
Modeling the impact of comorbidity on breast cancer
patient outcomes

Shengfan Zhang & Julie Simmons Ivy &

Fay Cobb Payton & Kathleen M. Diehl

Received: 5 June 2009 /Accepted: 27 September 2009 /Published online: 7 November 2009
# Springer Science + Business Media, LLC 2009

Abstract The objective of this paper is to model the impact
of comorbidity on breast cancer patient outcomes (e.g.,
length of stay and disposition). Previous studies suggest
that comorbidities may significantly affect mortality risks
for breast cancer patients. 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. A
multifaceted approach is used to quantify these relation-
ships. A causal study is performed to explore the effect of
various comorbidities on patient outcomes. Least squares
regression models are developed to evaluate and compare
significant factors that influence total charges and length of
stay. Logistic regression is used to study the factors that
may cause patient mortality or transferring. In addition,
different survival models are developed to study the impact
of comorbidity on length of stay with censoring informa-
tion. This study shows the interactions and relationship
among various comorbidities and breast cancer. It shows
that certain hypertension may not increase length of stay
and total charges; diabetes behaves differently among
general population and breast cancer patients; mental

disorder has an impact on patient disposition that affects
true length of stay and charges, and obesity may have
limited effect on patient outcomes. Moreover, this study
will help to better understand the expenditure patterns for
population subgroups with several chronic conditions and
to quantify the impact of comorbidities on patient out-
comes. Lastly, it also provides insight for breast cancer
patients with comorbidities as a function of age and race.
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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 is a significant need to individualize care, particularly
when competing risk factors are present. The goal of this
paper is to understand and model the impact of comorbid
conditions on breast cancer patient outcomes using the
AHRQ Nationwide Inpatient Sample (NIS) 2006 dataset for
patients age 18 and older. The sampling frame for the 2006
NIS is a sample of hospitals that comprises approximately
90% of all hospital discharges in the United States. Using
the AHRQ NIS 2006 dataset for patients age 18 and older,
we sought to understand the relationships among demo-
graphics (age, race, gender), comorbid conditions for
women with breast cancer as a primary disease scenario
and the patient outcome indicators, where comorbidity is
defined as a “clinical condition that exists before a patient’s
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admission to the hospital, is not related to the principal
reason for the hospitalization, and is likely to be a
significant factor influencing mortality and resource use in
the hospital”[1]. And patient outcome indicators include
patient disposition, total charges, and length of stay.

For the comorbid conditions, this study focused on the
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 [2] 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,
we consider hypertension, diabetes, mental disorder, and
obesity. These are the common comorbidities and risk factors
for aging patients, which have prevalence rates of about
46%, 20%, 31%, and 6%, respectively, in our data. Obesity
is also a risk factor for breast cancer. Though chronic
diseases are controllable, seven in every ten Americans who
die each year have at least one chronic disease [3]; they also
account for billions of 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 [4]
unpacked the feasibility of applying cost minimization
analysis in determining length of stay for the primary DRGs
with the highest volume from four payer classes: self-pay,
Medicare, Medicaid, and commercial. We hypothesize that
patients with more severe illnesses tend to require more
hospital resources than those with lesser conditions despite
being admitted to the hospital for a similar reason. Further,
we contend 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. In fact, the diagnosis-related
group (DRG) manual splits certain DRGs based on the
presence of secondary diagnoses for specific complications
or comorbidities. 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 [5]:

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 as well as the need for
close coordination between generalists and specialists
require support.

Modeling comorbid conditions can provide critical un-
derstanding to disease management, cost structures, and
resource utilization. This is particularly true for understand-
ing 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 3 years (compared with women with primary
breast cancer with no comorbid conditions).

