mortality Analysis for Breast Cancer Patients

3.1 Introduction

As introduced in Chapter 2, breast cancer is a disease in which malignant cancer cells
formin the tissues of the breast. It is the most common form of noncutaneous cancer in
American women and the leading cause of cancer death for females. This study of breast
cancer mortality not only quantifies the risk associated with specific patient characteristics, it
also informs the development of more personalized screening policies.

Mortality estimation for breast cancer is a significant research question in the
literature. While there are many mortality studies focused on predicting trends in breast
cancer mortality [63-65], and quantifying the impact of treatment on breast cancer mortality
[66,67], this dissertation research predicts breast cancer mortality and mortality from other
causes as a function of breast cancer risk factors, tumor characteristics, patient demographics
and time. Schairer et al. [68] used Surveillance, Epidemiology, and End Results (SEER) data
to calculate the 5-year and 10.9-year cumulative death probabilities by age, race, breast
cancer stage and estrogen receptor status. The study presented in this chapter extends their
study to include confidence interval approximation for the probability estimate and
incorporates additional breast cancer risk factorsincluding breast density and family history.
Rosenberg [69] created cohort life tables using the Berkeley Mortality Database and National
Center for Health Statistics data to remove other causes from breast cancer mortality. While

this study demonstrated removing breast cancer from other cause mortality is worthwhile
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because breast cancer mortality can be very high at some ages, it did not distinguish mortality
by race and other factors. Lee and Zelen [70] used SEER and BCSC datato develop a
stochastic model for predicting changes in breast cancer mortality and compared the
mortality in two models for individuals with and without screening history. However, they
did not present the estimate of mortality probabilities from other causes. The Wisconsin
simulation model by Fryback et al. [26] estimated age-specific breast cancer mortality and
mortality from other causes from 1975 to 2000, and adjusted 10-year survival probability to
annualized probability by assigning a constant cure fraction. Mortality from other causes was
derived using Rosenberg’s method [69]. This dissertation study derives mortality
probabilities using community-based data, and compares the mortality estimates associated
with different risk groups.

In arecent study using the Kopparberg randomized controlled trial in Sweden, Chiu
et al. [71] found that dense breast tissue is significantly related to breast cancer incidence and
mortality for Swedish women aged 45 to 59 using the Cox proportional hazard model. The
research in this chapter calculates the mortality probabilities with confidence intervals using
a community-based mammography screening registry in the U.S., and adjusts for other
effects including race, cancer stage, and age.

The focus of this study isto estimate the effect of three under-studied breast cancer
risk factors and tumor characteristics on mortality risks for breast cancer patients using
competing risks analysis. Specifically, it aimsto quantify the impact of breast density,
estrogen receptor (ER) and progesterone receptor (PR) status, and family history of breast

cancer on breast cancer mortality and mortality from other causes. The impact of breast



density on outcomes for American women who participate in screening is a significant open
research question. The American Cancer Society has listed dense breast tissue as a breast
cancer risk factor that one cannot change [72, 73], and dense tissue is known to make it
difficult to detect problems on a mammogram [74-77]. Despite this, there have been limited
studies on the effect of breast density on mortality particularly in American women [71].
This chapter quantifies the impact of breast density on mortality controlling for other factors
including age, race and cancer stage.

In addition, this study estimates the impact of ER and PR status on breast cancer
mortality. ER and PR are tumor markers used to predict response to hormone therapy and
chemotherapy [78, 79]. While the effect of ER status on breast cancer mortality has been
explored in some research [63, 67], this research also includes PR status and studies the
impact of different combinations of receptor status on mortality for breast cancer patients.
Family history of breast cancer, particularly among first-degree relatives, is another well-
demonstrated breast cancer risk factor [72, 80] for which there has also been limited study
regarding the association of family history and mortality. Chang et al. [81] used the Cox
proportional hazards regression model to conclude that family history of breast cancer is not
associated with all-cause mortality. This dissertation research quantifies the death
probabilities for comparing breast cancer patients with at least afirst degree relative with
breast cancer to those with no family history, and separates breast cancer death and death
from other causes to quantify the effect on both.

Moreover, this research develops different models to address “left censoring” when

the true start time of breast cancer cannot be fully observed. Thisisimportant for estimating
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mortality probabilities more accurately, astypically asurvival period is only calculated from
cancer diagnosis date. This may potentially create bias in the estimate. As an outline of the
remainder of the chapter, methods are discussed in Section 3.2. Section 3.3 presents the

results from the mortality analysis, and Section 3.4 concludes the chapter with a discussion.

3.2 Methods

3.2.1 Data

This study uses the community-based Carolina Mammography Registry (CMR) data
for the survival analysis. The NCI-funded CMR is part of a collaborative research effort
designed to study screening mammography in community practice[82] and is a member site
of the national Breast Cancer Surveillance Consortium (BCSC) [83]. CMR has been
collecting prospective data on breast imaging performed in community-based mammography
practices across North Carolina since 1994. All mammography records are linked with breast
pathology data from afile created at CMR and from the North Carolina Central Cancer
Registry. The CMR datais also linked to the North Carolina Death Tapes for mortality
information. There are more than 2 million visit records on approximate 663,000 women,
among whom more than 20,000 were diagnosed with breast cancer. The registry is reviewed
annually by the University of North Carolina, Chapel Hill, School of Medicine IRB, and this
study has been approved by the IRB.

The following de-identified information was collected from CMR: patient date of

birth, race (only Caucasian and African American women were included in this study as they
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have the largest representation in the database and there are significant disparitiesin the
breast cancer mortality), cancer diagnosis date, cancer stage a diagnosis, vital status, death
date, cause of death (ICD code 174 in the 9" version [84] and C50 in the 10" version [85] are
used to identify breast cancer death), risk factorsincluding breast density and family history
of breast cancer, and tumor characteristics including estrogen and progesterone receptor
status. Patient age is calculated based on the time difference between diagnosis date and birth
date. The end of study time is assumed to be January 1, 2008 the last time the registry was
linked to the death tapes prior to this study. The records with unknown or missing
information are excluded from the analysis.

For breast density, the BI-RADS coding of “heterogeneously dense” and “extremely
dense” are grouped into the dense group, and the fatty group is defined as those coded with
“amost entirely fat” and “scattered fibro-glandular densities’. In order to achieve adequate
sample size and control for other effects, the estimation is separated first by age and race and
then by age and cancer stage. Two cases are considered for the study of the role of receptor
status, the first by race and ER/PR status and second by cancer stage and ER/PR status, and
four combinations of ER and PR status are considered. To study the role of family history,
mortality probabilities are compared between the two groups (with and without a family
history) controlling for age and cancer stage. Family history (FH) is defined as breast cancer

in any of the first-degree relatives including mother, sister(s) or daughter(s).
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3.2.2 Cumulative Incidence Function

Deaths from causes other than breast cancer are modeled as competing risks for
breast cancer patients. The nonparametric cumulative incidence function, which has been
proven to be an unbiased estimator for mortality probabilities when competing risks are
present [86-89], is used to calculate the death probabilities. The cause-specific cumulative

incidence at agiven time is computed as

o] d,—j
I:r (t) =ad —Sm (tj-l) (3.2)

jijEt U

where d;; is the number of patients who die from cause r at timej, Scu(tj-1) is the Kaplan-
Meier Estimate of the overall survival at the last time point j-1, and nj is the number of

patients at risk at the beginning of time ],

d
n =n- d +
j 21( k Ck) (32)
where n is the number of patients initially at risk, ¢; isthe number of patients right censored

(death is not observed) at timet;, and d, = § rR:ldrk isthe total number of deaths from all

causes that have occurred.
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3.2.3 Confidence Interval Estimation
To calculate the variation of the estimate, Marubini and Valsecchi’ s variance
estimator [90] is used. It is derived using the delta method as the mortality probability is

estimated using a non-parametric method.

k u c; 2 (nk-l - drk) drk
Var (F, F, F, y*a S g
ar(F, (t))) = 91:[ )- 6] ey - AP o ra Nei  NEy
28 [F.)- At s <o 33

k-1

Then In(-In) transformed bounds are used to calculate the 95% confidence interval

(CI) [91] associated with each estimate:

xp] Zear2 Ve O
- F t)1 F t

where ¢,2 isthe upper o/2 quantile of the standard normal distribution. It has been shown

that the In(-1n) transformation provides a better coverage probability and is better for smaller

sample sizes [91] compared to other forms of transformation.

In contrast to a proportional hazards model or an accelerated failure time model,

which study the effects of covariates on the hazard rate, the cumulative incidence quantifies

mortality probabilities over time and the estimation of confidence intervals for probabilities

can be compared among different risk groups.
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3.2.4 Left Censoring — Method 1: Using Mammography Screening Information

The model presented in Section 3.2.3 only considers right censoring, which occurs
when the end of the event time (mortality in this study) is unknown. Specifically two
situations are considered: when a patient leaves the study cohort before the end of the study
period and no further information about her can be observed; or when the event (death) is not
observed by the end of the study period. Right censoring is commonly incorporated in the
survival analysis.

For this analysis, another important form of censoring is considered, left censoring.
Left censoring is an indication of whether the event start time is observable or unknown.
Since community-based screening registry datais used in this study, the breast cancer onset
time is not observable, and only the cancer diagnosis time is known. This may affect the true
probability of death for breast cancer patients when the survival period is considered to sart
at the cancer onset time.

