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Abstract
Title of Dissertation: The Impact of Heterogeneity of Treatment Effect on Survival, Cost
Effectiveness, and Coverage of Androgen Deprivation Therapy in Metastatic Prostate
Cancer
Abdalla Aly, Doctor of Philosophy, 2015
Dissertation Directed by: C. Daniel Mullins, PhD
Pharmaceutical Health Services Research department

Background: Androgen deprivation therapy (ADT) is the standard of care for men with
androgen-sensitive Stage IV metastatic (S4M1) prostate cancer. There is a sizable degree
of variation in survival (2-4 years) among patients treated with ADT depending on
patient factors. It is not clear how this heterogeneity of treatment effect can impact cost
effectiveness and payer decision making in oncology. The study was conducted to
estimate the survival and cost effectiveness of ADT in men with incident S4M1 prostate
cancer across levels of Gleason score and age and to explore how payers use HTE
evidence when making coverage decisions in oncology.

Methods: Using Surveillance, Epidemiology, and End Results-Medicare datasets, we
estimated stratified hazard ratios (HR) and adjusted median survival using inverse
probability of treatment weighted Cox proportional hazard models. For cost analyses, we
used partitioned inverse probability of uncensored weighted generalized linear models to
estimate 3-year ADT costs. Incremental cost effectiveness ratios (ICERs) expressed as
$/life years gained (LYG) and bootstrapped confidence intervals were calculated.

Results: Among 4,691 S4M1 men, patients treated with ADT had a 52%, 39%, 59%, and
62% relative reduction in the risk of all-cause death in men aged 66-70, 71-75, 76-80, and
80+, respectively compared to untreated men. ADT provided overall survival benefit to
men with Gleason 7 (HR: 0.83; 95% confidence interval (CI): 0.63-1.02) and 8-10 (HR:
0.45; 95% CI: 0.41-0.50). The ICER in $/LYG of ADT ranged from $5,806 (95% CI: 4,007-15,929) in 80+ age subgroup to $15,615 (95% CI: -49-37,376) in the 71-75 age
subgroup and $24,155 (95% CI: 13,953-34,975) in the Gleason 8-10 subgroup to $39,630
(95% CI: -61-98,505) in the Gleason 7 subgroup. Payers cited multiple factors that may
impact the use of HTE evidence into coverage policy, especially the Food and Drug
Administration label.

Conclusions: ADT provided survival benefit to all subgroups except men with Gleason
2-6. ADT was cost effective in all men with S4M1 prostate cancer at a willingness-to-pay
threshold of $50,000/LYG, with the greatest uncertainty in men with Gleason 7. Many
factors determined payers’ ability to use HTE evidence to inform coverage policy.
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Overview
The lack of reliable patient-centered outcomes research for many oncology

treatments may potentially lead to uncertainty in clinical decision making by physicians
and suboptimal drug coverage decision making by insurers for their patients. Despite the
availability of many comparative effectiveness and cost effectiveness studies, most of the
evidence is based on population averages and few studies use sound statistical
methodologies to address issues of patient heterogeneity. Decision-makers use their
judgment to make individualized decisions that affect the respective patients. For
instance, physicians rely on their prior patient experiences to make tailored treatment
decisions for each individual patient that they see in their current practice or who they
will see in the future. Similarly, payers look at the overall effectiveness and value of
drugs to make coverage decisions and implement strategies to restrict access to specific
subpopulations who are expected not to benefit. Therefore, it is important to establish an
evidence base that appropriately assesses patient heterogeneity with respect to response
to treatment, known as heterogeneity of treatment effect (HTE), and disseminate such
evidence in a manner that is usable by decision makers to inform individualized treatment
decisions and coverage policy.
HTE refers to the non-random or systematic variability in the response to a
specific treatment among individuals given their observed characteristics. Kravitz et al.
define HTE as the ‘magnitude of the variation of individual treatment effects in the
population’1 and further explain that, in the presence of HTE, the modest average effects
realized in clinical trials and observational studies often reflect a mixture of patients
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where a group experiences the average effect, others experience less than the average
effect, while some others experience more than average effects, and some may even be
harmed by that treatment.1 Accounting for the heterogeneity in response to treatment
allows physicians to practice personalized medicine by targeting treatments to those
patients who will benefit most from it, while avoiding treatments in patients for whom
there is expected harm or no expected benefit. Physicians are primarily interested in
selecting the most effective treatment the first time they see their patient based on readily
available clinical information. Further, failing to account for HTE could mean that health
care payers may initially be paying for treatments that are ineffective and, in the long run,
payers may be paying for additional downstream costs attributed to initially ineffective or
harmful therapies. Health care payers are therefore requesting pharmacoeconomic
evidence that is representative of their beneficiaries to tailor coverage decisions for their
enrollees. Using metastatic prostate cancer as a case study, this dissertation examines
how patient heterogeneity affects response to androgen deprivation therapy (ADT)
among patients newly diagnosed with Stage 4 metastatic (S4M1) prostate cancer, how
patient heterogeneity affects the value (i.e., cost effectiveness) of ADT among incident
S4M1 prostate cancer patients, and how health care payers use HTE evidence when
setting coverage and reimbursement decisions. The empirical component of this study
uses the Surveillance Epidemiology and End Results (SEER) – Medicare linked datasets
and the qualitative component uses semi-structured in-depth key informant interviews
with payers.
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1.1 Objective
The overall objective of this dissertation is to focus on the phenomenon of HTE to
understand how HTE impacts the value of drugs and drug coverage decision-making
using S4M1 prostate cancer as a case study. More specifically, the aim is to derive
evidence regarding heterogeneity in the response to ADT in an effort to help identify
S4M1 prostate cancer patient subgroups that benefit most from ADT at diagnosis and for
whom ADT would therefore be most cost effective. Additionally, we aim to explore how
HTE evidence is used by health care payers to inform their coverage and reimbursement
decision-making policies for oncology treatments.

