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RESEARCH ARTICLE
Model-Based Survival Estimates of Female Breast Cancer Data
Hafiz Mohammad Rafiqullah Khan1*, Anshul Saxena2, Kemesha Gabbidon2,
Sagar Rana3, Nasar Uddin Ahmed4
Abstract
Background: Statistical methods are very important to precisely measure breast cancer patient survival
times for healthcare management. Previous studies considered basic statistics to measure survival times without
incorporating statistical modeling strategies. The objective of this study was to develop a data-based statistical
probability model from the female breast cancer patients’ survival times by using the Bayesian approach to
predict future inferences of survival times. Materials and Methods: A random sample of 500 female patients was
selected from the Surveillance Epidemiology and End Results cancer registry database. For goodness of fit, the
standard model building criteria were used. The Bayesian approach is used to obtain the predictive survival times
from the data-based Exponentiated Exponential Model. Markov Chain Monte Carlo method was used to obtain
the summary results for predictive inference. Results: The highest number of female breast cancer patients was
found in California and the lowest in New Mexico. The majority of them were married. The mean (SD) age at
diagnosis (in years) was 60.92 (14.92). The mean (SD) survival time (in months) for female patients was 90.33
(83.10). The Exponentiated Exponential Model found better fits for the female survival times compared to the
Exponentiated Weibull Model. The Bayesian method is used to obtain predictive inference for future survival
times. Conclusions: The findings with the proposed modeling strategy will assist healthcare researchers and
providers to precisely predict future survival estimates as the recent growing challenges of analyzing healthcare
data have created new demand for model-based survival estimates. The application of Bayesian will produce
precise estimates of future survival times.
Keywords: Bayesian method - model development - predictive inference
Asian Pac J Cancer Prev, 15 (6), 2893-2900

Introduction
Globally, cancer has become a leading cause of death
in both developed and developing nations, accounting for
nearly 20% of all cause-specific mortality (WHO, 2013a).
It is the most common cause of death among economically
developed countries and the second most common cause
of death among developing nations (Jemal et al., 2011).
The survival rate for cancer in developing countries lags
behind that of developed nations due to numerous factors
that diminish life expectancy; these include poverty, poor
health care delivery, and late stage diagnosis (Jemal et al.,
2011). In the year 2012, cancer accounted for an estimated
8.2 million deaths worldwide and approximately 14.1
million new cases. About 32.6 million people were living
with cancer, diagnosed within 5 years of 2012. Of these,
breast cancer alone was responsible for 522,000 deaths
and 1.67 million new cases, making it the most prevalent
type of cancer. Furthermore, breast cancer is the deadliest
cancer among females aged 20-59 years worldwide (Ferlay
et al., 2013; WHO, 2013b).