According to the United States Cancer Statistics Working
Group: 1999–2005 Incidence and Mortality Web-based
Report [6], breast cancer is the most common form of
cancer in women behind non-melanoma skin cancer. Breast
cancer is a progressive disease in which malignant cancer
cells form in the tissues of the breast. For women ages 40 to
79, cancer is the leading cause of death [7], with breast
cancer as the most common cancer in American women,
accounting for 26% (178,480) of all new cancer cases and
15% (40,460) of all cancer deaths. Statistics show that
breast cancer is the second-most-common cause of cancer
across most ethnic groups, including Native American,
African American, white and Asian women. Among
Hispanic women, it is the number-one cause of cancer
deaths. In 2005, 186,467 women were diagnosed with breast
cancer while 41,116 died from the disease [6]. Although
African American women have fewer incidences of breast
cancer (119.4 per 100,000 from 1998 to 2002 compared to
141.1 for white), they have a strikingly high mortality
(34.7) in comparison to other groups (25.9 for white, 12.7
for Asian and 16.7 for Hispanics) [8]. The higher breast
cancer mortality rate among African American women is
related to the fact that, relative to white women, a larger
percentage of their breast cancers are diagnosed at a later,
less treatable stage. This is due in part to early incidence
and possibly more aggressive cancers. In addition, those
with comorbid conditions have increased chances of the
disease severity and other medical complications. In fact,
Tammemagi et al. [9] suggest that high incidence of
comorbidity in African American women may play a role
in 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 a reduction in survival disparities.

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.
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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 is to
develop models to address the challenge of the question:

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

In this challenge, we focus on chronic diseases, particu-
larly 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
convey achievements, shortcomings, and challenges [10].
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.

The paper is presented as follows. Section 2 is a
literature review on previous related studies on patient
outcomes. Section 3 introduces the methods used in this
analysis including descriptive statistics, ordinary least
squares regressions, logistic regression, and survival anal-
ysis. Section 4 contains the results for each model. And a
brief discussion is given in Section 5.

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 [11] (1999) used NIS 1991 and 1992 to study the
distribution of leimyoma relative to length of stay, mean costs
of care, diagnoses, and principal procedures performed and
admissions types among women between 15 and 64. Others
[12] examined the impact of age and Medicare status on
bariatric surgical outcomes. These researchers applied regres-
sion modeling to determine the effects of complicated
diabetes mellitus, electrolyte disorder, anemia, and depression
on bariatric surgery. Similarly, Meguid, Brooke, Chang et al.
[13] applied multivariate logistic regression to lung cancer
resections in the Nationwide Inpatient Sample (NIS) dataset
from 1998 to 2004. While there is an extensive literature
exploring the effect of age and comorbidity in postmeno-
pausal breast cancer patients [14–16], 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 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 [17]. Though a
“gold standard” for measuring comorbidity does not exist,
prior studies have used valid indices to predict or assess
healthcare expenditures [17, 18], health services utilization
among osteoarthritis patients [19], prognostic information
in a hospital-based cancer registry [20], 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 [21] 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. [21] determined that the Charlson Index is the
most extensively used metric for predicting mortality, though
others, such as the Cumulative Illness Rating Scale (CIRS),
Index of Coexistent Disease (ICED), and Kaplan Index, are
valid and reliable.

To capture a more complete picture of the patient length of
stay with censoring information (i.e., the actual hospitalization
time is not observable or truncated), survival analysis is also
used in literature to study hazards or conditions that affect a
patient in hospital time. Li [22] compared several survival
models to predict the expected length of stay from medical
complexity level and age. The goal of our model is to
compare the length of stay based on the different conditions
present. Sa C. et al. [23] compared survival 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 a recent study, Roehrig et al. [24] (2009) developed a
model for estimating personal health expenditures by
medical conditions, including multiple chronic conditions,
which could be used to understand the sources of expendi-
ture growth. Our goal is to 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.

Our research is unique in its goal to model the interaction
affect of breast cancer and comorbid disease as it relates to
inpatient outcomes. Rather than taking a single disease in
isolation focus, our research develops integrated statistical
models to explore the interrelationship between comorbid
disease and the resulting outcomes.
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3 Methods

3.1 Data summary

We use the Nationwide Inpatient Sample (NIS) 2006 data by
Agency for Healthcare Research and Quality (AHRQ) [25] for
our analysis. It contains discharge data from 1,045 hospitals
in 38 states, representing approximately a 20% stratified
sample of US community hospitals. There are 6,712,893
observations in the dataset who are 18 years and older.

We use both diagnosis and treatment ICD-9 codes to
identify the breast cancer patient group. We consider diag-
nosis of malignancy in breast tissues and we include the V
codes for personal history of malignant neoplasm (ICD-9
codes: 174.0–174.9, 175.0, 175.9, 198.2, 172.5, 173.5,
232.5, 216.5, 233.0, V10.3). We also consider procedure
codes for breast cancer diagnosis and treatment, 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) [26].