Another related but different concept in survival analysis, which considers this type
of unobservable property, is “lead time bias’. It is used to measure the time interval between
diagnosis of asymptomatic cancer and the point when the disease surfaces clinically. While
lead time bias focuses on the detectability of cancer, left censoring models the actual onset of
the disease for a more accurate mortality estimate. Figure 3.1 illustrates and compares these

three concepts.
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Figure 3.1 Representation of right censoring, left censoring and lead time bias

Two simulation models are developed for quantifying the left censoring time. The
first algorithm is discussed below. There are two components for this model: assigning the
left censoring status and estimating the censoring time. The second method is presented in

Section 3.2.5.

1. Algorithmfor assigning left censoring status

Step 1: Check the first record of screening for each patient and determine if the

screening date is after the cancer diagnosis date but within six months. If the first screening

date is more than six months after the cancer diagnosis, then the records are eliminated since

this screening is assumed to be unrelated to the diagnosis. The screening may be a follow-up

test after the cancer is found. |dentify the patients that satisfy this requirement and proceed
step 2. For those patients with screening date before the diagnosis date, go to step 4.
Step 2: Check if there is a previous screening for this patient using a variable that

records a previous screening date in the CMR data. (Note: If there is no previous screening

to
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record for the patient in the CMR data, she may have screening elsewhere.) Then check the
variable where the physician assigns reasons for visit: asymptomatic or symptomatic. For the
left censoring criteria, go to step 3.

Step 3: For asymptomatic visit, if there is no previous screening history or the last
screening was more than 6 months ago, then the record is considered to be left censored. If
the last screening was less than 6 months ago, then no censoring is considered; i.e., the
diagnosis date is considered as the true start time for cancer.

For an asymptomatic visit, if there is no previous screening history or the last
screening was more than 12 months ago, then the record is considered to be left censored. If
the last screening was less than 12 months ago, no censoring is considered.

Step 4: If diagnosis date is not related to the first screening in the registry, then locate
the screening that corresponds to the diagnosis (excluding diagnostic screenings and
continuing follow-up screenings). Check the physician assignment regarding the reason for
the visit and go to step 5 to determine the censoring status.

Step 5: For asymptomatic visit, if the last screening is more than 6 months ago, then
the record is considered as left censored. Otherwise, no censoring is considered. For an
asymptomatic visit, if the last screening was more than 12 months ago, then the record is
considered to be left censored. Otherwise, no censoring is considered.

The above assignment is based on the criteriathat a patient with a clinical stage of
breast cancer (symptomatic) will have a higher probability of being left censored, thus a
shorter period of time is allowed to check the previous screening in order to identify the left

censoring cases. Patients in a preclinical stage (asymptomatic) may have a cancer onset time
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closer to the screening date, and thus alonger period of time is allowed for identifying the

left censoring cases.

2. Estimating censoring time

After the left censoring status is assigned, then the censoring time is estimated and is
added to the total event time for final mortality analysis. In this study, screening is assumed
to be perfect, and this is reasonable as mortality probabilities are only estimated for those
with confirmed cancer diagnosis. It is also assumed that cancer may start at any point in the
censoring interval. The interval is calculated based on two quantities. (1) the time difference
between the diagnosis date and the previous screening, and (2) the time difference between
the cancer diagnosis date and the diagnosis date for the last patient in the noncensored group,
with data ordered by patient age. For (1), the maximum period allowed is 36 months. If the
difference calculated is greater than 36, then the interval is assigned to be 36 months. Thisis
based on the assumption that breast cancer will be clinically detected within 3 years. The
final censoring interval is estimated by the average of the two time intervals, to reduce
possible over or under estimation.

For the mortality analysis, the event time is modeled as:

T=T,+C (3.5

where Tpis the original event time, and C is the left censoring time.

The cancer is assumed to occur according to a uniform distribution on the time
interval calculated above. One thousand replications are run for each interval to determine
the left censoring period. The mean, minimum and maximum of the simulated time are

compared. Results are discussed in Section 3.3.4.
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3.2.5 Left Censoring — Method 2: Smulation Using Tumor Size Information

In the second simulation model for left censoring time, information on the tumor size
inthe CMR datais used, and breast cancer staging is also defined according to the tumor size
[2]. There are many tumor growth models in the literature [92], and these tumor growth
models assume different distributions for tumor growth [93, 94]. In this simulation model for
left censoring, for simplicity an exponential tumor growth model is assumed, which isa
variation of the Gompertz model in the literature [93], and it is in the following form:

TS(t) =TS(t,) >exp(b(t - t,)) (3.6)
where TY(t) is the tumor size at time t and b is unknown growth parameter. The heuristic for
quantifying the left censoring time has the following steps.

Step 1: A patient is assumed to die from breast cancer when tumor size reaches
150mm in diameter [93]. The cancer diagnosis time tp is known from the data. Then for each
record where death occurred, parameter b has the following inverse relationship:

b =1/(t- t,) ¥nA50/TS(t,)) (3.7)
wheret is the recorded death time. Tumor size at diagnosisis also identified from the CMR
data.

Step 2: After collecting the data for the bis, the Arena® Input Analyzer [95] is used to
fit the distribution for the growth rate b. The best fit is then selected from the fitting result
based on the smallest squared error.

Step 3: Input modeling is also used to fit the distribution for tumor sizes. Then

random samples are generated from the distribution for those records with missing tumor
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size. “Missing at random” is assumed in this study since no specific missing pattern could be
identified, thus the same distribution could be applied to those missing data.
Step 4: A similar relationship to that shown in equation (3.6) is derived as the
following:
tes =ty - (1/ D) AN(TS(t,) /1) (3.8)
where bis the fitted growth rate parameter from step 2, and t. is the true cancer onset time.
In this study, it is assumed that cancer starts at atumor size of 1 mm in diameter [94].

Step 5: After the starting point of left censoring is determined, the interval t, - tgis

then added to the total survival time, and then the mortality probabilities are adjusted.

3.3 Results

Confidence intervals are compared for the associated risk groups. The overlap in
confidence intervals means there is insufficient evidence to say there is a statistically
significant difference in mortality probabilities for comparison at the 5% level of
significance; while no overlap means there is a statistically significant difference at the 5%
level. The curves for the cumulative mortality probabilities for each comparison group are
presented in Figures 3.2 to 3.6. For each graph, the estimated probabilities over time for
breast cancer (pink) and other causes (black) death are plotted with solid lines while
confidence intervals are plotted with the dashed lines. The counts for breast cancer patientsin
each group and the number of deaths are summarized in Tables 3.1 through 3.5. The

estimates for mortality probabilities with the associated 95% Cl at 5 years, 10 years and 13
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years are also summarized in these tables. The mortality probabilities are plotted over a 160-
month (about 13 years) horizon unless otherwise noted. The results for each of the three
selected risk factors are discussed in Section 3.3.1 through Section 3.3.3. Abbreviations used
in the following discussion are: BC for breast cancer, OC for other cause(s). The plus (+) and

minus (-) signs are used to indicate the positive and negative groups, respectively.

3.3.1 Breast Density

There are atotal of 15,243 BC patients in the registry with known age, race
(Caucasian or African American) and breast density, 1,099 of whom died from breast cancer
and 1,407 from other causes by the end of the study time (Table 3.1). From the table it can
also be seen that women younger than 60 years old have more cases with dense breast
compared to fatty, and for women older than 60 the opposite istrue. This is consistent with
the established knowledge [74].

Estimated mortality probabilities with confidence intervals for studying the role of
breast cancer are plotted in Figure 3.2. The y-axis is the estimate of cumulative mortality
probabilities, and x-axis is the time since diagnosis (in month). It is shown that the effect of
age and race are consistent with earlier mortality estimates [33, 68, 72] that did not consider
density. Specifically, African American women have a statistically higher probability of
dying from BC than Caucasian women particularly for women diagnosed between the ages
of 40 and 59 (for all three mortality estimates at 5, 10, and 13 years). The CI for 10-year
mortality for African American women with dense breast tissue at age 40-49 (subplot 3.2-7)

is(0.111, 0.202) compared to (0.049, 0.080) for Caucasian women (Figure 3.2-5). The
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impact of breast density is most apparent for women age 70-79, for whom thereisa
significant difference in the BC mortality between African American and Caucasian women
with fatty breast tissue (e.g., a 10-year mortality probability of (0.112, 0.223) in Figure 3.2-
20 compared to (0.065, 0.097) in Figure 3.2-18), but not for women with dense breast tissue
(e.g., (0.095, 0.243) in Figure 3.2-19 compared to (0.053, 0.098) in Figure 3.2-17). For the
other age groups, although the mortality probability point estimate is always higher for
African American women, no significant differences can be identified when comparing the
95% Cls. While BC mortality probabilities do not indicate significant differences among
different age groups, younger patients are more likely to die from BC while older patients
have significantly higher probabilities of dying from OC, regardless of breast density. Note
thisis only true for the Caucasian population. For African American women, from 60 years
old there is not enough evidence to indicate significant differences in the mortality
probabilities between BC and OC, and the two probability lines cross from time 0.
Interestingly, within the same racial and age groups, the BC mortality Cls overlap
between the two density groups (e.g., (0.056, 0.090) in Figure 3.2-13 vs. (0.054, 0.083) in
Figure 3.2-14 for 60-69 age group in Caucasian patients). The Cls have similar patterns with
respect to the BC and OC mortality curves for the same racial and age groups, except for
African American women over 80, where the 10-year mortality 95% CI for BC is (0.091,
0.349) and (0.213, 0.460) for OC in the dense group (Figure 3.2-23), while in the fatty group
the 95% Cls are (0.078, 0.238) and (0.407, 0.594) respectively, which suggests a significant