Female breast cancer accounts for approximately 25%
of the total cancer cases and 14.3% of all cancer deaths.
Projections for new breast cancer cases (all ages) suggest
an 18% worldwide increase in 2020 as compared to 2012.
In the United States (U.S.), the projected number of new
cases for the year 2020 is 14.4% more than the estimated
new cases in 2012 (Ferlay et al., 2013). In addition, a
recent study reported a significant increasing trend of
overall annual percentage change (APC) in breast cancer
incidence rate from 2000 to 2009 in the U.S. Among
women aged 40-49 years, the overall APC was around
1.1% (p <0.001) for most race and ethnic categories (Hou
and Huo, 2013). With regards to race and ethnicity, white
women face a higher incidence of breast cancer than any
other racial or ethnic group at 417 cases per 100,000,
while black women reported the highest mortality rates
associated with breast cancer, demonstrating 171 cases
per 100,000 (White et al., 2013).
In addition to being the most common type of cancer
worldwide, breast cancer is also the most common cancer
among women in the U.S.; accounting for an estimated
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226,870 new cases and 39,510 deaths in the year 2012
(Siegel et al., 2012; ACS, 2013; USCS, 2013). In 2010,
the total cost associated with breast cancer was around
$16.5 billion as compared to the estimated $124.57 billion
total national expenditure on cancer care. Projected cost
scenarios for the year 2020 suggest medical expenditures
approximating $23.24 billion, making it the second largest
overall increase (32%) in medical expenditures related to
cancer care. The quality of life and healthcare costs are
related to the length of survival of breast cancer patients.
(Mariotto et al., 2011; Montero et al., 2012).
Approximately 2.6 million U.S. women with a history
of breast cancer were alive (survived) in January 2008,
more than half of whom were diagnosed less than 10 years
earlier (ACS, 2012). Moreover, 1 in 8 women in the United
States can expect to develop breast cancer over the course
of their entire life (ACS, 2012). The survival depends on
a multitude of factors and attributes which include early
detection, age of the person, obesity, socio-economic
status, stage of the cancer, type of cancer, overall health
of the person, access to the effective treatment modality,
and support during different stages of life after diagnosis
(Kwan et al., 2010; Protani et al., 2010; Peairs et al., 2011;
Sprague et al., 2011; Yang et al., 2011).
The guidelines for the screening of breast cancer are
updated periodically. The current guidelines recommend
that females aged between 20 and 39 years old consider
clinical breast examination (CBE) every 3 years. Women
40 and older, who do not currently show any symptoms,
should continue to receive a CBE annually along with
their periodic general medical examination (Smith et al.,
2013). Women with a familial history of breast cancer
should start screening regularly prior to age 40. Most
clinically recognizable signs and symptoms of breast
cancer appear in the advanced stages of the disease,
making it important to detect and diagnose breast cancer
early, in order to improve prognosis and better manage
the disease (Robertson et al., 2011; Smith et al., 2013).
There are several treatment options available for breast
cancer that include surgery, chemotherapy, radiation
therapy, hormonal therapy, bisphosphonates, and targeted
therapy (Goldhirsch et al., 2013; Khatcheressian et al.,
2013; NCI, 2013 Graham et al., 2014). i) Surgery (breastconserving therapy [BCT] or modified radical mastectomy
[MRM]), including radiotherapy is usually the standard
choice of treatment (Litiere et al., 2012; Goldhirsch et al.,
2013). The type of surgery used is predicated on the type
of breast cancer (NCI, 2013); (a) BCT is an operation
to remove the tumor without removing the affected
breast. The National Institute of Health recommends
breast conservation surgery for most women who are
in the early stages of breast cancer (White et al., 2013).
Lumpectomy and partial mastectomy with or without
lymph node dissection are types of breast conservation
surgery (Barton, 2013; Rao et al., 2013), (b) MRM is the
procedure to remove the entire affected breast along with
lymph nodes under the arm (Zurrida et al., 2011). Usually,
a sentinel lymph node biopsy is performed before surgery
and if cancer cells are found then surgery is conducted
(Giuliano et al., 2011 Feigelson et al., 2013; Graham
et al., 2014); ii) Chemotherapy also has a major role in
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this treatment. When chemotherapy is given before the
surgery, it reduces the amount of tissue to be removed
(Gampenrieder et al., 2013; Graham et al., 2014); iii)
radiation therapy uses high energy radiation which
kills or inhibits cancer cells from growing (NCI, 2013);
iv) hormonal therapy is the treatment which prevents
hormonal action and stops the growth of the cancer cells
(Burstein et al., 2010; NCI, 2013), and v) the targeted
therapy includes use of substances that identify and kill
cancer cells without harming normal cells. Monoclonal
antibodies and the tyrosine kinase inhibitors are the
main sources for targeted therapy (Weiner et al., 2010;
Gampenrieder et al., 2013; Goel et al., 2013; NCI, 2013).
After the diagnosis, breast cancer patients survive for
a specific time-period. The length of this period (years,
months, weeks, or days, etc.) is from the beginning
of follow-up until death due to cancer and is treated
as survival time. The survival time for each patient is
recorded. Recorded survival times for diagnosed cancer
patients are known as survival data. Analysis of survival
data is very important in assessing and monitoring the
progress of a patient’s cancer survival. For detailed
information on survival analysis, the reader can refer to
Kleinbaum and Klein (2012).
Hospitals and various cancer registries store and
record cancer survival data for future analytical purposes.
As survival data is collected through various different
sources, the outcome analysis differs based on the
application, analytic tools, and methods used. This type
of data however, requires new and innovative statistical
methods and analysis to understand their scientific
contribution. These statistical analyses can be used to
draw inferences about the existing survival data and its
probability model. Results from such analysis can help
investigators in identifying the factors, which contribute
to the poor prognosis of cancer. This method can also
be extended to study the survival of a patient at various
future time intervals, for example 1, 5 or 10 years cancer
survival rate. These models can also have various extended
applications such as, studying the recurrence rates of
cancers, comparing two treatments, finding an effective or
better treatment, and identifying factors that are affecting
the progression of disease. Thus, cancer survival analysis
using these techniques is an important application of
statistics in medicine. Medical professionals, public health
experts, and health policy majors can benefit from this
increased knowledge, and can properly allocate resources
necessary to improve the quality of life of cancer patients.
The high rates of disease burden worldwide demonstrate
the public health significance of predicting the survival
of breast cancer. However, there is currently not enough
research done to build predictive inferences for precisely
estimating survival days of cancer patients, especially
using information driven novel approach of the Bayesian
model. This paper addresses the need for a new approach
and its application in using real life data.
The healthcare data extracted from several lab
experiments and these data follow various right skewed
statistical probability distributions, for example:
exponential, gamma, Weibull, Exponentiated Exponential
(EE), and Exponentiated Weibull (EW). Statistical and