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 (DX1 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 studies for comorbidities, we do 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, we use 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
is targeted). Specifically, we consider additional chronic
conditions diagnosed (hypertension, diabetes, mental disor-
der, and obesity) for a breast cancer patient to be
comorbidities. These conditions are the most common in
aging patients; and in our data, the percentage of occur-
rence among prevalence breast cancer patients are approx-
imately 54%, 20%, 27%, and 6%, respectively. The ICD-9
codes selected are hypertension: 401–405, 430–438, 425.8,
429.0–429.3, 429.8–429.9, 796.2, 362.11; diabetes: 250.0;
mental disorder: 290–311; obesity: 278.00, 278.01, 278.02,
V85.30-V85.4 [27, 28].

3.2 Modeling approach

Statistical models are developed and compared to explore the
causal structure of the impact of comorbidities on breast
cancer patient outcomes. Specifically, we develop regression
models using stepwise least squares 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
[1], we use log transforms on the dependent variables.
Logistic regression models are developed to identify the
factors that 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. We perform survival analysis with censoring
information, and both parametric regression models and
Cox proportional hazards model were used to further
quantify the factors affecting breast cancer patient outcomes.

In section 3.2.1, we present descriptive statistics analysis
on the general population and Breast Cancer patient groups.
Section 3.2.2 describes ordinary least squares regressions to
study the impact of comorbidities. Section 3.2.3 presents
the model of logistic regression on patient disposition, and
Section 3.2.4 discusses the survival models developed.

3.2.1 Descriptive statistical analysis

A descriptive statistical analysis (e.g., calculation of
summary statistics such as the mean and standard devia-
tion) 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), LOS
(in days), total charges (in dollars); percentage of cohorts
with different gender, race (white, 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 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 breast cancer and the primary breast
cancer groups.

3.2.2 Least squares regression

Least squares 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
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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). Dichotomous
variables are created for the categorical demographic
characteristics and the comorbid diseases (i.e., 1 for the
presence of the disease and 0 otherwise). The records with a
LOS of zero are assumed to correspond to a hospital stay
shorter than 24 h. We assign a value of 0.5 to these records.
This assumption translates to a hospital stay of approximate-
ly one-half day (or 12 h).

Stepwise regression models with LOS and total charges as
the dependent variables are developed for the general
population. Explanatory variables include background varia-
bles summarized in the descriptive statistical analysis section.
We also include 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 transfer-
ring or not (transfer to short-term hospital or transfer to other
facility). The regression model has the following form.

log LOSð Þ ¼ a1 þ a2DemoVar þ a3NDX þ a4NPR

þ a5Died þ a6Tranferred þ b1BC

þ b2H þ b3Dþ b4MDþ b5Oþ g1BC

� H þ g2BC � Dþ g3BC �MD

þ g4BC � Oþ " ð1Þ
Note:DemoVar =(Age, Female, RaceGroup1-RaceGroup5,

AdmissionType1-AdmissionType5)T, a vector containing
background variables characterizing the population. α2 is a
vector containing prediction coefficient corresponding to the
variables in the DemoVar vector. BC =Breast Cancer, H=
Hypertension, D=Diabetes, MD=Mental Disorder, O=Obesity.
Regression model for log(total charges) has the same form.

To better observe and study the impact of age on the
relationship between comorbidities and patient outcomes,
we develop separate regression models on LOS and 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
causal 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 out-
comes and comorbidity. The adult population is classified
into eight subgroups by 10-year increments. The first group
includes patients younger than 30 years old. The second
group is for patients from 30 to 40 years old, …, and the

last group is for patients older than 90. For this analysis, we
consider only the general population with primary breast
cancer case. For each age-based subgroup, we develop
a similar regression model based on Eq. 1 considering
comorbidities. Running series of regression characterizes
the different impact of comorbidities on primary breast
cancer patients among different age groups.

3.2.3 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, his/her
expected LOS and charges would be altered and thus would
not be reflected in the observed data. Comorbid conditions
may affect mortality rate and chance of being transferred
and hence have impact on the LOS and total charges to be
observed and studied.