difference.
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There are atotal of 11,194 BC cases with known age, density and cancer stage at
diagnosis, 839 cases of BC death, and 824 cases of OC death. Counts for breast cancer death
and death from other causes are also summarized in Table 3.2. As shown in Figure 3.3, the
more advanced stage at diagnosis, the higher the death probability from BC, thisis
particularly true for short-term mortality risk (consistent with other findings[34,64]).
However for women with dense breasts the 95% ClI for the distant BC stage ((0.184,0.747) in
Figure 3.3-3 and (0.084, 0.861) in Figure 3.3-9) overlap with the regional stage ((0.159,
0.222) in Figure 3.3-2 and (0.138, 0.201) in Figure 3.3-8) while the Cls do not overlap for the
fatty group. The two density groups behave similarly with respect to all other aspects,

controlling for age and cancer stage.
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Table 3.1 Summary of study population and estimation of mortality probabilities with 95% confidence interval by age, race and density

Age
Grp

Race

Density

Case

Mortality at 5-year (60 months)

BC Prob Est(Cl)

OC Prob Est(Cl)

Mortality at 10-year (120 months)

BC Prob Est(Cl)

OC Prob Est(Cl)

Mortality at 13-year (156 months)

BC Prob Est(Cl)

OC Prob Est(Cl)

<40

CAU

Dense
Faty
Dense
Faty

413

226

165
97

0.069(0.046-0.097)
0.070(0.041-0.109)
0.138(0.089-0.199)
0.102(0.051-0.175)

0.008(0.002-0.022)

0.014(0.004-0.037)
o

0.010(0.001-0.050)

0.106(0.077-0.141)
0.137(0.092-0.191)
0.204(0.139-0.277)
0.220(0.135-0.318)

0.017(0.007-0.035)
0.014(0.004-0.037)
0.032(0.009-0.082)
0.010(0.001-0.050)

0.106(0.077-0.141)
0.155(0.106-0.212)
0.204(0.137-0.280)
0.243(0.153-0.344)

0.031(0.013-0.060)
0.014(0.004-0.037)
0.081(0.029-0.169)
0.010(0.001-0.050)

49

CAU

Dense
Faty
Dense
Faty

1406
915
356
258

0.041(0.031-0.054)
0.051(0.037-0.068)
0.091(0.062-0.127)
0.123(0.084-0.168)

0.008(0.004-0.015)
0.002(0.001-0.008)
0.007(0.001-0.022)
0.019(0.006-0.045)

0.063(0.049-0.080)
0.088(0.068-0.111)
0.154(0.111-0.202)
0.169(0.120-0.224)

0.016(0.009-0.027)
0.018(0.010-0.031)
0.035(0.014-0.072)
0.033(0.013-0.066)

0.072(0.055-0.092)
0.019(0.085-0.137)
0.173(0.126-0.227)
0.169(0.119-0.225)

0.025(0.014-0.041)
0.031(0.017-0.050)
0.051(0.020-0.104)
0.078(0.035-0.143)

50-
59

CAU

Dense
Faty
Dense
Faty

1642
1479
340
324

0.041(0.031-0.053)
0.049(0.038-0.062)
0.102(0.069-0.143)
0.101(0.069-0.141)

0.020(0.013-0.029)
0.015(0.010-0.023)
0.013(0.004-0.031)
0.024(0.010-0.048)

0.066(0.052-0.082)
0.076(0.061-0.092)
0.120(0.083-0.165)
0.149(0.107-0.198)

0.051(0.037-0.068)
0.051(0.038-0.067)
0.037(0.015-0.076)
0.046(0.022-0.084)

0.072(0.056-0.090)
0.080(0.064-0.097)
0.137(0.092-0.190)
0.192(0.139-0.252)

0.080(0.059-0.105)
0.073(0.056-0.094)
0.037(0.015-0.076)
0.060(0.029-0.108)

60-
69

CAU

Dense
Faty
Dense
Faty

1372
1818
177
346

0.044(0.033-0.057)
0.031(0.023-0.041)
0.079(0.043-0.128)
0.064(0.040-0.095)

0.027(0.019-0.039)
0.040(0.031-0.051)
0.051(0.024-0.093)
0.050(0.029-0.079)

0.072(0.056-0.090)
0.068(0.054-0.083)
0.144(0.086-0.215)
0.096(0.064-0.137)

0.101(0.081-0.124)
0.100(0.084-0.118)
0.114(0.063-0.181)
0.130(0.090-0.177)

0.089(0.069-0.111)
0.083(0.067-0.101)
0.195(0.119-0.285)
0.107(0.070-0.152)

0.163(0.134-0.194)
0.146(0.124-0.169)
0.163(0.092-0.252)
0.169(0.119-0.226)

79

CAU

Dense
Faty
Dense
Faty

887
1524
133
239

0.041(0.029-0.058)
0.056(0.044-0.070)
0.126(0.073-0.195)
0.120(0.080-0.168)

0.090(0.070-0.112)
0.067(0.054-0.081)
0.107(0.058-0.174)
0.119(0.079-0.167)

0.074(0.053-0.098)
0.080(0.065-0.097)
0.161(0.095-0.243)
0.163(0.112-0.223)

0.259(0.223-0.297)
0.221(0.195-0.248)
0.269(0.182-0.364)
0.229(0.168-0.296)

0.097(0.070-0.128)
0.090(0.073-0.110)
0.161(0.092-0.247)
0.212(0.147-0.284)

0.335(0.293-0.378)
0.327(0.296-0.358)
0.327(0.232-0.425)
0.285(0.211-0.363)

>=
80

CAU

Dense
Faty
Dense
Faty

353
597
58
118

Counts

BCD OCD
38 8
31 3
26 5
18 1
71 21
79 16
40 8
34 10
78 60
96 70
30 7
40 11
79 111
103 173
20 17
27 38
48 160
97 270
16 23
32 42
21 116
50 187
11 11
14 39

0.052(0.030-0.082)
0.083(0.061-0.110)
0.204(0.110-0.318)
0.132(0.075-0.205)

0.211(0.167-0.259)
0.247(0.210-0.285)
0.192(0.100-0.305)
0.286(0.205-0.373)

0.081(0.050-0.123)
0.108(0.079-0.142)
0.204(0.091-0.349)
0.148(0.078-0.238)

0.506(0.445-0.563)
0.490(0.444-0.534)
0.334(0.213-0.460)
0.504(0.407-0.594)

0.093(0.053-0.147)
0.126(0.090-0.167)
0.204(0.091-0.349)
0.148(0.078-0.238)

0.643(0.523-0.739)
0.561(0.492-0.624)
0.334(0.213-0.460)
0.504(0.407-0.594)

Abbreviations: Grp, group; CAU, Caucasan; AA, African American; BCD, breast cancer death; OCD other cause death; Prob E<t,
Probability Estimate; Cl, confidence interval
" When thereis no event observed, the probability estimate is zero with no confidence interval.
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Figure 3.2 Mortality probability with confidence interval by age group, race and density
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Table 3.2 Summary of study population and estimation of mortality probabilities with 95% confidence interval by age, cancer

Counts
BCD

0OCD

Mortality at 5-year (60 months)

BC Prob Est(Cl)

OC Prob Est(Cl)

Mortality at 10-year (120 months)

BC Prob Est(Cl)

BC Prob Est(Cl)

Mortality at 13-year (156 months)

OC Prob Est(Cl)

BC Prob Est(Cl)

47
38
119
76
27
29

17
19
18
14
5
1

0.028(0.019-0.038)
0.032(0.021-0.046)
0.117(0.096-0.141)
0.114(0.088-0.143)
0.495(0.369-0.609)
0.642(0.476-0.767)

0.008(0.004-0.015)
0.013(0.007-0.023)
0.014(0.008-0.025)
0.019(0.010-0.034)
0.075(0.025-0.163)
0.022(0.002-0.098)

0.051(0.037-0.069)
0.055(0.039-0.075)
0.190(0.159-0.222)
0.184(0.147-0.225)
0.495(0.184-0.747)
0.698(0.437-0.855)

0.019(0.010-0.031)
0.030(0.018-0.048)
0.034(0.020-0.054)
0.037(0.020-0.063)
0.183(0.092-0.297)
0.022(0.002-0.100)

0.055(0.040-0.074)
0.064(0.045-0.088)
0.200(0.166-0.236)
0.184(0.147-0.225)

NA
NA

0.031(0.015-0.055)
0.034(0.020-0.054)
0.034(0.020-0.054)
0.037(0.020-0.063)
NA
NA

stage and density
Age o Dy
Grp Case
L D | 1487
F 980
< R D | 946
55 F 595
DT D 71
F 53
L D | 1924
F | 2853
>= R D | 924
55 F | 1133
DT D 83
F 145