computational techniques are urgently needed to analyze
such data and to develop new scientific conclusions.
Among the various types of right skewed models,
the Exponentiated Exponential Model (EEM) and the
Exponentiated Weibull Model (EWM) are frequently
used in modeling the data from biomedical sciences. The
EEM is a generalization of the exponential distribution
and received tremendous and widespread attention (Gupta
and Kundu, 1999). The EEM has two parameters (scale
and shape, where α>0 is the shape parameter and λ>0
is the scale parameter). Moreover, it was observed that
many other properties of EEM are quite similar to that of
the Weibull family, suggesting the possible use of EEM
as an alternative of the EWM. It is also concluded that
certain findings from the exponentiated exponential (EE)
were a better fit to the data than the Weibull model (Gupta
and Kundu, 2001). The EWM has been extensively used
for analyzing survival data (Nassar and Eissa, 2003). It
is noted that when β=1, the EWM (where α>0 and β>0
are the shape parameters, and λ>0 is the scale parameter,
respectively) reduces to the EEM.
Predictive inference is a statistical inference where
existing data is available from numerous lab experiments
and future unavailable data is extracted by using
statistical novel methods. Among all those novel
methods, the Bayesian method is widely used to explore
the posterior probability for the parameters, as well as
future observations, for example for cancer incidence
(Jafari-Koshki et al., 2014), mortality (Liu et al., 2012)
or survival (Khan et al., 2014). In the Bayesian estimation
technique, model parameters and data are considered
random variables with joint probability distribution, which
is stated by a probabilistic model. In the Bayesian method,
data are considered as ‘observed variables’ and parameter
as ‘unobserved variables’, and multiplying likelihood and
prior gives the joint distribution of the parameters and
is called the posterior distribution. The ‘prior’ contains
the parameter value(s) information and later data is
investigated as a probability distribution, whereas, the
likelihood depends on the model of underlying process,
and is measured as a conditional distribution that specifies
the probability of the observed data, provided any certain
values for the parameters. Prior and likelihood combine all
the information that is necessary to make inferences about
the parameters. The purpose of the Bayesian inference
is to develop the posterior distribution of the parameters
given a set of observed data and to obtain future survival
estimates. For further information regarding the Bayesian
method, the readers are referred to Baghestani et al. (2009)
Khan, (2012a; 2012b; 2012c; 2012d; 2013a; 2013b), and
Khan et al., 2013), among others.
The main objectives of this paper are to i) study
demographic and socio-economic variables of the selected
breast cancer patients; ii) review the widely used right
skewed models EEM and EWM; iii) prove that the breast
cancer sample survival data follow a specific statistical
probability model by using model selection criteria for the
goodness of fit tests; iv) utilize a novel Bayesian analysis
to obtain the posterior distribution of the parameters; and
v) obtain the predictive inference for future survival times
and the likelihood of females getting breast cancer.
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Materials and Methods