1.2 Central aims and hypotheses
This dissertation has 3 aims that stem from the overarching concept of HTE. The
central hypothesis is that in the real-world setting, response to ADT will vary between
different S4M1 prostate cancer patient subgroups, which in turn, can affect ADT’s cost
effectiveness across S4M1 prostate cancer patient subgroups. The degree to which
evidence of HTE is reviewed by health care payers when making coverage decisions will
depend on a myriad of factors, including the quality and magnitude of such evidence, the
cost implications and budget impact of making policies that reflect HTE, and the ability
to implement that evidence in the real world.
The SEER-Medicare linked datasets were used to achieve the quantitative aims of
the dissertation (AIM 1 and AIM 2). Finally, a series of key informant interviews were
conducted with healthcare payers across the US to achieve the qualitative aim of the
dissertation (AIM 3).
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1.2.1 Specific aims and hypotheses
The 3 aims and associated hypotheses are as follows:
1. AIM 1: To estimate the HTE associated with ADT receipt in elderly Medicare
beneficiaries newly diagnosed with S4M1 prostate cancer across levels of
Gleason score and age at diagnosis. Treatment effect is defined as the difference
in survival (overall survival (OS) and prostate cancer specific (PCSS)) between
treated and untreated patients.
Hypothesis 1: The survival benefit (OS and PCSS) associated with ADT
receipt is higher in patients with Gleason score 8 – 10.
Hypothesis 2: The survival benefit (OS and PCSS) associated with ADT
receipt is higher in patients with age ≥80 years at diagnosis.

2. AIM 2: To estimate the variation in the incremental cost effectiveness ratio
(ICER) of ADT for Medicare beneficiaries newly diagnosed with S4M1 prostate
cancer across subgroups defined by Gleason score and age at diagnosis.
Hypothesis 3: ADT is more cost effective in patients with higher Gleason
scores (ICERGS2-6 > ICERGS7 > ICERGS8-10).
Hypothesis 4: ADT is more cost effective in patients who are older
(ICERAGE66-70 > ICERAGE71-75 > ICERAGE76-80 > ICERAGE80+).

3. AIM 3: To explore how payers use HTE evidence in making coverage and
reimbursement decisions in the oncology setting.
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1.3 Rationale and Significance
In the clinical practice of oncology, a significant degree of uncertainty in decision
making exists, both at the physician level (for example, in terms of optimal utilization of
drugs for maximal benefit) and at the payer level (for example, in terms of drug coverage
decisions), due to relatively limited reliable patient-centered research in these areas.
Although randomized clinical trials (RCTs) are the gold standard in establishing efficacy
of treatments, the lack of patient heterogeneity within RCTs is one reason why results of
RCTs may not always be generalizable to the real-world patient population seen in the
broader community setting. In addition, there are relatively few comparative
effectiveness and cost effectiveness studies, and most of them are based on population
averages, with few addressing patient heterogeneity using sound statistical
methodologies. Given this, physicians then rely on their experience to make treatment
decisions at the individual patient level. Payers look at the overall effectiveness and value
of drugs to make coverage decisions, and may implement strategies to restrict drug access
to only certain subpopulations. When coverage is denied by a payer, the affected patient
may appeal the decision, leading to an individualized coverage decision that determines
whether or not the treatment in question is actually received by that particular individual
patient. Therefore, it is important to appropriately assess patient heterogeneity in terms of
response to treatments, or what is known as HTE, and to disseminate such information in
a manner that is usable by decision makers to inform individualized treatment and
coverage policy.
HTE refers to the non-random or systematic variation in the response to a specific
treatment among different individual patients conditional on their observed
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characteristics. Therefore, when HTE is present, the average effects of a treatment
realized in RCTs and observational studies often reflect a mixture of patients in which a
group experiences the average effect of the treatment, others experience less than the
average effect, some experience more than the average effect, and some may even be
harmed by the treatment. Thus, accounting for HTE in effectiveness and costeffectiveness studies is important for many stakeholders, ranging from health care
providers to insurers to relevant administrators.
With an explosion in new and emerging treatments in oncology, it is becoming
apparent that parameters relevant to HTE will assume an increasingly important role
when it comes to delivery of healthcare. First, patients are most interested in getting
personalized treatments that are specific to their needs and preferences. Patients want
more information about which drugs work best for their specific situation. Second,
oncologists want to practice more personalized medicine by targeting treatments to those
patients who are likely to benefit most, while avoiding treatments that may be of little net
clinical benefit or in fact may be harmful to the individual patient. Physicians are also
interested in selecting the right treatment the first time round based on readily available
clinical information. Third, failing to account for HTE could mean that health care payers
may initially be paying for treatments that are ineffective and, in the long run, they may
be paying for additional downstream costs attributed to initially ineffective or harmful
therapies. Health care payers are therefore requesting pharmacoeconomic evidence that is
representative of their beneficiaries to tailor coverage decisions for the appropriate
subpopulations. Finally, policy makers can formulate more effective policies to reduce
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wasteful spending in the health care system if they understand the prevalence and
distribution of HTE.