53
92
103
153
35
67

174
338
83
122
14
19

0.025(0.018-0.034)
0.030(0.024-0.038)
0.122(0.099-0.148)
0.146(0.124-0.170)
0.507(0.397-0.607)
0.483(0.403-0.558)

0.070(0.058-0.084)
0.094(0.082-0.106)
0.086(0.066-0.108)
0.083(0.066-0.103)
0.161(0.083-0.263)
0.114(0.065-0.176)

0.046(0.034-0.060)
0.051(0.041-0.063)
0.168(0.138-0.201)
0.190(0.162-0.220)
0.545(0.084-0.861)
0.604(0.419-0.746)

0.165(0.141-0.191)
0.194(0.175-0.214)
0.157(0.126-0.190)
0.192(0.161-0.225)
0.279(0.155-0.418)
0.163(0.092-0.253)

0.046(0.034-0.060)
0.053(0.042-0.065)
0.183(0.147-0.221)
0.208(0.176-0.243)
NA
0.604(0.291-0.814)

0.190(0.162-0.220)
0.212(0.191-0.234)
0.157(0.126-0.191)
0.224(0.188-0.263)
NA
0.202(0.127-0.289)

Abbreviations: ST, cancer sage; L, local; R, regiona; DT, distant; DN, breast density; D, densg; F, fatty

" Thereisno event (mortality or censoring) observed beyond thistime point.
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3.3.2 Estrogen and Progesterone Receptor Status

From Table 3.3, there are atotal of 10,429 cases with known race and receptor status
(598 have died from BC and 618 from OC) and 10,218 cases with known cancer stage and
receptor status (643 BC and 636 OC deaths, respectively). The majority of the patients had
ER+/PR+ combination, with the fewest cases with ER-/PR+ tumor status.

As shown in Figure 3.4, for Caucasian BC patients, when PR status is positive, the
probability of dying from breast cancer in the ER- group is significantly higher than in the
ER+ group (e.g., 10-year Cl is(0.082, 0.179) for ER- as shown in Figure 3.4-3 compared to
(0.057, 0.076) for the ER+ group in Figure 3.4-1). For Caucasian PR- group, the ER+ and
ER- groups do not have significantly different mortality probabilities (e.g., 10-year CI
(0.063, 0.113) in Figure 3.4-2 vs. (0.107, 0.148) in Figure 3.4-4, respectively). For African
American women, when PR is either negative or positive, there is not enough evidence to
indicate significant differences in the BC death probabilities among the ER+ and ER- groups
asthe paired confidence intervals overlap ((0.101, 0.411) in Figure 3.4-7 vs. (0.086, 0.147) in
Figure 3.4-5). When ER status is controlled for, there are amost no significant differences
between the two PR groups except the 5-year BC mortality for African American ER+
women, the PR- group ((0.096,0.192) in Figure 3.4-6) is higher than the PR+ group((0.052,
0.091) in Figure 3.4-5).

The differences between the BC and OC mortality probability curves for different risk
groups are aso shown in Figure 3.4. For Caucasian women, the Clsfor BC death and OC
death do not overlap for the ER+/PR+ group, but overlap for the ER+/PR-group.

Interestingly for African American women, it is the opposite. For the ER-/PR+ group, both
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races have similar patterns in that the BC and OC Cls overlap. In the ER-/PR- group for
Caucasian patients there are significant differences between the BC and OC mortality
probabilities before the 10-year mortality probability after which they overlap (10-year Cl:
(0.107, 0.148) vs. (0.079, 0.123) in Figure 3.4-4), while for African American patients, the
BC and OC mortality probabilities are always significantly different (Figure 3.4-8).
Controlling for cancer stage a diagnosis (results are shown in Table 3.4 and Figure
3.5), for local stage BC, when PR is positive, there is no significant difference in mortality
from BC at 5-year between ER+ and ER- groups (Cl: (0.011, 0.019) in Figure 3.5-1 and
(0.024, 0.092) in Figure 3.5-7). However if PR is negative, the BC mortality probability in
the ER- group (0.045, 0.073) in Figure 3.4-10 is higher than the ER+ group (0.015, 0.042) in
Figure 3.5-7. The results are similar results for regional stage BC. However, there are no
significant differences for patients detected with distant stage BC. For patients with local
stage BC who are PR+, the difference of the 10-year BC mortality between the ER+ group
and the ER- group is not satistically significant (Cl: (0.027, 0.043) in Figure 3.5-1 vs.
(0.035, 0.117) in Figure 3.5-7). However the difference is significant for women diagnosed
with regional BC ((0.128, 0.174) in Figure 3.5-2 vs. (0.184, 0.399) in Figure 3.5-8). The
results are similar for PR- patients; there is no significant difference shown in mortality for
the PR groups when ER statusis controlled for. As shown in Figure 3.4, the two mortality
curves do not overlap for women diagnosed with local stage BC for both the ER+/PR+ and
the ER+/PR- groups. Women with regional stage BC have a higher BC mortality probability.
However, for ER negative patients diagnosed with local stage BC, the BC and OC mortality

probabilities are not statistically different
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Table 3.3 Summary of study population and estimation of mortality probabilities with 95% confidence interval by race and

ER/PR status
Race RS Counts Mortality at 5-year (60 months) Mortality at 10-year (120 months) Mortality at 13-year (156 months)
Case BCD OCD BC Prob Est(Cl) OC Prob Est(Cl) BC Prob Est(Cl) OC Prob Est(Cl) BC Prob Est(Cl) OC Prob Est(Cl)

ER+/PR+ | 5333 197 341 | 0.038(0.033-0.045) 0.055(0.048-0.063) | 0.066(0.057-0.076) 0.121(0.108-0.134) | 0.068(0.058-0.078)  0.138(0.123-0.154)

Caucasian ER+/PR- | 1004 47 58 | 0.060(0.044-0.081) 0.064(0.047-0.084) | 0.086(0.063-0.113)  0.104(0.078-0.134) | 0.086(0.063-0.113)  0.114(0.084-0.149)
ER-/PR+ | 217 23 13 | 0.110(0.070-0.160)  0.055(0.028-0.094) | 0.126(0.082-0.179)  0.075(0.040-0.124) | 0.150(0.095-0.207)  0.096(0.050-0.160)
ER-/PR- | 1603 141 83 | 0.112(0.095-0.131) 0.045(0.034-0.059) | 0.127(0.107-0.148)  0.099(0.079-0.123) | 0.127(0.107-0.148)  0.105(0.082-0.130)
ER+/PR+ | 956 62 77 | 0.070(0.052-0.091) 0.077(0.058-0.099) | 0.114(0.086-0.147) 0.168(0.132-0.207) | 0.132(0.098-0.171) 0.168(0.132-0.208)

African ER+/PR- | 244 32 10 | 0.140(0.096-0.192)  0.049(0.024-0.087) | 0.188(0.133-0.250)  0.059(0.030-0.103) NA" NA

American  ER-/PR+ 84 10 7 0.086(0.036-0.164)  0.030(0.006-0.091) | 0.195(0.101-0.311) 0.141(0.062-0.250) | 0.195(0.101-0.311)  0.141(0.062-0.250)
ER-/PR- | 595 86 29 | 0.161(0.130-0.195) 0.055(0.036-0.079) | 0.202(0.165-0.243)  0.073(0.049-0.103) | 0.202(0.165-0.243)  0.073(0.049-0.103)

Abbreviations: RS, receptor satus; ER, estrogen receptor; PR, progesterone receptor; +, positive; -, negative
" Thereisno event (mortality or censoring) observed beyond thistime point.

Table 3.4 Summary of study population and estimation of mortality probabilities with 95% confidence interval by cancer
stage and ER/PR status

stage RS Counts Mortality at 5-year (60 months) Mortality at 10-year (120 months) Mortality at 13-year (156 months)
Case BCD OCD BC Prob Est(Cl) OC Prob Est(Cl) BC Prob Est(Cl) OC Prob Est(Cl) BC Prob Est(Cl) OC Prob Est(Cl)

Local ER+/PR+ | 4338 76 321 | 0.015(0.011-0.019) 0.063(0.055-0.072) | 0.034(0.027-0.043) 0.136(0.121-0.151) | 0.036(0.028-0.045) 0.152(0.135-0.170)
ER+/PR- | 822 19 48 | 0.026(0.015-0.042) 0.062(0.044-0.083) | 0.043(0.026-0.066) 0.097(0.071-0.128) | 0.043(0.026-0.066) 0.110(0.077-0.148)
ER-/PR+ | 194 11 13 | 0.050(0.024-0.092) 0.062(0.032-0.106) | 0.068(0.035-0.117) 0.077(0.042-0.125) | 0.091(0.045-0.157)  0.098(0.052-0.161)
ER-/PR- | 1427 67 71 | 0.058(0.045-0.073) 0.043(0.031-0.056) | 0.071(0.055-0.089) 0.093(0.072-0.117) | 0.071(0.055-0.089) 0.097(0.075-0.122)