Logistic regression models by age groups on LOS and
total charges are developed to study the effect of comor-
bidities on patient disposition. Risk factors for the model
include patient background variables, total number of
diagnoses, total number of procedures, independent dis-
eases, and interaction between breast cancer and comorbid-
ities of interest. LOS and total charges are also included in
the model. The models predict the probability of mortality
(π(Y)) for the general population as a function of
comorbidities and background characteristics (race, admis-
sion type, etc.)

log
pðY Þ

1� pðY Þ
� �

¼ a1 þ a2DemoVar þ a3NDX þ a4NPR

þ a5LOS þ a6TOTCHGþ b1BC þ b2H

þ b3Dþ b4MD þ b5Oþ g1BC � H

þ g2BC �Dþ g3BC �MDþ g4BC � O

ð2Þ

The same logistic regression analysis is conducted for
risk factors on transferred where π(T) is the probability a
patient get transferred to another facility.

Reduced logistic models are also developed for the
primary breast cancer group on mortality and transfer.

log
p YjBCð Þ

1� p YjBCð Þ
� �

¼ a1 þ a2DemoVar þ a3NDX

þ a4NPRþa5LOS þ a6TOTCHG

þ b1BC þ b2H þ b3Dþ b4MD

þ b5O

ð3Þ

Note: π(Y|BC)=Probability the patient died during
hospitalization given the patient is in the primary breast
cancer group

(3)
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We compare the predicted coefficient of β’s in Eqs. 2
and 3. This quantifies the difference of risk factors on the
general population and primary breast cancer group.

The ordinary least squares regression together with logistic
regression will help to analyze the impact of comorbidities on
patient outcomes: LOS, total charges, and disposition.

3.2.4 Survival models

Survival models are developed to explore the relationship
between event time (hospitalization time) and comorbid
conditions for breast cancer patients. Unlike ordinary least
squares 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, we define the following situations as censoring:
a patient stays in the hospital longer than 365 days (LOS>
365); a patient is transferred to a short-term hospital
(DISPUniform=2); and a patient is transferred to other
facilities including skilled nursing facility, intermediate care
facility, etc (DISPUniform=5). These patients may have
longer LOS, but the recorded time is censored. Hence, the
observed time in hospital T = min (T’, C), where T’ is the
recovery time for a patient and C is the censoring time.

The advantage of survival analysis is that it is possible to
more accurately study censored information. We use
survival models to study the impact of comorbidities on
LOS. We consider the same covariates as in the ordinal
regression models. The survival function in our analysis is
S(t) = Prob(T >t), i.e., the probability a patient will stay in
the hospital for time t. A hazard function (or hazard rate,
l(t)) is the limit of an event 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 time
t given the individual is alive at time t. We have the
following equation for hazard function.

lðtÞ ¼ lim
h!0

P t � T � t þ hjT � tð Þ
h

ð4Þ

In our study, the hazard event is recovery (leaving the
hospital).

We first model the censored survival data using a
parametric accelerated failure time model, assuming acceler-
ated failure time, that is S1(t)=S2(ct) for all t and c is a
constant c>0.

logðTÞ ¼ a1 þ a2DemoVar þ a3NDX þ a4NPR

þ b1BC þ b2H þ b3Dþ b4M þ b5O

þ g1BC � H þ g2BC � Dþ g3BC �MD

þ g4BC � Oþ s" ð5Þ

Here α1…α4, β1…β5, γ1…γ4 are the regression coef-
ficients of interest. The change of the coefficient shows the
effect of the binary variables being one (presence of the
condition) on log of hospitalization time while holding
other coefficients constant. σ is a scale parameter and ε is
the vector of the random disturbance terms.

The random disturbances are usually assumed to be
independent identically distribution with some density func-
tion. Different distributions can be assumed for the distribu-
tion. Thus the parametric models are developed based on the
distribution of the error term. We assume several distribution
models for time T: Weibull, Log Normal (error terms follow
normal distribution), and Log Logistics (error terms follow
logistic distribution) and compare the results. However since
the dataset is large, we cannot fully observe the distribution for
the error terms, and thus we can only compare the best
parametric distribution fit from the comparison of the
maximum likelihood.

A Cox proportional hazards model, which is a semi-
parametric model, is also used to develop the regression
model. The model has the following form.

l tjx; y; zð Þ ¼ l0ðtÞexTaþyTbþzT g ð6Þ

Here x is vector containing the background covariates:
age, gender, race, admission type, number of diagnoses and
procedures. y is a vector containing individual disease and z
is a vector containing interactions among breast cancer and
comorbid conditions. α, β, and γ are vectors of the
coefficient estimates for the covariates, which represent
the change in hazard with the binary variables being one (or
increase one unit in the continuous variables) while holding
other covariates constant. The hazard function l(t|x,y,z) is
the “hazard” of leaving hospital given the covariates and l0
is the baseline case when x, y, z=0, i.e., when no comorbid
condition exists and 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 β and γ, the impact of
comorbidities on LOS in hospital.