We used the breast cancer patients’ data (N=657,712)
from the Surveillance, Epidemiology and End Results
(SEER; 1973-2009) website (SEER, 2013). SEER data
contain breast cancer patients’ information mostly from
12 states in the U.S. A stratified random sampling scheme
was employed to draw a sample from the randomly
selected nine states to represent race categories. The data
was stratified according to gender (males=4,269 and
females=653,443) and then a simple random sampling
(SRS) method was applied to select a sample of 500
females. Tables 1, Table 2 and Table 3 present the summary
results of the descriptive statistics based on the selected
patients.
Table 1. Frequency Distribution of Selected Female
Breast Cancer Patients
State		
Female
		
Count		 Percentage
California
Connecticut
Georgia
Hawaii
Iowa
Michigan
New Mexico
Utah
Washington
Total

85		
71		
34		
26		
72		
77		
17		
34		
84		
500		

17
14.2
6.8
5.2
14.4
15.4
3.4
6.8
16.8
100

Table 2. Age at Diagnosis and Survival Time of Female
Breast Cancer Patients, Classified by Mean, Standard
Deviation (SD), Median, Range, and Quartiles, SEER
(1973-2009)
Characteristics

Categories		

Age at diagnosis (years)

Mean		
SD		
Median		
Range		
Quartiles
Q1
		Q2
		Q3
Survival time (months)
Mean		
SD		
Median		
Range		
Quartiles
Q1
		Q2
		Q3

Female
60.9
14.9
62
26-97
50
62
72.8
90.3
83.1
82.5
1-430
31
82.5
142.8

Table 3. Race, Ethnicity, and Marital Status of Female
Breast Cancer Patients, SEER (1973-2009)
Characteristics

Categories

Race

White
Black
Other
Non-Hispanic
Hispanic
Single
Married
Divorced/Separated
Widowed
Unknown

Hispanic Origin
Marital status at diagnosis

Asian Pacific Journal of Cancer Prevention, Vol 15, 2014

Female
412
49
39
489
11
63
259
57
102
19
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Statistical Model Fitting

the EE and EW models. This is a common way to test
the goodness of fit models. Lower values of AIC, BIC,
and DIC infer better model fit of the data. Comparing
the estimated values of all AIC, BIC, and DIC based on
the EEM and EWM in the case of females, the EEM fits
better for the female survival times because it produces
smaller values of AIC, BIC, and DIC. Thus, for female
survival data fits better for EE distribution as compared
to EW distribution because estimated values of AIC, BIC,
and DIC generated smaller values by using the EEM.
In the Bayesian approach, the knowledge of the
distribution of the parameters is updated using the
observed data, resulting in what is known as the
posterior distribution of the parameters. In the case of
breast cancer data, we are interested in estimating the
posterior distribution of the parameters assuming that
observed random variables form an appropriate theoretical
probability distribution. It is observed that the EE fits the
breast cancer survival data; we therefore, attempt to obtain
the posterior summary results for the parameters and their
probability distributions.
The results of the posterior distribution parameters α
and λ are estimated using the Markov Chain Monte Carlo
(MCMC) method. MCMC is a class of algorithms used
in statistics for generating samples from a probability
distribution (Gilks et al., 1996). The log-likelihood
function is derived from the EEM and then its parameter
values are assigned to the appropriate theoretical
probability distributions. The WinBugs software (MRC
Biostatistics Unit, 2013) is used to obtain the summary
results (Mean, SD, Median, and Confidence intervals) of
the parameters. The early iterations are ignored in order to
remove any biases of estimated values of the parameters
resulting from the survival times to initialize the chain, a
process that is called burn-in. After removing the burnin samples, the remaining samples are treated as if the
samples are from the original distribution. The procedure
was conducted by 80,000 Monte Carlo repetitions to
produce the inference for the posterior parameters in
Table 5. Figure 1 displays the graphical representation of
the parameters’ behavior in the case of the EEM based
on the female survival data. After 80,000 Monte Carlo
repetitions, it is noted that the shape parameter plays
approximately symmetrical distribution.