Regional ER+/PR+ | 1906 159 101 | 0.089(0.074-0.105) 0.046(0.036-0.059) | 0.150(0.128-0.174) 0.101(0.082-0.122) | 0.160(0.135-0.186) 0.110(0.088-0.134)
ER+/PR- | 381 47 19 | 0.133(0.097-0.176)  0.049(0.028-0.080) | 0.198(0.148-0.254)  0.090(0.054-0.138) | 0.198(0.148-0.254)  0.090(0.054-0.138)
ER-/PR+ 90 18 5 0.164(0.094-0.251)  0.023(0.005-0.072) | 0.287(0.184-0.399)  0.093(0.033-0.192) NA NA
ER-/PR- | 798 141 36 | 0.221(0.189-0.254) 0.043(0.028-0.061) | 0.262(0.224-0.300) 0.076(0.053-0.105) | 0.262(0.223-0.301) 0.089(0.059-0.127)

Distant ER+/PR+ | 121 42 8 0.449(0.352-0.542)  0.084(0.037-0.155) | 0.545(0.405-0.665) 0.113(0.054-0.196) NA NA
ER+/PR- 41 14 3 0.509(0.349-0.649)  0.094(0.023-0.227) | 0.509(0.349-0.649)  0.094(0.023-0.227) NA NA
ER-/PR+ 12 5 2 0.679(0.010-0.968)  0.083(0.002-0.375) NA NA NA NA
ER-/PR- 88 44 9 0.645(0.464-0.778)  0.097(0.039-0.188) | 0.645(0.252-0.869) 0.149(0.080-0.237) NA NA
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Figure 3.4 Mortality probability with confidence interval by race and ER/PR status
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Figure 3.5 Mortality probability with confidence interval by cancer stage and ER/PR status

89



3.3.3 Family History of Breast Cancer

There are 12,707 BC patients (899 BC and 916 OC mortality) with known race,
cancer stage and family history and about 20% of them for each sub-group have a family
history of BC, except for African American women diagnosed with distant BC, for whom
only 10% have family history (FH). The results are summarized in Table 3.5 and Figure 3.6.

For Caucasian patients, those diagnosed at the local stage have similar behavior
irrespective of FH in that the probabilities of dying from OC are significantly higher than
from BC. For the FH+ group patients diagnosed at the regional stage, there are no significant
differences (e.g., 10-year CI: (0.113, 0.191) vs. (0.097, 0.181) in Figure 3.6-2). However,
there is significant difference for the FH- group (e.g., 10-year CI: (0.141, 0.178) vs. (0.097,
0.133) in Figure 3.6-5).

For African American patients diagnosed with local stage BC, the two confidence
intervals overlap for the FH+ group (e.g., 5-year CI: (0.022,0.085) vs.(0.035,0.060) in Figure
3.6-7), but BC and OC Cls do not overlap for the FH- group after 40 months (e.g., 5-year CI:
(0.029,0.055) vs. (0.070,0.108) in Figure 3.6-10). Also at regional stage, BC mortality
probabilities are significantly higher than the OC mortality in both FH groups. Surprisingly,
the BC mortality probabilities for the FH- group (e.g., 10-year CI: (0.274,0.360) in Figure
3.6-11) are significantly higher than for the FH+ group (10-year ClI: (0.126, 0.258) in Figure
3.6-8), but there are alimited number of observations and no deaths occurred after 5 years for
the FH+ group with regional BC. The death observations for groups with distant cancer stage
also have alimited number of cases and hence the confidence intervals are wide in those

groups.
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Table 3.5 Summary of study population and estimation of mortality probabilities with 95% confidence interval by race,
cancer stage and family history of breast cancer

Race  Cancer FH Counts Mortality at 5-year (60 months) Mortality at 10-year (120 months) Mortality at 13-year (156 months)
Stage Case BCD OCD BC Prob Est(Cl) OC Prob Est(Cl) BC Prob Est(Cl) OC Prob Est(Cl) BC Prob Est(Cl) OC Prob Est(Cl)
Local Yes” | 1488 29 81 | 0.021(0.014-0.031) 0.046(0.035-0.060) | 0.032(0.021-0.045) 0.110(0.086-0.137) | 0.032(0.021-0.045) 0.119(0.093-0.148)
No 5655 156 428 | 0.024(0.020-0.029) 0.058(0.051-0.065) | 0.042(0.035-0.049) 0.121(0.110-0.133) | 0.045(0.038-0.053) 0.137(0.124-0.151)
CAU  Regional  Yes 646 57 46 | 0.087(0.065-0.114) 0.057(0.038-0.079) | 0.150(0.113-0.191) 0.136(0.097-0.181) | 0.150(0.112-0.193) 0.177(0.126-0.235)
No 2379 262 161 | 0.115(0.101-0.130) 0.057(0.047-0.069) | 0.159(0.141-0.178) 0.114(0.097-0.133) | 0.170(0.150-0.192) 0.117(0.100-0.136)
Distant Yes 41 20 1 0.548(0.398-0.675) 0 0.604(0.254-0.831)  0.079(0.014-0.221) NA NA
No 220 96 27 | 0.486(0.420-0.548) 0.118(0.077-0.170) | 0.556(0.463-0.639) 0.146(0.096-0.206) | 0.556(0.372-0.705) 0.184(0.129-0.246)
Local Yes 258 10 16 | 0.046(0.022-0.085) 0.050(0.025-0.087) | 0.056(0.027-0.100) 0.117(0.067-0.182) | 0.080(0.036-0.147) 0.117(0.067-0.183)
No 1077 46 101 | 0.040(0.029-0.055) 0.088(0.070-0.108) | 0.064(0.047-0.085) 0.139(0.114-0.166) | 0.064(0.047-0.085) 0.149(0.120-0.182)
AA Regional  Yes 160 25 6 0.187(0.127-0.256)  0.035(0.011-0.080) | 0.187(0.126-0.258)  0.078(0.029-0.162) NA NA
No 685 147 42 | 0.208(0.176-0.242) 0.051(0.035-0.072) | 0.316(0.274-0.360)  0.108(0.077-0.144) | 0.325(0.279-0.371)  0.121(0.085-0.164)
Distant Yes 14 9 0.742(0.103-0.962) 0 NA NA NA NA
No 84 42 0.600(0.478-0.702)  0.062(0.022-0.134) NA NA NA NA

Abbreviations: CAU, Caucasian; AA, African American; FH = family history

" Family history of breast cancer is present for the patient (No for negative case).
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Figure 3.6 Mortality probability with confidence interval by race, cancer stage and family history of
cancer
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3.3.4 Left Censoring

Using Method 1, for each time interval calculated, 1000 simulations are run to
estimate the true cancer start time. Table 3.6 summarizes the breast cancer mortality
probability after 5 years and 10 years for Caucasian and African American women,
respectively. The results without incorporating left censoring are compared with those with
left censoring. The average, minimum and maximum of the 1000 simulated left censoring

times are selected for comparison.

Table 3.6 Breast cancer mortality probability at 5 and 10 year with left censoring method 1

BC Mortdity Race No Left Censoring|Simulation1 (mean)| Simulation2 (max) | Simulation3 (min)
S-year Caucasian 0.066 0.059 0.059 0.059
probability - -

African American 0.136 0.124 0.123 0.126
10-year Caucasian 0.098 0.097 0.097 0.097
probability - -

African American 0.191 0.186 0.185 0.189

As shown in Table 3.6, incorporating left censoring does affect the survival time
when the disease onset time is not observed. The choice of simulated estimate for the left
censoring period (mean, max or min) has little effect on the mortality probabilities. For
Caucasian patients, on the addition of the left censoring time has little impact on the long-
term mortality probabilities. However, for African American women, the difference in
mortality probabilities grows over time (e.g., the effect is larger for the 10-year mortality
(0.191 vs. 0.186)). This suggests that African American women may have more left censored
information compared to Caucasian women. Thus, the breast cancer mortality for African

American patients may be over-estimated.
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For Method 2, the fitted distributions corresponding to the growth rate b, and tumor

size are shown in Figure 3.7.

Fit distribution for rate b | Fit distribution for tumor size
| GAMMA(0.0618,1.27) 1+WEIBULL(22,1.23)

|||_.—-.__ _

Figure 3.7 Input modeling for fitting distributions
A: corresponds to the Growth Rate and B: corresponds to the Tumor Size

The results comparing left censoring with the original model are summarized in

Figure 3.8.
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Figure 3.8 Mortality results comparison using left censoring method 2
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Figure 3.8 suggests that adding left censoring adjusted the mortality probabilities downward
to mitigate over-estimation. While there are no significant differences between the left
censored and uncensored breast cancer mortality probabilities in the long run, the difference
is significant over short time horizons, especially for African American patients. These

results are consistent with Method 1.

3.4 Discussion

In this chapter, the cumulative incidence function with an approximate confidence
interval is used to estimate mortality probabilities from breast cancer and other causes asa
function of race, stage at detection, and age. Death probabilities are compared as a function
of three under-studied breast cancer risk factors and tumor characteristics to quantify the
impact of these factors on mortality for breast cancer patients.

The results suggest that although women with dense breast tissue are known to have a
higher risk of developing breast cancer, density does not have a significant impact on
mortality for breast cancer patients, except for women 70-79 with fatty breasts. Women with
dense and fatty breast tissues have similar mortality probabilities after adjusting for age, race
and cancer stage effects. This suggests that following diagnosis, patients with dense breast
tissues do not have worse survival than women with fatty breast tissue.