For both survival models, it should be noted that we
make the important assumption that event time T (time to
leave the hospital) is independent of the censoring time C
(time to be transferred or end of study period). This
assumption is reasonable because a patient recovery period
does not depend on whether a patient gets transferred.
However, we also observe there is another event in our
survival analysis, i.e., patient death. We adopt a naïve method
in our model and separate the two events, patient leaving
the hospital (time to leave the hospital) and patient mortality
(time to death). Then we separate the patient groups into
the survived group (Died=0) and the mortality group
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(Died=1). We only model the impact of comorbidities on
patient LOS for the survived group.

4 Results

We summarize the results for each study in this section.
Section 4.1 presents the results for descriptive statistics
analysis. In Section 4.2, we discuss the results for ordinary
least squares regressions. Section 4.3 contains the results
for logistic regression models, and in Section 4.4 we
summarize the survival model results.

4.1 Descriptive statistics for study population

4.1.1 Characterizing patients with diseases of interest
in relationship to the general population

Summary statistics for the key characteristics of the popula-
tion in the dataset are shown in Table 1. The first two
columns are the means and standard deviations for
background characteristics of the adult population. Similar-
ly, 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 diseases selected
(hypertension, diabetes, mental disorder, and obesity) are
summarized in columns 7 through 14. As shown in Table 1,
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 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
results in the lower total charges. It is also important to note
that not only women get breast cancer, but there are also
about 8% males in 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) than the general
population (4.8). For total charges, only mental disorder has
lower mean than the general population, the other con-
ditions have higher charges. In addition, 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 mental disorder (1.88%) and obesity groups
(0.88%) compared to the general population (2.38%).

Table 1 Summary of characteristics of study population
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4.1.2 Understanding the impact of comorbid conditions
on breast cancer patients in comparison to the general
population

Tables 2 and 3, respectively, present the characteristics of the
comorbidities of interest for the prevalence breast cancer and
primary breast cancer patient groups. We discuss some of the
more salient differences between these patient populations.

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 studied
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. This is reflected in the number of
procedures.

With respect to the number of procedures, generally, breast
cancer patients have more procedures than the general
population. In the prevalence breast cancer group, hyperten-
sion also has fewer procedures, and obesity has more (2.16).
However, in the primary breast cancer group, all comorbidities
have fewer procedures (2.07 to 2.23) than the general

subgroup (2.26). The primary breast cancer group in 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 prevalence group (6.53 to 7.47
compared to 5.15 for primary group). All mortality rates with
comorbidities in the prevalence breast cancer group are lower
(1.10% to 2.61%) than the general subgroup (2.83%), and
similar 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. We then use regression models to study the
detailed changes of comorbidities on patient outcomes
adjusting for other effects.

4.2 Least squares regression on patient outcomes

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 regressions models for the general
population and compare the two cases where breast cancer
is considered according to the primary breast cancer and
prevalence breast cancer groups. Regressions in each case
have R-squares of approximately 22% on log LOS and 37%
on log total charges. The transformed coefficient estimates

Table 2 Summary of characteristics of prevalence breast cancer group with comorbidities
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(i.e., exponential transform of the log coefficient) are
presented in Table 4. It should be noted that most of the
interaction terms for breast cancer and a comorbid con-
dition are significant, which indicates that comorbid
conditions affect outcomes for breast cancer patients in
terms of both charges and LOS.

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 primary
diagnosis (or treatment), 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 suggesting
that the prevalence breast cancer patients are more similar to
the general population as seen in the descriptive analysis.

Considering independent disease (main effect), for the
primary breast cancer group hypertension, mental disorder,
and obesity reduced LOS but increased charges; while patients
with diabetes had 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 was the primary or the secondary reason for
hospitalization compared to only secondary condition (prima-
ry being breast cancer), patients stayed in the hospital longer.
In general, while patients diagnosed with breast cancer
(primary or prevalence) and comorbid conditions had a
shorter LOS, they had higher charges compared to patients
without either of these conditions. For example, patients with
primary breast cancer and secondary hypertension will stay
34.48% (i.e., 100%–(78.32%×88.79%×94.22%)) shorter time
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 100%-88.79%×94.22%=
16% for hypertension, 1.5% for diabetes, 19.7% for mental
disorder, and 9.9% for obesity. For total charges, hypertension
will decrease charges by 16.5%, 2.7% for mental disorder, and
0.3% for obesity, and there is there is no significant interaction
for diabetes.