1.3.1 Prostate cancer case study
Prostate cancer represents a disease area in which HTE is particularly relevant.
First, prostate cancer is heterogeneous in terms of its underlying biology, but also with
respect to prognosis, treatment response, and long term outcomes. Second, with the
advent of relatively ‘routine’ prostate specific antigen (PSA) testing in the US over the
last two decades, there is increasing concern that prostate cancer is being over diagnosed
and over treated, thus potentially representing inefficient use of resources. Therefore,
identifying patients most likely to derive benefit from treatment would be highly relevant.
Third, most of the evidence in the literature regarding the efficacy and cost of ADT is
usually based on average estimates, which may not be applicable to the individual
patient. Fourth, clinical factors, such as Gleason score, have been used to aid in the
prognostication of prostate cancer, but their utility in predicting response to ADT needs
further clarification. Fifth, the relatively recent decision by the Centers for Medicare and
Medicaid Services to cover the cost of Sipuleucel-T for a subgroup of Medicare
beneficiaries (asymptomatic / minimally symptomatic metastatic castrate resistant
prostate cancer) highlights the need to take a closer look at how coverage and
reimbursement policies for costly anti-cancer therapies are made.
For the past 7 decades, ADT has been the first-line treatment for men with S4M1
prostate cancer. Although most men initially respond well to ADT, with improvement in
subjective and objective outcomes, all patients eventually develop castrate-resistant
prostate cancer (CRPC) with gonadal androgen ablation being no longer effective.
7

Therefore, patients who develop castration resistance (typically characterized by serial
increases in serum PSA levels and/or evidence of progression on radiographic evaluation
and/or development of symptoms) become candidates for additional treatments, including
second line hormonal therapies or chemotherapy. Prolonging survival is a clinically
relevant endpoint that physicians aim for when treating patients with S4M1 prostate
cancer. Therefore, it becomes important to identify factors that potentially contribute to
ADT-related HTE. Ideally, such information would be most useful to clinicians at the
very outset, or at least during earlier rather than later stages of the disease. Thus,
obtaining baseline measures that can predict response to ADT would be of great clinical
value. It is also important to know that type of information at the point of decision
making between physicians and their patients to allow for patients to know upfront their
clinical course of progression and incorporate their preferences in decision making. Not
only clinically relevant, but also from an economic standpoint, payers would also benefit
from baseline measures that predict response to ADT early in the course of treatment
since they would avoid paying for downstream costs associated with initially ineffective
therapies.
It is important to understand the cost patterns over the course of S4M1 prostate
cancer to allocate resources more efficiently. Additionally, in pharmacoeconomic
evaluations, the cost effectiveness of an intervention is often averaged over a population
of patients with a range of different characteristics. However, by estimating variation in
cost effectiveness across relevant patient clinical or demographic attributes, it is possible
to identify subgroups of patients for whom a given intervention is cost effective and those
for whom it is either less cost effective or not cost effective at all. Failing to account for
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subgroup differences in cost effectiveness could mean that health care payers may
initially be paying for treatments that are ineffective and, in the long run, payers may be
paying for additional downstream costs attributed to initially ineffective or harmful
therapies. Health care payers are therefore requesting pharmacoeconomic evidence that is
representative of their beneficiaries to tailor coverage decisions for their subpopulations.
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2 Background
Part of the Background section was submitted and has been published in Current
Opinion in Oncology concurrent with submission of this dissertation. In particular,
Figures 1, 2, and 3, Table 4 and most of text under sections 2.1.1 and 2.4.1 consist of
earlier versions of text and figures very similar to content in that article. I am the first
author on this paper (Reference: Understanding heterogeneity of treatment effect in
prostate cancer: 13 May 2015 - Volume 27 - Issue 3 - p 209-216. Wolters Kluwer Health
Lippincott Williams & Wilkins©).2