Estrogen receptor status affects breast cancer mortality more than progesterone
receptor status and race matters. Caucasian ER- patients have significantly higher breast

cancer mortality probabilities than Caucasian ER+ patients. However, there is no significant
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difference in BC mortality for African American women. The difference in mortality
between the PR- and PR+ patientsis not significant. There are differencesin BC and OC
mortality curves for different combinations of ER/PR. Receptor status significantly
influences BC patient outcomes and this impact differs for African American and Caucasian
women.

While family history of breast cancer is considered to be an important risk factor for
breast cancer, it does not directly affect mortality. Although incidence may be higher for
women with positive FH, the mortality risks are not significantly different from women
without BC FH. However, between the FH groups the risks associated with breast cancer
death and deaths from other causes are different for some race and cancer stage groups.
While there is not enough evidence to indicate poorer survival for women with a family
history of breast cancer, the mortality risk may be affected by other factorsthat reduce the
difference in mortality from other causes and breast cancer, particularly in African American
patients.

The method used for the analysis provides an estimate for the mortality probabilities
so that risks may be compared among different groups. However, there are some limitations
to this study. The first isthe impact of small sample size on the approximation of confidence
intervals. When the sample size is very small, confidence intervals tend to be wide; and
conversely intervals will be small if there isarelatively large sample size. This meansthe
point estimate should be not ignored when comparing probabilities among different groups.
Another limitation is that lifetime follow-up for the patients is not available asthe CMR

started in 1994. Future research could be to estimate long-term mortality for breast cancer
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patients with different risk information and to study the impact of additional risk factorson
mortality for breast cancer patients.

In this dissertation, models to quantify the impact of left censoring on breast cancer
mortality have been developed. These results suggest that it is important to incorporate left
censoring for more accurate estimation. The methods presented in this dissertation use a

simplified model to find the cancer onset time. However, this research has initiated a new

direction for future research. Methods can be developed to address left censoring, and some

assumptions in this dissertation can be relaxed. For example, additional distribution

assumptions can be tested and different data can be used to validate the estimation.
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Chapter 4 Decision Modeling with Disease Spontaneous

Regression

4.1 Introduction

As discussed in previous chapters, breast cancer is typically modeled as a progressive
disease, under the assumption that the cancer will not resolve in absence of treatment, and in
absence of treatment the cancer will advance. For example, most Markov models introduced
in Chapter 1 only allowed atransition to a more advanced cancer stage or to absorbing death
states. Thisisacommon assumption in most screening and treatment decision models.
However, there has been medical evidence suggesting that breast cancer may actually
spontaneously resolve without treatment. While this has initiated a lot of debate in the
medical community, there have been limited analytical studies on the topic. This research
seeks to quantify the impact of breast cancer spontaneous regression on patient outcomes
with respect to different mammography screening and treatment policies. In this chapter, a
literature review of several medical studies regarding breast cancer regression is discussed in
Section 4.2. A partially observable Markov model is presented in Section 4.3, with resultsin
Section 4.4. Section 4.5 concludes the chapter with a summary and a discussion of future

work.
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4.2 Medical Evidence

The medical exploration of the spontaneous regression phenomenon of breast cancer
can be traced back as early as the beginning of last century [96]. In May 1974, Johns
Hopkins Medical Ingtitutions and the American Cancer Society organized the Conference on
Spontaneous Regression of Cancer in Baltimore, Maryland. The conference was initiated
with more recognition of dramatic but rare regression of cancer in the absence of treatment.
Lewison [97] summarized some of the earlier findings in breast cancer regression, and
presented three cases of spontaneous regression from his medical practices. He concluded
that although the phenomenon israre, there is ample clinical evidence to confirm that
gpontaneous regression of breast cancer does exist.

This has not only received attention from medical expertsin the U.S,, there have also
been several international studies on breast cancer regression. Larsen and Rose [98]
suggested that the natural history of breast cancer is variable, and there are a small number of
patients who survive 10-15 years without treatment. They also found 32 cases of breast
cancer spontaneous regression in the international literature. Although the phenomenon was
considered to be rare, this suggests that the natural course for breast cancer is very variable,
not as straight-forward as we generally model, and the possibility of regression should not be
ignored.

In arecent case study, Burnside et a. [99] reported an actual example of breast cancer
regression on imaging. They followed a 64-year-old asymptomatic female from an initial
mammogram screening and recorded imaging from subsequent exams. Figure 4.1 shows two

of the mammogram images selected from the report. Figure 4.1A is the spot compression
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magnification view in the Craniocaudal (CC) projection from the woman’'s initial screening
visit, which confirms a mass in the left inner breast. One year after the initial screening, the
CC projection view as seen in Figure 4.1B has demonstrated that the mass has disappeared.

Additional samples of imaging can be found in this article.

Figure 4.1 Mammogram screening images for a 64-year-old female [99]

A: Massidentified by arrow; B: image of same breast one year later without mass

Most of the examples shown above are medical reports on individual cases of breast
cancer spontaneous regression. Because the current protocol is for women to seek treatment
after diagnosis, it is difficult to observe the natura history of breast cancer progression and
regression. Thus, it is not easy to calculate the probability of breast cancer regression.

Zahl et al. [100] presented a controversial argument that the natural course of some
screening-detected invasive breast cancer may include spontaneously regression. This
brought immediate attention from the media and the medical community. Different from
previous medical reports, their findings were based on an observational study using the

Norwegian Cancer Registry data, where cumulative incidence rates of breast cancer were
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compared between two groups. The screening group included women between the ages of 50
and 64 who had three screenings over a six-year period between 1996 and 2001. The control
group included women of the same age cohort who had no screenings between 1992 through
1997 when there was no screening program offered. These women were invited to aone-time
prevalence screening at the end of the observation period. Other risk factorsin these two
groups were similar. When the number of biopsy-confirmed invasive cancers was compared
between the two groups, it was found that the number in the control group was approximately
22% lower. Zahl et al.’ s explanation for the difference was that some screen-detected breast
cancer may spontaneously regress.

Although this phenomenon has been acknowledged for along time in the medical
literature, there have been limited analytical studies on thistopic. The Wisconsin simulation
model [26] actually incorporated regression in their stochastic model. This model replicated
breast cancer incidence and mortality to fit real data, and they defined approximately 40% of
the initiated breast cancer to be limited malignant potential (LMP) tumors. These tumors
“progress to a maximum of approximately 1-cm in diameter, dwell at this size for 2 years,
and then regress if undetected.”

This dissertation research seeks to quantify the impact of breast cancer regression on

patient outcomes with respect to different mammography screening and treatment polices.
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4. 3 Model Formulation

4.3.1 Markov Chain Representation

A partially-observable, five-state, discrete-time Markov model is built to represent
breast cancer development, as shown in Figure 4.2. Different from other Markov models for
breast cancer, [23, 101-102] the transition from the in situ stage to a cancer-free state is now
allowed to represent disease regression. In thisresearch, only in situ cancer regression is
considered. There are two reasons for this assumption. First, in situ cancer cells have not
grown through the duct walls into the neighboring tissue. They are only detectable through
mammography and are associated with low mortality risk. Thus, if in situ cancer is assumed
to have a chance to regress, the efficacy of mammography may be explored, and various
treatment protocols can be evaluated. Second, a patient who is diagnosed at the invasive
cancer stage will probably seek treatment after diagnosis as invasive cancers have higher

mortality risk.

ogJoeRo:
_.

Figure 4.2 Markov representation for breast cancer progression and regression

CF = cancer freg, IS=in situ, Inv = invasive, Dgc = Death from breast cancer Do = death from other causes

There are several other assumptions for the decision modeling. First, mammograms

are assumed to be independent of each other. In other words, the results of the previous
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mammogram screenings do not impact results of future screening. This is reasonable as a
radiologist who is reading the mammogram may not refer to previous screening records.
Second, if ascreening result is abnormal, a biopsy will always be ordered, and the biopsy is
assumed to be perfect, since it tends to have a high sensitivity [103]. Thisis used to identify
if ascreening isafalse or true positive. If a mammogram result is found to be incorrect (i.e.,
afalse positive result), the woman will continue mammography screenings as scheduled.
Although the biopsy may impact the results of succeeding screenings, that effect isignored in
this study. It should be noted that the false negatives cannot be differentiated from the true
negatives, and the woman will continue screening until either cancer is detected, she dies
from breast cancer or another cause, or the ending age for screening is reached.

The underlying disease states (cancer free, in situ and invasive) are partially
observable. The cancer states are only known with certainty after the cancer is detected
during screening and confirmed through biopsy. In this model, death states are not partially

observable but are absorbing states.

4.3.2 Policy Evaluation Framework

A policy evaluation framework is adopted to quantify the impact of the probability of
breast cancer regression on screening policy and various treatment decision rules. This model
extends the previous work by Maillart et a. [101] to include regression and to compare and
evaluate different trestment rules.

The notation is introduced below:
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mn=[mn1 7n2 7n3] iSthe disease occupancy distribution at period n. These represent
the belief states, i.e., with probability 7, 1 that a woman is considered to be in the cancer-free
state, with probability 7, » she is believed to be in the in situ stage, and she is believed to be
in the invasive cancer state with probability 7z, 3.