There are many methods available to measure
the goodness of fit of each model. The most popular
methods currently used by several researchers to compare
various models are Akaike Information Criterion (AIC),
Deviance Information Criterion (DIC), and Bayesian
Information Criterion (BIC). The widely used method,
DIC, is a Bayesian measure of fit, which is used for
overall comparison of different models, for example,
public data (Congdon, 2007). As a criterion, it uses
model fit and complexity. It shows how good the model
predictions fit the given data, while it represents the
complexity of fitness given each model of the data.
Although, DIC is used as the global fitness of model,
it can also be partitioned to understand more details
of model inadequacy (Spiegelhalter et al., 2002). The
values of DIC can be positive as well as negative and
models with lower values are considered better. Besides
DIC, effective numbers of parameters is considered the
secondary criterion of goodness of fit. (Akaike, 1973),
generalized his work over factor analysis and time series
analysis by introducing information criterion, which later
became popular as Akaike’s information criterion or AIC.
Sakamoto, Kitagawa and Ishiguro (1986), students of
Akaike, gave many interesting examples using AIC in
a book named Akaike Information Criterion Statistics.
Compared to cross-validation, AIC was superior in terms
of originality. During that time, the maximum likelihood
method was more popular among statisticians and AIC is
quite closer to the maximum likelihood method. AIC could
be applied to the results without any additional calculation.
Akaike and his colleagues effectively combined the AIC
to Bayesian framework in 1977 and 1978. DIC is similar
to AIC and provide the same results as AIC when models
with only fixed effects are fitted. The Bayesian Information
Criterion (BIC) is an asymptotic result assuming that the
data distribution is an exponential family and can only be
used to compare estimated models when numerical values
of the dependent variable are identical for all estimates
being compared. The BIC penalizes free parameters more
than AIC. As in AIC, when given any two estimated
models, the model with lower value of BIC is preferred
over others. AIC, BIC, and DIC values are reported in
Table 4 for the EEM and EWM based on the female
survival times.
Table 4. Selection of The Exponentiated Exponential
A new reparameterization method of the parameters
Model on the Basis of AIC, BIC, and DIC Criterions
was used for the Birnbaum-Saunders Lifetime Model
Statistical Models
(Ahmed et al., 2008). One may utilize a reparameterization
Criterions
EEM
EWM
method by considering the log-likelihood function
AIC
5601.71
5722.18
from the EEM. Assuming the data X=(X1, X2, ..., Xn)
BIC
5608.14
5734.82
represents n breast cancer patients’ survival times, then
DIC
5599.69
5718.3
a reparameterization method may be applied considering
100.0
the log-likelihood function from the EEM.
Table 5.6.3
Summary10.1
Results of
the Posterior Parameters
20.3
Similarly, one may obtain the log-likelihood function
in the Case of Best Fit Exponentiated Exponential
from the EWM. By using the reparameterization method,
25.0 Data
75.0Model for Female Breast Cancer Survival
one would obtain better performance of the posterior
Node
Mean
SD
Median 95% Confidence
Iterative
distribution for the parameters. The following Table 4
46.8
				
interval
sample
56.3
presents the selection of EEM compared to EWM on the
1.233)
80,000
50.0alpha 1.102 0.06445 1.10154.2 (0.9804,31.3
basis of AIC, BIC, and DIC criterions.
lambda 0.0107 6.01×10-4 0.01069 (0.009546, 0.0119) 80,000
Table 4 consists of AIC, BIC, and DIC values for
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25.0
31.3