2.1 Heterogeneity of Treatment Effect
Key features in the definition of comparative effectiveness research (CER) have
been identified in an Institute of Medicine report on CER.3 In that report, Sox and
Greenfield state “Two key elements that are embedded in this definition are the direct
comparison of effective interventions and their study in patients who are typical of dayto-day clinical care. These features would ensure that the research would provide
information that decision makers need to know, as would a third feature, research
designed to identify the clinical characteristics that predict which intervention would be
most successful in an individual patient. The same research design would also help
policymakers by identifying subpopulations of patients that are more likely to benefit
from one intervention than the other.”4 As such, ideally CER should generate the
evidence necessary to target the best available treatments to the right patient at the right
time in the most appropriate setting.
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The inherent problem in conducting CER that is applicable to the individual
patient is that patients are heterogeneous in their characteristics. Without addressing
heterogeneity, consumers of the research results, such as health care payers and
physicians, can only make decisions based on a ‘one-size-fits-all’ concept. The problem
is further complicated because evidence available from RCTs does not typically reflect
scenarios and patient populations in the real-world setting. Therefore, while RCT remain
the most accepted and gold standard approach to establishing efficacy of treatments, the
lack of patient heterogeneity within RCTs is one reason why results of RCTs are not
always generalizable to the real-world patient.
For many years researchers have been advancing the science of pharmacokinetics
which looks at the absorption, distribution, metabolism, and elimination of drugs in the
body. These developments have led to breakthrough discoveries in the way the human
body affects a specific drug. For example, because of the variation in how our bodies
metabolize and eliminate drugs, pharmacokinetic scientists have been able to identify
patients who are characterized as having above or below average serum drug
concentrations based on their pharmacokinetic characteristics.5-7 This concept helps
clinical pharmacists with tailoring dosing schedules for their patients. However,
pharmacokinetics is only one side of the full picture of how the drug and body interact
with each other. The other side of the story lies in the field of pharmacodynamics.
Contrary to the science of pharmacokinetics which looks at how the human body affects
the drug, pharmacodynamics looks at how the drug affects the human body. In other
words, it gives the answer to the question ‘how does a patient respond to a particular
drug?’ Using the same logic, patients who metabolize or eliminate drugs differently are
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also expected to respond differently to a drug depending on their pharmacodynamic
characteristics. From here arises the concept of HTE.

2.1.1 Definitions of HTE
HTE has always been acknowledged in the field of medicine, at least in a broad
sense. As Sir William Osler (1849-1919), a well-known Canadian physician, said
“Variability is the law of life, and as no two faces are the same, so no two bodies are
alike, and no two individuals react alike and behave alike under the abnormal conditions
which we know as disease.” It is important to understand that patient heterogeneity,
ranging from demographic and behavioral factors to clinical factors, can affect health
outcomes in two different ways.2 First, patient characteristics can be an independent
predictor (i.e. prognostic) of the outcome. Second, patient characteristics can modify the
effectiveness of treatments they receive (i.e. predictive). The latter is often referred to as
HTE and will be the focus of this dissertation.
Most definitions cited for HTE in the literature take a somewhat general
approach. For example, Kravitz et al. define HTE as the “magnitude of the variation of
individual treatment effects in the population.” Kravitz et al. further explain that, when
HTE is present, the modest average effects realized in clinical trials and observational
studies often reflects a mixture of patients where a group experiences the average effect,
others experience less than the average effect, others experience more than average
effects, and some may even be harmed by that treatment.1 The authors also explain that
statistically, HTE is viewed as an interaction term between the patient effect and the
treatment effect in the context of a multivariable regression. In the absence of HTE, the
treatment effect is an additive function with respect to the patient effect. However, in the
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presence of HTE, the treatment effect is a multiplicative function with respect to the
patient effect. In other words, the relative impact of the treatment effect on the outcome is
different between different values of a covariate. The authors also explain that HTE can
also be defined as the standard deviation of the individual treatment effects across a
population.1 While these definitions and explanations of HTE are true in a broad sense,
there are some gaps in the definitions of HTE that need to be emphasized. This will serve
the groundwork for the working definition of HTE in the dissertation.
The first gap in these definitions is establishing what a ‘treatment effect’ means.
The term, ‘treatment effect,’ has gained great attention in the literature. According to the
Neyman-Rubin potential outcomes model, the treatment effect is defined as the causal
effect of the treatment on an outcome of interest.8 The treatment effect is estimated for
each individual in terms of two ‘potential outcomes.’ Each unit has one outcome that
would be observable if the individual was exposed to the treatment and another outcome
that would manifest if the individual was exposed to the control. The treatment effect is
the difference between these two potential outcomes. However, it is impossible to
actually observe an individual-level treatment effect because one individual can only
receive either the treatment or the control. Therefore, the treatment effect is alternatively
defined by the difference between the outcomes between those who receive a treatment
and those who do not receive the treatment after achieving randomization in the context
of clinical trials or randomization ex-post through statistical adjustments in observational
studies.2
Establishing the treatment effect is an important and a common exercise in
estimating the impact of treatment on outcomes, particularly in the analysis of
13