Wi(zn) is the lifetime probability of breast cancer mortality at period n. It is also the
main outcome measure. It is afunction of the belief states. The state transition probability
from state i to sate j for awoman at age a, is pij(an) for i, jT (1,2,3). m(ay) isthe probability
of an abnormal mammogram result given that awoman is a age a, and she isin the statej, |
=1,2,3. ri(ay) isthe lifetime breast cancer mortality probability if the cancer is detected at the
in situ stage and treatment is performed, and rx(ay) is the corresponding lifetime breast cancer
mortality probability if the cancer is detected at the invasive stage and treatment is
performed.

In agiven period n, there are two actions a woman can take: do nothing or have a
mammogram. |f the woman chooses to do nothing, the lifetime breast cancer mortality

probability is calculated using equation (4.1).

W, (R,) =DN,(®,) ° PraPsi(@,) 4+ (P tPy2 P 3) Ps(8,) >0
+[1' pn,s p34(an) - (p nl +pn,2 +pn,3) ps(an)] >‘Nnﬂ(gnﬂ)
=PnsPs (an) +[1- Pn3Pas (an) - Ps (an)] Wn-f»]_(Qnﬂ_) 4.2)

This estimation includes three parts: a woman has a lifetime breast cancer mortality
probability of 1 if she dies from breast cancer in the next period; if she dies from other

causes, then the probability she will die from breast cancer is zero; and if she survivesthe
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next period, the problem starts again with W;.1. The state occupancy distribution is updated

using Bayes rule as follows,

R.T(a,)
1- pn,3p34(an)' ps(an) (4'2)

where T(a,) isthe transient sate transition matrix.

Qn+l =

The other action a woman can take is to have a screening mammogram. If the
mammogram result is negative, then the woman will do nothing and continue screening at
the next period. If an invasive cancer is confirmed, she will go on treatment immediately
after diagnosis and leave the model. If an in situ cancer is confirmed, then there are three
treatment decisions rule to choose from: (1) treat immediately; (2) do not treat immediately
but continue screening until the cancer is detected at the invasive stage; and (3) do not treat
immediately but continue regular screening and if the cancer is detected a second time then
seek treatment. The formulation for calculating the lifetime breast cancer mortality

probability (W) associated with each of these treatment rules is discussed next.

Treatment Rule 1: Always treat. Under thisrule, the lifetime probability of breast cancer

death at time n becomes:

W, (p,) =M, (,)°p,,m(@)DN,(&)+p,.m(a)n(a,)+p,.m(a,)r(a,)
+[& _p,.A- m(a )] PN, (9 4.3)

where € =[1 0 Q].
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The lifetime breast cancer mortality probabilities are known as a function of cancer stage at
detection in situ (r1) or invasive stage (r»), and patient age. The first term in equation (4.3)
corresponds to the case where the cancer is found to be a false positive after biopsy, then the
woman is known to be in the cancer-free state for certainty, and she will do nothing for this
period. The second, third and fourth terms calculate the impact of the mammogram results.
If the screening result is negative (true or false), the woman will also do nothing, but the
occupancy distribution is updated based on the negative finding according to the following.

ogn,j(l' m,(an)) , ] =123
a _p.1- m,)) (4.4)

pe =

Treatment Rule 2: Wait until detection at the invasive stage. Under thisrule the lifetime

probability of breast cancer death at time n becomes:

W, (@,) =M, () ° p,;m(a,)DN, (&) +p,.m,(a,)DN, () +p,.m(a,)r,(a,)
+[& ,Pn - M@ PN, (09 (45)
where g =[0 1 O].
The part of equation (4.5) that is different from equation (4.3) is highlighted in red. This
represents the fact that awoman will do nothing if the cancer is diagnosed in the in situ stage.
Since the cancer is confirmed, the occupancy distribution will have a probability of 1 in the

in situ state.

Treatment Rule 3: Wait once after an in situ cancer is diagnosed. Under this rule the lifetime

probability of breast cancer death at time n becomes:
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W,(©,) = M, (0,)° P:m (3, )DN, (&) +P.m,(a,)DN, (&) >0 (1- m(a,)

)5 (@) 41 O 0 m(@)]+pm(a)r @)

+[d Lp,@- m(a)]ON, (9 (46)
where mis the number of mammograms so far.
Again, the parts of equation (4.5) that differ from equation 4.3 are highlighted in red. Under
this treatment rule, a woman will only wait once at the in situ stage. If the cancer is detected
for the second time, she will go to treatment and leave the model. Thus, the number of
previous detections is incorporated in the formulation. If thisis the first time an in situ cancer
is confirmed, then the woman will do nothing. If thisis not the first time, then she will go to
treatment and the lifetime breast cancer mortality probability is calculated.

These formulations have built arecursive relationship for the lifetime breast cancer
mortality. In order to calculate the probabilities for each period, boundary conditions are
needed for the last period N. The equations (4.7) for the case of do nothing and (4.8) for the
case of mammogram actions are based on the assumption that if awoman is in the cancer
states (in situ or invasive) in period N, she will die from breast cancer. Otherwise, she will
die from other causes. The mortality probability at each period can then be calculated

through backwards recursion.
DNy(R) =p, +p; (4.7)

My ®,) =P,.m(a,)n(a,) +P,smy(&,)r,(a,)
HA LPu - mEIAPE +ps) (4.8)
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The formulation is based on the sample path behavior. A woman starting in a cancer-
free state can decide if she will do nothing or have a mammogram for the next period. There
are different screening results: false positive, true positive and negative. If Treatment Rule 1
(i.e., awaystreat) is selected, then all patients with atrue positive mammogram will leave
the model, so there are only two paths: false positive and negative. The complexity of the
problem is 2™ (without the path for atrue positive). However, since a false positive will reset
the occupancy distribution to [1 0 0], the complexity is simplified to 2m + 1(including the
path for treatment), which is linear in m. Similarly for Treatment Rule 2 (i.e., wait until
diagnosed at the invasive stage), there are three possible paths including the case of true
positive since the woman will not leave the model from the in situ stage. The in situ true
positive will also reset the occupancy distribution to [0 1 0], and thus the complexity of the
problem will reduce from 3™ to 4m. Numerical experiments using the methods described

above are presented in the next section.

4.4 Numerical Experiments

The two existing screening guidelines are selected for the policy evaluation study: the
American Cancer Society (i.e., annual screening from age 40), and the U.S. Preventive
Services Task Force (i.e., biennial screening between age 50 and 74) guidelines. As
discussed earlier in Chapter 1, in 2009 the USPSTF recommended less frequent screening in

an attempt to address the concern regarding over-diagnosis. The goal of this policy
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evaluation study isto quantify the impact of regression on patient outcomes under these two

screening policies.

4.4.1 Data and assumptions

The numerical study begins with a 25 year old, cancer-free woman, and ends at age
100. The decision epochs are assumed to be every 6 months. The transition probability
matrix updates every 5 years. In other words, the transition probability matrix is the same for
awoman between the ages of 25 and 29, and a different matrix will be used for women aged
30to 34.

The regression probability can be extracted from either the self-loop transition
probability or the progression probability. In the transition probability matrix, the following
relationship exits.

P (&) + Po(a) + Ps(@) =1 (4.9)
Let u and v be the proportions to be extracted from the exiting probabilities. Then,

pg(a) =uxp,(a) +Vvxp,(a)

pg(a) = (1- u)xpy(a)

p%(a) = (1- V) xp,(a)

Ofu,vEl (4.10)

The parameters used in the experiments are from Maillart et a. [100], except the
treated lifetime breast cancer mortality probability by cancer stage at detection. The methods
and results discussed in Chapter 3 are used to estimate these probabilities. The CMR datais

used with 22,328 breast cancer cases with known age and cancer stage, 1,435 deaths from
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breast cancer, and 1,890 deaths from other causes. A backward calculation is developed to
estimate the lifetime mortality probabilities.

Specifically, patients over 85 years old are assumed to have the same lifetime breast
cancer mortality probability. For this age group, the mortality probabilities at 15 years
associated with detection in the in situ and invasive stages are calculated as described in
Chapter 3, and they are considered to be the lifetime mortality probabilities. For each of the
other age groups, a,, the lifetime breast cancer mortality probability is estimated using the
following recursive function.

ri(an) = P(5-year mortality) +[1-P(5-year mortality)]* ri(an+1) (4.11)
wherei = 1 indicates that cancer was diagnosed in thein situ stage and i = 2 indicates
diagnosis in the invasive stage. The estimated five-year mortality probability is calculated
using the method discussed in Chapter 3. The following table contains the estimates for the
lifetime breast cancer mortality probability for each age group.

Table 4.1 Estimate for lifetime breast cancer mortality probability

Age Group ry ra
25-29 0.13657 0.68533
30-34 0.13657 0.63111
35-39 0.13657 0.58458
40-44 0.12520 0.53218
45-49 0.12169 0.49751
50-54 0.11102 0.45382
55-59 0.11102 0.41585
60-64 0.10475 0.36916
65-69 0.10475 0.32890
70-74 0.10116 0.29506
75-79 0.09845 0.24037
80-84 0.09210 0.18407
>=85 0.08200 0.11600
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The results for the numerical experiments are discussed in the next section.

4.4.2 Results

The relationship between the regression probability and lifetime breast cancer
mortality probability is explored in this section. The results for the two screening policies are
discussed separately. The mortality estimates for the three treatment decision rules are
compared. For each policy, both 3-dimentional and 2-dimentional results are presented.
While 2-D results only show the relationship between regression probability and breast
cancer mortality, the 3-D plot shows the effect of the regression probability extraction (i.e.,

from self-loop or progression probability) on this relationship.