38.0
23.7

31.3

30.0

33.1
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Results
Due to the current economic crisis, health care
costs are constantly increasing at an alarming rate. It is
important for health care researchers and providers to
identify populations at risk of acquiring diseases. The
challenge is to identify and provide intervention without
significantly increasing the cost of diagnosis or treatment,
while the population is healthy or asymptomatic. Recently,
predictive inference has been the popular technique to
conduct high-risk assessments at low costs. Health care
providers and researchers also use the predictive inference
to improve current health care services.
Predictive inference applies to available healthcare
data, for instance, it can be used to identify people who
have high medical need and are ‘at risk’ for above-average
future medical service utilization. To date, there is no
standardized process to address this problem; however,
there is a novel Bayesian method, which can predict
the breast cancer survival times based on the past data
collected from patients.
The Bayesian predictive method is growing more
popular, finding new practical applications in the fields
of health sciences, engineering, environmental sciences,
business, economics, and social sciences, among others.
The Bayesian predictive approach, which is used for the
design and analysis of survival research studies in the
health sciences, is now widely used to reduce healthcare
cost and to successfully allocate health care resources.
For more about Bayesian predictive approach see (Khan
et al. (2010; 2011a; 2011b).
In this section, a predictive survival inference
for the breast cancer patients is developed by using
a novel Bayesian method. It is found that the female
cancer patients’ survival data follow the EEM by using
the criterions AIC, BIC, and DIC. In this section by
considering the female survival times, which constitute
the EEM, the predictive inference for future survival

Table 6. Summary Results of Predictive Inference for
the Female Breast Cancer Survival Data
Summary statistics
Predictive intervals
		
Mean=97.7451
SE=4.04025

*SE=Standard Error

90%: (4.510940, 301.187675)
95%: (3.285315, 371.157430)
98%: (2.024840, 415.134570)
99%: (1.727886, 446.996028)

Predictive skewness
and kurtosis
b1=2.52878
b1=5.86616
U1=1.59021
U2=2.86616

model is discussed.
Assuming the data X=(X1, ..., Xn) represents n, female
breast cancer patient’s survival times, which follow
the EEM. The posterior probability can be defined by
multiplying the likelihood function and the prior density
for the parameters. Bayes and empirical Bayes estimates
of survival and hazard functions of a class of distribution
is discussed in details by Ahsanullah and Ahmed (2001).
Ahmed and Tomkins (1995) estimated lognormal mean by
making use of uncertain prior information. (Khan et al.,
2004; 2011b) derived the Bayesian predictive inference
from the Weibull Life Model by means of a conjugate
prior distribution for the scale parameter and a uniform
prior distribution for the shape parameter. Considering the
assumption from Khan et al. about the prior knowledge
of the parameters, we obtained summary of the predictive
results for future survival times.
A numerical integration command ‘NIntegrate’ in
conjunction with the symbolic computational software
Mathematica version 8.0, Wolfram Research (2012), is
applied to obtain the predictive results. The Mathematica
package is also utilized to carry out all related calculations.
The summary results of female predictive mean,
standard error, and predictive intervals for future
survival time are given in Table 6. The predictive shape
characteristics i.e., the estimated values of skewness, and
kurtosis are also presented in the same table. Based on the
results one would conclude that the predictive probability
model forms a right skewed model.
These findings are important for health care researchers
and providers in order to characterize future disease
patterns, and to make effective future plans in our
healthcare industry.