observational data. However, in estimating HTE from observational studies, many
authors do not properly estimate the treatment effect by not accounting for the
“background” effectiveness without treatment.9-11 This concept is demonstrated in
Figures 1 and 2. After accounting for the outcomes of the non-treatment group, Figure 1
presents a situation where there is no HTE and Figure 2 presents a situation where HTE is
present. Not accounting properly for the treatment effect may make a drug appear to be
more or less effective depending on the baseline risk of the subpopulation in question.2
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Figure 1. A graphical illustration of HTE: Absence of HTE
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Figure 2. A graphical illustration of HTE: Presence of HTE
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Second, understanding what type of heterogeneity is being referred to in HTE is
of importance to appropriately define HTE. Heterogeneity can be viewed as either
random or systematic. HTE is not a mere or random variation in response to treatment.
While variation in response to treatment is a necessary condition to satisfy HTE; it is not
sufficient. In order for HTE to hold true, there must be a non-random or systematic
variation in response to treatment.12 This systematic variation in response to treatment
can be manifested as a change in either magnitude and/or direction. A change in
magnitude of the treatment effect suggests a unidirectional change in the strength of
effect. For example, if a cancer treatment provides a favorable survival benefit to all
patients but provides even more benefit to patients who are older compared to younger
patients, then this is referred to a change in magnitude. A change in magnitude and
direction suggests a change in the trend of effect. For example, a cancer drug provides
survival benefit for younger patients but harms older patients. Both of these concepts are
illustrated in Figure 3.2
The concept of HTE is by no means foreign to physicians. Physicians almost
always acknowledge the fact that patients are different and that one drug that works for a
single patient may not work for all patients. The individual estimates of treatment effect
will inevitably vary randomly because some variation is normal and expected. The
question of HTE is whether there is variation above and beyond what would be expected
by chance and that is systematically related to an observed characteristic. Many
physicians acquire knowledge about how certain patients respond to treatments over time
and more often than not rely on their experience with patients whom they have seen in
the past to make tailored treatment decisions for patients they see in the future.13

17

Figure 3. Change in the magnitude of the treatment effect (Top graph) or change in
magnitude and direction of treatment effect (bottom graph)

Third, understanding what units are being compared with respect to the variation
is important. In the field of medicine, patient heterogeneity can be expressed in multiple
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ways. Most commonly, patient heterogeneity is represented as variations along a single
attribute such as differences in their sociodemographic, clinical, behavioral, and genetic
characteristics. It is also possible to represent variation along a composite measure such
as risk level. Although not as common, comparisons can also be made based on
individual patient characteristics (e.g., predictive modeling). It is how relevant these
comparisons are to the decision maker that will dictate how useful each method is. In this
dissertation, the focus is primarily on comparing response to treatment between different
subgroups.
My working definition of HTE for this dissertation is the non-random
pharmacodynamic variation in the direction and/or magnitude of treatment effect size
among subpopulations within a population. In line with Varadhan et al,14 we assume that
we have a binary subgrouping variable, X, (X = 0, 1). We also assume that the treatment
is denoted by a binary variable, T (T=1 for treatment, T=0 for no treatment). Also, let’s
denote Y to be the outcome of interest. For a single patient, the observed data is {Xi, Ti,
Yi}. The effect of T on Y (i.e., the treatment effect) is a comparison of the average of Y
when T=1 to when T=0. In other words, the average treatment effect θ=f(g(E[Y|T=0],
g(E[Y|T=1)). The average treatment effect represents the treatment effect in a population.
To estimate HTE, the average treatment should be estimated separately among subgroups
X=0 and X=1 producing stratified treatment effects where θ1=f(g(E[Y|T=0, X=0],
g(E[Y|T=1, X=0)) representing the treatment effect in subgroup X=0 and
θ2=f(g(E[Y|T=0, X=1], g(E[Y|T=1, X=1)) representing the treatment effect in subgroup
X=1. Statistically inferring HTE from stratified treatment effects (θ1 and θ2) needs a
cautious analytic approach. This is discussed in section 2.1.3.
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2.1.2 Assessments
HTE viewed, assessed, and estimated at the research phase should ideally inform
the decision-making processes by physicians, payers, and other users of that evidence. As
such, it becomes important to examine the different types of HTE assessments, how they
should be optimized, and how they affect decision making. In the extreme, and very rare,
case where an absolute definitive biomarker that is testable using a companion diagnostic
test can predict whether a patient will respond to treatment or not, it is quite
straightforward to conclude that this information is both valuable and usable by decision
makers. With perfect predictive power and no uncertainty, the decision to provide the
drug towards predicted responders and avoid the use of the drug in predicted nonresponders makes sense. However, the decision regarding whether or not to use the drug
is more difficult in the absence of a definitive biomarker. There are some factors that
physicians well know are less precise but still represent important and usable pieces of
information. These ‘less precise’ factors like sociodemographic and clinical factors have
been used by physicians in both formal and informal ways in the past to predict the
degree to which patients will respond to treatment. For the purposes of this dissertation,
the focus will be on these ‘less precise’ factors and their utility in decision making.
Generally, four types of HTE assessments can be identified (Figure 4). The first
type is the molecular assessment of HTE which examines how intracellular heterogeneity
(for example, intratumor heterogeneity) affects cellular response to treatment (for
example, overexpression of a cell surface protein).
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Figure 4. Mapping of the various HTE assessments to phases of research and decision
making
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These bench-side experiments can be controlled by the researcher and are usually
followed by clinical studies to demonstrate HTE in actual patients. The second type is the
physiologic assessment of HTE, which has been defined as ‘the variation in study
population characteristics, co-existing conditions, co-interventions, and outcomes that
may influence or modify the magnitude of the intervention measure of effect.’15 A third
type that which is less commonly addressed is value assessment of HTE, which I define
as the variability in the observed treatment effects that lead to variations in the value (cost
effectiveness) of treatment across subgroups of patients. Value assessment of HTE
represents the heterogeneity in the value of treatments conditional on HTE evidence.
Physiologic (or value) assessments of HTE represent the real differences in response to
treatment (or cost effectiveness) between patients that one would hope to understand and
measure. A researcher would typically assess biologic or value HTE in a regression
framework. A challenge for the researcher is to be able to confidently attribute statistical
significance to physiologic or value HTE and not due to chance or error.
False conclusions about biologic or value assessments of HTE and statistical
significance can occur in two ways referred to as type I and type II errors. Type I error is
inferring false-positive conclusions i.e., the presence of statistical significance is
erroneously attributed to biologic HTE where in fact it was due to chance or bias. Type II
error is inferring false-negative conclusions i.e. the absence of statistical significance is
erroneously attributed to chance or bias where in fact it was due to the lack of biologic
HTE. A fourth type of heterogeneity assessment is the decision assessment of HTE and
can be defined as the variability in the observed treatment effects and/or value of
treatments across subgroups of patients that lead to variations in the decisions by various
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decision making bodies. It is important to put these four assessments of HTE in a
systematic framework if researchers can produce HTE evidence that is usable by decision
making entities.