In addition, a patient disposition, “Died” or “Transferred,”
has affected the 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 had a longer LOS
and higher total charges. For example, in the breast cancer
prevalence group (Table 4), transferred patients have 45.34%
longer LOS (assuming all other covariates are fixed) and a
24.52% increase in total charges. Patients who died during
hospitalization on average had a 3.62% shorter LOS with a
4.7% increase in total charges.

4.2.2 Understanding the effect of age on the relationship
between LOS (total charges) for breast cancer patient
with comorbidities

Different ages have different distributions on LOS and total
charges. Stratification of the population by age allows for a
more detailed analysis. For simplicity, we consider the
primary breast cancer group for the age stratified regression
analysis.

Tables 5 and 6 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

Table 3 Summary of characteristics of primary breast cancer group with comorbidities
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Table 5 Least squares regression results on LOS for general population with comorbidities by age

Table 4 Least squares regression on general population (prevalence vs. primary breast cancer)

1 In Tables 4 to 10, blank cells represent non-significant results
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condition, the first two columns give 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 summa-
rized 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 total charges).

The younger than 30 and older than 90 groups behave
very differently from other age groups, and they have a
relatively smaller number of samples. For patients younger
than 50, the total charges are higher if having breast cancer.
This is 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 hospital for about 17.1% (i.e., 117.1%–100%) longer time.
The difference decreases as the patient group gets older. In fact,
for older patients the LOS and total charges are lower in the
breast cancer group. And for those older than 90, there is no
significant difference in the total charges for the two cohorts.

For the general population, having hypertension (indepen-
dent or main effect) leads to lower LOS. Patient group ages 51
to 60 achieves the greatest difference, 15.1% (i.e., 100%-
84.9%) shorter time compared to the non-hypertensive
patient. Total charges for having hypertension are higher for
patients younger than 40 but lower for those older than 40.
From Tables 5 and 6, the coefficient estimate for hyperten-
sion follows a convex function for both regressions on LOS
and charges. That is, for patients between 50 and 70, the
difference in admission time and charges for hypertension
patients and non-hypertension patients are the largest.

For the primary breast cancer patient, 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 the
patient 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: For primary breast cancer patients
age 31 to 40, the admission time increased about 2% for those
patients with hypertension; and for patients ages 41 to 50, the

total charges increased by 5% for those patients with
hypertension as a comorbid condition to breast cancer.

In the general population, the effect of diabetes is similar
to hypertension. The coefficient also follows a convex
function, i.e., patients age 51 to 60 have the largest dif-
ference 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 is almost no difference in admission time 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 increased by 22% (i.e., 97.7%×124.9%-
100%) in admission time.

For mental disorder, the effect on LOS and charges have
different patterns. LOS is shorter for mental disorder
patients, but the magnitude of the difference decreases as
the age group gets older. In contrast, charges for mental
disorder patients in younger groups are higher than 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,
generally having 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 50–70 years old with an almost
9% decrease. Charges for having obesity compared to non-
obesity are higher for younger patients and lower for older
patients. And the difference consistently decreases with age
groups. There is no significant difference in LOS for
patients older than 90. Few interaction terms are significant
for breast cancer with obesity. Notice only for patients over
90, having obesity almost doubled LOS (i.e., 227.5%-
100%) for primary breast cancer groups.

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

Table 6 Least squares regression results on total charges for general population with comorbidities by age
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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
on total charges consistently decrease with patient age.

4.3 Logistic regression on patient disposition:
Characterizing the probability of mortality (transferred)
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. We also
compare the effect on the general population and the
primary breast cancer group. Since most of the interaction
terms of breast cancer and comorbidities for general
population are not significant, we do not include the
interactions in these regression models. The results of odds
ratio and p-value are summarized in Table 7 on “Died” and
Table 8 on “Transferred.” Odds ratio is a measure to describe
if an event is more or less likely to occur when the binary
variable equals one.

The last column summarized the Max-rescaled R-squares
for each logistic regression. In general, the Hosmer-Lemeshow
goodness-of-fit test is significant for general population, which
is common in literature [1] due to the large size of the dataset.
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 lower mortality probability for
general population (Odds Ratio<1) but higher for breast
cancer group (Odds Ratio>1). The odds ratio of LOS on
Transferred are greater than 1 for both general and breast
cancer groups.