Discussion

Figure 1. Posterior Probability Distribution for the
Parameters in the Case of Best Fit Exponentiated
Exponential Model

There is a large amount of underutilized clinical data
available in the healthcare industry. This includes clinical,
imaging, biochemical, cellular, and genomic data, which
require newer and more advanced statistical analysis.
The implementation of newer analytical approaches is
necessary to identify statistical probability distributions
for drawing scientific conclusions about future patterns
and mortality rates of diseases.
We used statistical models for the breast cancer
patients’ survival data of patients diagnosed during
1973 to 2009 in the U.S., and determined the best fit
probability model by using the Bayesian method. We used
a representative sample consisting of 500 female breast
cancer patients diagnosed during 1973-2009. It is found
that the EEM best fits the female cancer survival data.
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The mean (SD) age at diagnosis for breast cancer
patients was 60.92 (14.92) years for females. The
minimum age at diagnosis for females was 26 years. In
the sample, the oldest female at the time of diagnosis was
97 years. The mean (SD) survival time for female cases
was 90.33 (83.10) months. In this sample, among 500
females, race was distributed as 82% White, nearly 10%
Black, and 8% listed as ‘other’. There were nearly 3%
people of Hispanic origin. The majority of these patients
were married.
Clinical features of the breast cancer showed that most
of the patients had tumor Grade I or II of either laterality.
Approximately 97% of the breast cancer diagnosis among
all the female samples was confirmed by histology and
more than 85% of the cases had malignancy in the breast
cancer tumor. In the selected sample, around 20% of the
patients died of breast cancer while others passed away
from unrelated causes.
It is found that the breast cancer data from the female
sample followed exponentiated exponential distribution
with the DIC value of 5599.69. The mean (SD) for and
values are 1.10 (0.06) and 0.01 (6.01×10-4), respectively.
The confidence intervals for posterior parameters are given
in Table 5. The dynamic probability distributions for each
of the parameters are reported in Figure 1 so that one can
observe the shape of the distributions. The predictive
mean survival time, standard error, predictive intervals,
and measures of skewness, and kurtosis are reported in
Table 6. Results show that the shape of the future survival
times follows a positive skewed distribution.
In the recent progress of biomedical science, huge
amounts of data have been collected from thousands of
subjects. Characteristics and disposition of scientific data
can be described by using various statistical probability
models. These models are crucial in making statistical
inferences about the parameters and future disease patterns
that affect health. Thus, these novel methods of making
statistical inferences can be very helpful in early diagnosis
and intervention planning.
We selected stratified random sample of breast cancer
patients from the SEER (1973-2009) database registry.
The methods for measuring the goodness of fit tests are
used to select the best statistical probability model for the
female based on breast cancer survival data. To develop
statistical probability model for survival days of females,
we used model selection criterions, AIC, BIC, and DIC to
measure the best fit to the breast cancer survival data. We
found that the EEM best fits the female survival data. A
detail analysis of the posterior models for the parameters
is described with their summary results.
The log-likelihood functions of both models EE and
EW are used to reparameterize the original parameters to
accelerate better performance of the Bayesian posterior
parameters and to draw its corresponding dynamic
probability distributions. The summary results of the
posterior parameters are reported by using the MCMC
method. The results are obtained after running 80,000
Monte Carlo repetitions.
A computational software package, ‘Mathematica
version 8.0’, is used to attain the future survival time and
also to obtain the related predictive inferences. WinBugs
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software is used to check the goodness of fit tests, to
obtain the summary results of the posterior parameters,
to determine the dynamic probability distributions of the
parameters, and also to carry out all related calculations.
The predictive mean, standard error, predictive
intervals, and measures of skewness and kurtosis are
reported for the future survival time. Based on the
results of skewness and kurtosis one would comment
that the shape of the future survival model for the female
is positively skewed. These findings will be extremely
helpful for the healthcare researchers and providers to
predict a patient’s possible future medical outcome given
the patient’s current state and past history. Thus, it will
effectively combine knowledge, discovery, and innovation
from the breast cancer patients on the basis of nine states
to provide an enhanced and improved rationale for the
diagnosis and treatment of breast cancer patients all over
the U.S.
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