2.1.3 Estimation Methods
Estimating HTE is not a straightforward task and requires a lot of careful
planning, analysis, and reporting. There are many methods that can be used for estimating
THE. A review of THE methods by Wilke et al. identified various methods including
subgroup analysis (SGA) of RCT, meta-analysis, predictive risk modeling, classification
and regression tree (CART) analysis, latent growth and growth mixture modeling, series
of n of 1 trials, quantile regression, and non-parametric methods.12 (Table 1 describes the
methods according to Wilke at al). The method of choice would depend on the level of
existing HTE evidence and the intent of the HTE analysis (e.g., exploratory or
confirmatory), data structure (e.g., RCT vs. observational studies), data size, sources of
HTE (e.g., observed vs. unobserved factors).
There is a lack of formal guidance on estimating HTE in observational studies.
However, there are some commentaries as well as some reports that represent current
opinion.14,16,17 For example, in the “Review of Guidance Documents for Selected
Methods in Patient Centered Outcomes Research: Standards in Addressing Heterogeneity
of Treatment Effectiveness in Observational and Experimental Patient Centered
Outcomes Research,”14 Varadhan et al. illustrate to the Patient Centered Outcomes
Research Institute that SGA are very valuable to estimate HTE in observational studies,
yet needs to be conducted appropriately by adhering to certain standards.
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Table 1. Methods for estimating HTE according to Wilke et al (Table adapted from
Wilke et al.12)
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These standards dictate how to appropriately choose potentially important subgroups,
accounting for problematic biases such as confounding by indication, measurement error,
and missing important variables. These biases and measurement errors can lead to Type I
and II errors and should be eliminated. Varadhan et al. explains, “Because heterogeneity
in observational studies can be due to chance or bias, investigators must evaluate the
observed HTE to determine whether a finding is indicative of true heterogeneity. To do
this, chance findings should be evaluated by testing for interaction; biases should be
avoided via adherence to sound study design principles and by evaluating balance on
covariates within subgroups to assess the potential for confounding.”14
According to Varadhan et al., there are generally two modelling approaches to
estimate HTE in the context of SGA.14 The first approach is to estimate the treatment
effect within subgroups of interest and test, using a Wald test, whether the difference
between the two stratified treatment effects (θ1 and θ2) is equal to zero. Using the same
notation as described earlier, the model and the null hypothesis for this approach are:
Model for subgroup X = 0:

g(E[Y | X=0, T]) = β0 + β1T + β2X

Model for subgroup X = 1:

g(E[Y | X=1, T]) = β0 + β1T + β2X

H0: θ2 - θ1 = 0, where: θ1 = f(g(E[Y|T=0, X=0], g(E[Y|T=1, X=0)), and
θ2 = f(g(E[Y|T=0, X=1], g(E[Y|T=1, X=1))
The second approach is to model an interaction term between the covariate of
interest and the treatment.14 Using the same notation as described earlier, the interaction
model and the null hypothesis for this approach are:
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Model for full sample (X=0, 1):

g(E[Y | X, T]) = β0 + β1T + β2X + β3T*X

The null hypothesis is H0: β3=0, where β3 = θ2 - θ1.
Using an interaction term has several advantages over estimating stratified effects.
An interaction test is simple to implement and can be used in situations where the
subgrouping variable is continuous or has more than two levels.