As shown in Table 7, 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 the 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.

As shown in Table 8, patients with either diabetes or
mental disorder have a higher probability of being
transferred. This is 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, often undiagnosed, or are
in the later stages when diagnosed.

From logistic regression results we can see that comorbid-
ities affect patient disposition, especially mental disorder and
diabetes for older patients. These comorbidities increase the
chance of being transferred and thus real LOS and total
charges cannot be observed.

Table 7 Logistic regression results on Died
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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 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 because
the LOS variable is biased as patients are transferred to other
facilities. Treating transferred patients as censoring makes it
possible to more accurately study the impact of the comor-
bidities 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.

4.4.1 Accelerated failure time model: a parametric model

Weibull, log normal, and log logistic distributions are fitted
to the parametric regression models. The results for
comorbidities are summarized in Table 9. The estimate for
the 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 indepen-

dent diseases are significant as well as the interaction
terms except for obesity, which is consistent with earlier
analysis.

It is difficult to determine which parametric distribution
fits the model best without observing the distribution for the
error terms. For this very large dataset, it is challenging to
plot the actual distribution. Hence, we compare the maxi-
mum likelihood estimates to select among the models and
the log normal maximizes the MLE. It is assumed that the
error terms follow a normal distribution.

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 in the other two. This could be explained by
the fact that mental disorder carried most censoring
information and thus it is most sensitive to different
distribution assumptions.

4.4.2 Proportional hazards model: semi-parametric
assumption

The results for the proportional hazards model are summa-
rized in Table 10. The first column summarizes the estimates
for the coefficient of covariates α, β, and γ as in Eq. 6. The
second column is the p-value corresponding to each estimate.
The third column is the hazard ratio summary, which is the
exponential of the coefficient estimate. The hazard ratio

Table 8 Logistic regression results on transferred
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Table 10 Comparison of results for proportional hazards model and ordinary regression model

Table 9 Results for accelerated failure time model
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represents the hazards of the event with the binary covariate
being one or one unit increase in continuous variable while
keeping other covariates fixed. For example, the hazard ratio
of β1 (the first element in the vector β) shows the 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 patient.
In this study, hazard refers to the “hazard” of leaving hospital
instead of death, i.e., the conditional probability of leaving
the hospital given that the patient has not left the hospital
prior to time t.

In order to compare the results with ordinary regression
results, we run another stepwise regression on LOS for the
same population (survived group) as the proportional
hazards model and summarize the result in Table 10. In
this model the hazards of race Hispanic and Asian or
Pacific Islander are not significantly different from race
group 6: other. In ordinary regression, being Hispanic
increases LOS by 3.5% (i.e., 1.035-1) compared to “other.”
Most interesting, 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 a significantly different impact
on LOS as compared to other.

The effect of individual disease on LOS is similar in the
two models. Each independent disease increased the hazard
of leaving hospital and thus had 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. As in 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 interaction terms
of breast cancer with obesity are not significant in both
models. Thus we only compare the other three conditions.
Having hypertension for primary breast cancer patients
increased the hazard of leaving hospital by 36% (i.e.,
1.204×1.131-1) and in ordinary regression, admission time
was shortened by 18.7% (i.e., 1- 0.867×0.935). So these
two results correspond. Similarly for diabetes, survival
model gives 1.4% increase in hazard and ordinary regres-
sion has about 2% decrease in LOS. However, the case of
mental disorder is a different story. In proportional hazards
model, comorbid with mental disorder for primary breast
cancer patient decreased the hazard by 2.8% (i.e., 1–
1.047×0.928). This implies a breast cancer patient having
mental disorder stayed in the hospital for a longer time than
a breast cancer patient without the comorbid condition. In
contrast, in the ordinary regression models, the LOS with
mental disorder present for breast cancer patient decreased

by 2% (i.e., 1-0.9145×1.0712). The logistic regression
analysis on transferred found that mental disorder 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 not
losing the information from censoring, the survival models
will tell the story more completely, especially when the
distribution for LOS is not seen from the large dataset.

Survival analysis has shown that censoring matters
greatly in the study of patient LOS, particularly for mental
disorder patients who have 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.

5 Discussion

We used several statistical models to analyze the impact of
comorbidities on breast cancer patient outcomes, including
patient length of stay, total charges, and disposition.
Descriptive statistics 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.