Note: Blue area: ways treat; red area: wait till invasive stage; green area: wait once
P = Lifetime breast cancer mortality probability, u = proportion extracted from self-loop
v = proportion extracted from progression

Figure 4.3 3D results for the ACS Policy

The 3D results for the ACS policy are shown in Figure 4.3. The plot on the left

compares the breast cancer mortality under Treatment Rule 1 (always treat) to that under
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Treatment Rule 2 (wait until invasive). When both u and v are small, the “wait” decision is
worse than the “treat” decision as the mortality probability is high. However, asthe
proportion gets larger, the mortality probability reduces and the two surfaces cross over so
that the wait decision is better than the treat decision (this crossover occurs a extreme points
whenu=0.45and v=0.7).

The plot on the right compares the breast cancer mortality between the “always treat”
decision with “wait once”. The two surfaces are very close to each other, which shows there
isamost no difference between the two decision rules. This implies that waiting once in the
in situ stage will not significantly affect the survival compared to the treat rule. Further, the
cost associated with mammography screening is much lower than the treatment cost. Thus, if
cost is considered in the decision, a woman may benefit more from waiting once at in situ
stage.

The 2D result comparing all the three decision rules is shown in Figure 4.4.

Blue: Treat
Red: Wait to invasive
Green: Wait once

Regression Probability
Figure 4.4 2D Result for ACS Policy
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Consistent with the previous discussion, Figure 4.4 shows that the transition from the “treat”
to the “wait” rule for the lifetime breast cancer mortality probability occurs when the
regression probability isaround 0.2. The “treat” rule is not significantly different from the
“wait once” rule with respect to the mortality probability. It is worth noting that Zahl et al.

[99] found an approximately 22% regression probability in their observational study.

The 3D and 2D results for the USPSTF policy are shown in Figure 4.5 and 4.6.

u

Note: Blue area: ways treat; red area: wait till invasive stage; green area: wait once
P = Lifetime breast cancer mortality probability, u = proportion extracted from self-loop
v = proportion extracted from progression

Figure 4.5 3D results for USPSTF Policy

Blue: Treat
Red: Wait to invasive
Green: Wait once

Regression Probability
Figure 4.6 2D Result for USPSTF Policy
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In contrast to the ACS policy, in most cases, the “aways treat” decision rule has aworse
survival probability compared to the “wait” rules even when the regression probability is
small. An explanation for this is that when the observation period is longer (i.e., when
patients diagnosed with in situ cancers do not leave the model), more women may die from
causes other than breast cancer so the lifetime breast cancer mortality probability is lower.
Although the reduced mortality may not be completely associated with the regression

probability, waiting rules may still suggest an improved survival under this screening policy.

4.5 Discussion

Understanding the natural history of breast cancer is an important open research
guestion. Not only does it help to understand the disease, i.e., how it behaves, this
understanding is critical in developing more accurate decision models for improved diagnosis
and treatment. As the phenomenon of breast cancer regression has been debated in the
medical community for many years, it has raised an important question regarding over-
diagnosis and over-treatment. This study does not attempt to find a specific regression
probability. Instead, this research seeksto determine whether and how regression may
actually impact screening and treatment outcomes and decision making. Inthis decision
model, the regression of breast cancer from the in situ stage to the cancer-free stateis
allowed, and the impact on breast cancer mortality is examined. Different screening and

treatment rules are also incorporated for the analysis.
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Regression is found to impact breast cancer mortality. Under a more frequent
screening, policy (ACS), when in situ cancer can regress with a probability greater than 209,
it may be more beneficial to wait to treat; while for less frequent screening, waiting always
results in lower lifetime breast cancer mortality. If the cost of treatment and screening are
considered, these results suggest that it may be more beneficial to wait once at the in situ
stage but continue screening until the cancer is detected second time. Waiting once does not
increase breast cancer mortality, but may reduce unnecessary treatment.

There are some extensions to this research that can be made in the future. First,
biopsy may not be necessary if cancer can actually regress. Currently a perfect biopsy is
assumed to be ordered in order to identify if an abnormal mammogram reading isatrue
positive or false positive, and the cancer stage is determined by the biopsy result. However,
biopsy may affect future screening, so the assumption regarding independence among
mammograms may need to be studied. In the future, the biopsy decision could be
incorporated into the modeling.

Secondly, in the current analysis, two existing policies are selected for comparison.
There are more dynamic screening policies under which women can change their screening
intervals. For example, when there is an abnormal screening result and the woman decidesto
wait for treatment, instead of waiting until the next scheduled screening, she may decide to
screen more frequently. In such cases, the complexity of the problem increases greatly. At
each decision epoch, there is more than one action awoman may take (in the current model,

at each period n, only one action is selected). Then, the complexity of the problem is no
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longer linear in the number of mammograms. An area for future research isto model
dynamic screening strategies.

Lastly, in the current ssudy many parameters are estimated in the literature, with the
exception of the breast cancer mortality estimation which uses the model developed in this
dissertation. The results may depend on the parameters, and estimation from different data
sources may be a problem. Another areafor future research isto develop a method for

transition probability estimation using the same CMR data.
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Chapter 5 Conclusions and Future Research Direction

Breast cancer is a complex disease that is associated with high mortality risks. This
dissertation addresses three main issues of breast cancer when the disease risk is not the same
for everyone. In the second chapter, the impact of comorbidity on breast cancer patient
outcomes is studied. It is common to find more than one disease or disorder in women (thisis
particularly true in older women) where some comorbid conditions may be correlated with
each other. In this study, hypertension, diabetes, mental disorder and obesity are studied in
breast cancer patients. It is found that these comorbid conditions do impact patient outcomes.
Thus, when decision models for breast cancer patients are developed, comorbidity should be
considered as well.

The third chapter models breast cancer mortality when mortality risk is compared
with respect to different breast cancer risk factors. It is generally known that the incidence
rates of breast cancer for women with different backgrounds may be different, but there has
been limited study on how these risk factors may affect breast cancer mortality. In most
decision analyses, mortality is considered the same for women at the same age. However, age
and race alone may not be enough to differentiate mortality for women with different
characteristics. In order to develop more personalized screening policies, mortality
probabilities for the complex population are necessary. Breast density, estrogen and
progesterone receptor status, and family history are three under-studied breast cancer risk

factors and tumor characteristics selected for the analysis. In addition to non-parametric point
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estimates, confidence intervals are estimated to enable comparison between different groups.
The methods developed may be extended to other applications.

The impact of breast cancer natural history on screening and treatment decision
making is studied in the fourth chapter. This chapter studies the affect of allowing cancer to
spontaneously regress. Decision models are developed incorporating different screening
policies and treatment rules to study the impact on breast cancer mortality. Lifetime breast
cancer mortality probabilities are estimated using the methods developed in Chapter 3. It is
shown that when breast cancer can regress with a probability as low as 20%, it may be better
to wait for treatment. When cost is considered in the decision, it may be worthwhile to screen
more before a trestment decision is made.

The three studies have shown that breast cancer does not develop in the same way for
everyone, and the risks associated with breast cancer are not the same for every woman. The
current screening guidelines may not be sufficient for women with different backgrounds. A
more personalized screening recommendation is needed to achieve individual maximum
benefit. Comorbidities, breast cancer risk factors, breast cancer regression are issues a more
individualized screening policy should consider.

Thus, this dissertation recommends the following directions for future research.

1. Modeling natural history of breast cancer at an individual level

The transition probabilities among cancer stages may not be the same for everyone.
For example, breast cancer may progress slowly for women with other chronic conditions, as
these conditions may be well managed, and the biology of breast cancer may be different

under such an environment. Clinical studies for observing such natural progression may be
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difficult to conduct, so an analytical study is needed to have a more reasonable estimate of
the disease development.

Mortality estimates should continue to be explored with additional risk factors and
patient demographics included. One limitation of this dissertation research is the lack of
additional data for model validation. There could be more collaboration among different

cancer sites in the future for validation.

2. Optimal treatment rules incorporating breast cancer regression

Following this dissertation, another areafor future work isto develop a partially
observable Markov decision model to identify the optimal treatment decisions for breast
cancer patients. Cost needs to be incorporated to determine if continuing screening is more
beneficial than starting treatment immediately when the cancer is detected a an early stage,
and with a probability of regression. Sensitivity analysis should be conducted to test how
large the regression probability must be in order to change the optimal decision.

When there isabiological test available to test if the cancer can regress or not,
another research question is to determine the value of such test. Currently there are some
teststo determine if a cancer is “good” or “bad’. In the future, there may be more tests
available to test if the cancer may actually regress or not. Such tests may be expensive, and
patient or societal willingness to pay for such tests could provide some insight for clinicians

and decision makers.
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3. Personalized optimal screening policy

This dissertation has addressed the importance of studying disease at an individual
level. The goa of having more personalized optimal screening policies, i.e. the best
screening policies based on awoman’s own health history, serves as a motivating goal for
this dissertation. Screening policies may not be uniform throughout the planning horizon.
Screening decisions should be dynamic as the personal characteristics may be changing, and

the screening result may also affect the future decisions.
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