2.2 Prostate Cancer
Prostate cancer is the second most common cancer found in American men, after
skin cancer and the second leading cause of cancer death in men, after lung cancer.18 It is
estimated by the American Cancer Society that there are 220,800 new cases of prostate
cancer and 27,540 prostate cancer specific deaths in 2015 in the United States. In
addition, one man in seven had prostate cancer during his lifetime and one man in 38 die
of this disease in 2015.18 Factors that increase the risk of prostate cancer are many but
the strongest risk factor is age. The chance of getting prostate cancer rises noticeably
after a man reaches age 50 and two thirds of all cases are diagnosed at age 65 or older.
Another important risk factor is race. Prostate cancer is more common in AfricanAmerican men. When found in African Americans, the disease is more advanced and
chances of dying from the disease increases. Family history is also one of the strong
predictors of prostate cancer. Men with first-degree family members who have had
prostate cancer are more likely to develop prostate cancer than men who have no family
members with prostate cancer. Other factors include inherited genetic material, diet,
obesity, exercise, and Infection and inflammation of the prostate.19
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2.2.1 Diagnosis
The initial suspicion that a patient may have prostate cancer is primarily based on
two tests; the PSA blood test and the digital rectal examination (DRE). The PSA blood
test is a test that measures the PSA level in the blood. PSA is a substance that is normally
made by the prostate gland, however, overexpression of which may be due to an
abnormal prostate gland (e.g., benign prostatic hyperplasia, prostate gland infection, or
prostate cancer) or certain medical procedures and medications. A PSA blood level of ≤4
ng/ml is considered “normal.” However, 15% of patients with “normal” PSA blood level
are found to have prostate cancer on biopsies. The DRE is a test in which a healthcare
professional inserts a gloved and lubricated finger into the patient’s rectum to feel
abnormal lumps around the prostate and estimate the size of the prostate gland.
If the PSA and/or DRE tests are abnormal, then additional tests are used for the
definitive diagnosis of prostate cancer. Most commonly, a biopsy is needed to certainly
diagnose prostate cancer, sometimes under the guidance of a transrectal ultrasound. A
urologist inserts a needle and removes a small piece of prostate tissue to examine under
the microscope. The Gleason score is a score that reflects how different the cancerous
prostate tissue is from the normal prostate tissue. The more resemblance there is, the less
the score. Gleason grades range from 1 to 5. A pathologist examines samples of the
prostate tissue and will assign 2 numbers according to the 2 most common patterns
observed in the tissue sample. The Gleason score is the sum of both numbers, and hence
ranges from 2 – 10. Typically, scores in the range of 2–4 are considered welldifferentiated, 5-7 are considered moderately differentiated, and 8–10 are considered
poorly differentiated. Many urologists consider this grading system outdated and use a
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score of 2-6 to indicate well differentiated tumors, 7 to indicate moderately differentiated
tumors, and 8-10 to indicate poorly differentiated tumors. In general, the higher the score,
the more aggressive is the tumor, and the worse the prognosis.

2.2.2 Management
Prostate cancer can be managed by active surveillance or active treatment. Active
surveillance refers to the practice that allows a patient to be proactively monitored for
signs of disease progression with regular PSA tests and additional biopsies. Treatment is
initiated with the intent to cure the disease if the disease progresses. The primary aim of
active surveillance is to minimize the risk of over-treatment for patients with low- or very
low-risk disease.20 Active treatment options used in treating prostate cancer include
surgery, radiation therapy, hormone therapy, and chemotherapy. Surgery is one common
treatment option for men who are in good health. There are three main types of surgery;
Pelvic Lymphadenectomy, Radical Prostatectomy, and Transurethral Resection of the
Prostate (TURP). Pelvic Lymphadenectomy is a procedure that involves removing the
lymph nodes in the pelvis. Radical Prostatectomy involves removing the prostate,
surrounding tissue, and seminal vesicles. TURP uses a resectoscope to aid in the removal
of tissue from the prostate. Radiation therapy involves the use of radiation to kill cancer
cells and has two types; Internal Radiation Therapy and External Radiation Therapy. The
third active treatment option is hormonal therapy by using luteinizing hormone releasing
hormone agonists (LHRH), LHRH antagonists, steroidal anti-androgens, non-steroidal
antiandrogens, or estrogens. The fourth active treatment is chemotherapy which is
generally used in cases where the prostate becomes insensitive to the androgen ablation.
There are other less common treatment options available like cryosurgery, biologics,
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ultrasound, and proton beam therapy. Another option that is not considered as a
management strategy is watchful waiting which refers to the practice of omitting any type
of local intervention and initiating treatment (usually with hormonal therapy) only for
palliative purposes after significant disease progression.20
The management of prostate cancer depends on whether the disease is localized,
locally advanced, or metastatic (Table 2). Anatomic stages and prognostic groups in
prostate cancer are based from American Joint Committee on Cancer (AJCC Cancer
Staging Manual, 7th Edition, 2010).21 For clinically localized prostate cancer with low to
intermediate risk recurrence risk, active treatment is generally single modality therapy
with either radical prostatectomy or radiation. In patients with locally advanced prostate
cancer (LAPC) (i.e., T3b-T4 M0 or any T N1 M0 disease), it is unlikely that these
patients can be cured with single modality treatments. High risk LAPC (i.e., T3b-T4 M0
or any T N1 M0 disease, or the Gleason score is 8 to 10, or PSA>20 ng/mL) is unlikely to
be cured by surgery or radiation alone. Randomized studies have established that
treatment with external radiation plus androgen ADT provides better outcomes than
either external radiation or ADT alone in high risk LAPC patients with respect to local
control, disease free survival, and OS. The role of chemotherapy in LAPC has yet to be
defined. Finally, for S4M1 prostate cancer patients, the current initial standard treatment
is ADT, with immunotherapy and chemotherapy generally reserved for men who develop
CRPC.20
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Table 2. Anatomic stages and prognostic groups in prostate cancer (based from American
Joint Committee on Cancer (AJCC Cancer Staging Manual, 7th Edition, 2010).
Group T
T1a–c
I
T2a
T1-2a
T1a–c
IIA
T1a–c
T2a
T2a
T2b
T2b
T2c
IIB
T1-2
T1-2
T3a-b
III
T4
IV
Any T
Any T