The ordinary least squares regression models help to
study the detailed impact adjusting for other effects. It has
shown that patients with hypertension generally have
shorter lengths of stay with lower total charges. We
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 we stratify the data
by different age groups. Obesity has limited impact on
length of stay and total charges, and the effect is similar on
the general population and 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 has increased the probability of
being transferred for primary breast cancer patients; thus
the effects on length of stay and total charges from the
regression results do not show the complete picture.

When we incorporate survival models with “transferred”
as the censoring information we have different results. In
the proportional hazards model mental disorder indeed
increases length of stay for breast cancer patients. It is
important to incorporate censoring into our regression
models since comorbidity (especially mental disorder) has
affected patient disposition and thus it also affects the true
observed admission time.
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As seen in our analyses, comorbid conditions will affect
length of stay and total charges for breast cancer patients,
and this can help inform the policymaker in predicting the
hospitalization patterns for breast cancer patients with
comorbidities. A summary of findings of the analyses is
presented in Table 11.

The aging of the United States population in conjunction
with our 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 [29–31]. At what point does a

person’s mortality risk from breast cancer exceed their
mortality risk from their co-morbid 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 a facility other then home, identifies areas for
which further study is needed in order to identify the causes

Outcome Groups Hypertension Diabetes Mental disorder Obesity

Length of stay Prevalence BC ↓ ↓ ↓ ↓

Primary BC ↓ ↓ ↓ ↓

18 to 30 ↓∆ – ↓ –

31 to 40 ↑ – ↓ ↓

41 to 50 ↓ ↑ ↓ –

51 to 60 ↓ ↓ –∆ –

61 to 70 – ↑ ↑ –

71 to 80 ↓ ↑ – –

81 to 90 – – ↑ ↓

Over 90 – ↑∆ – ↑∆
Survival Cox Model ↓ ↓ ↑ ↓

Total charges Prevalence BC ↓ ↓ ↓ ↑

Primary BC ↓ ↓ ↓ ↓

18 to 30 ↓∆ –∆ ↓∆ ↓∆
31 to 40 ↓ – ↓ –

41 to 50 ↑ – – –

51 to 60 – ↑ – –

61 to 70 – ↑ ↓ –

71 to 80 – ↑ ↓ –

81 to 90 – ↑ – –

Over 90 – – – –

Mortality 18 to 30 – – – –

31 to 40 – – ↓∆ –

41 to 50 ↓∆ – ↓ –

51 to 60 ↓ ↓ ↓ ↓

61 to 70 ↓ ↓∆ – ↓∆
71 to 80 ↓ – ↓ –

81 to 90 ↓ – – –

Over 90 – – – –

Transfer 18 to 30 – – – –

31 to 40 – – – –

41 to 50 – – – –

51 to 60 ↓∆ ↑∆ ↑ –

61 to 70 ↓ – – –

71 to 80 ↓ – ↑ –

81 to 90 ↓ – ↑∆ –

Over 90 – – ↑ –

Table 11 Summary of impact
of comorbidities for breast can-
cer patient outcomes

The table summarized the
impact on outcomes for breast
cancer patients with comorbid-
ities, not for general population

↓ = decrease in outcome; ↑ =
increase in outcome; − = same
effect as general population;

∆ represents the biggest
difference in outcome among all
age groups
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of the increased length of stay or barriers to discharge and
thus perhaps intervene and change those outcomes.

There are some limitations in our analysis based on the
dataset. Due to 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 twice or more
within the year) in the dataset. We checked for possible
duplicate situations by identifying zip code, income range,
and location, but could not conclusively identify duplica-
tion. So we assume there are no duplicate records. This
prohibits a more longitudinal analysis. We also have no
information regarding pre-existing conditions. Length of
stay and total charges may be affected by pre-existing
conditions that we are not able to identify in the data.

Another limitation as discussed above is that we assume
patients with zero length of stay to be half day. However,
this could introduce a bias in the analysis if patient actually
stays shorter or longer. There are 12,156 observations with
both zero length of stay and disposition of death with mean
charges of $13,802; and 18,828 observations with both zero
length of stay and disposition of transferred with mean
charges of $6,972.

Finally, we use naïve survival analysis in our study that
separates death and hospital stay as two events for the
survival analysis. This helps us to understand 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 addi-
tion, we will identify specific comorbid conditions in finer
detail to indicate the 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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