N
N0
N0
N0
N0
N0
N0
N0
N0
N0
N0
N0
N0
N0
N0
N1
Any N

M
M0
M0
M0
M0
M0
M0
M0
M0
M0
M0
M0
M0
M0
M0
M0
M1

PSA
PSA < 10
PSA < 10
PSA X
PSA < 20
10 ≤ PSA < 20
10 ≤ PSA < 20
PSA < 20
PSA < 20
PSA X
Any PSA
PSA ≥ 20
Any PSA
Any PSA
Any PSA
Any PSA
Any PSA

Gleason
Gleason ≤ 6
Gleason ≤ 6
Gleason X
Gleason 7
Gleason ≤ 6
Gleason ≤ 6
Gleason 7
Gleason ≤ 7
Gleason X
Any Gleason
Any Gleason
Gleason > 8
Any Gleason
Any Gleason
Any Gleason
Any Gleason

2.2.2.1 Androgen Deprivation Therapy in Metastatic Prostate Cancer
Although ADT by itself does not cure prostate cancer, it has been the cornerstone
of treatment for many years for patients with S4M1 prostate cancer. ADT, also called
hormonal therapy, works by reducing the levels of androgens (male hormones) in the
body and therefore preventing their reach to the prostate. ADT can be achieved by
orchiectomy (surgical castration), LHRH agonists (medical castration), LHRH
antagonists, steroidal antiandrogens, non-steroidal antiandrogens, estrogens, and
ketoconazole.22,23 (Table 3)
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Table 3. Different forms of ADT with examples
Drug class
Estrogen agonists
LHRH agonists

Examples
Diethylstilbestrol
Buserelin
goserelin
histrelin
leuprorelin
triptorelin
Abarelix
LHRH antagonists
cetrorelix
degarelix
cyproterone acetate
Antiandrogens (steroidal)
megesterol acetate
medroxyprogesterone
Antiandrogens (non-steroidal) Bicalutamide
flutamide
nilutamide
Ketoconazole
Other
LHRH: Luteinizing Hormone Releasing Hormone
The American Society of Clinical Oncology (ASCO) guidelines recommend
medical castration with LHRH agonists or orchiectomy as the initial treatment for men
with symptomatic S4M1 prostate cancer.24 Orchiectomy is recommended for patients
with hormone-naïve S4M1 prostate cancer in whom a rapid decline in testosterone levels
is clinically necessary to prevent complications. Ketoconazole can be an alternative for
patients who are inoperable. Current ASCO guidelines suggest that non-steroidal
antiandrogens should be discussed as an alternative to castration therapy.24 Estrogens are
no longer standard hormonal therapy for S4M1 prostate cancer.25 The significant
cardiovascular mortality associated with diethyl stilbesterol (DES) has eliminated its
availability in the US for prostate cancer therapy. The role of ADT is not limited to
advanced stages of the disease. ADT is used for patients with biochemical failure after
surgery or radiation therapy, even in M0 patients. ADT is also being used as adjunct
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therapy for men with high-risk localized disease who are receiving radiation therapy or
had prostatectomy.22

2.3 Payer Coverage Decision Making
Health technology assessment (HTA) is the systematic evaluation of properties,
effects, and/or impacts of health care technology by multidisciplinary groups to inform
health care decision makers in health policy or practice.26 The ultimate purpose of HTA
is to inform and improve the decision making by users of HTA evidence such as
physicians and health care payers. Contrary to a physician who treats patients
individually, a health care payer in most cases makes coverage and reimbursement
decisions that affect all patients (plan members) in the form of coverage policies. In some
cases, payers may have to make decisions that are directed to specific groups of patients
in the form of restricted access programs (e.g., prior authorizations, step therapies,
clinical pathways) where patients are either steered towards or away from certain drugs.
Payers may also confront situations where they have to make decisions for individual
patients. This commonly arises in the form of a physician’s appeal to cover a drug for a
specific patient who initially did not meet the coverage criteria.
Eddy explains that there are two separate steps in making any decision.27 The first
step is to identify and evaluate the available evidence and determine the outcomes (for
example, efficacy, safety, and cost) of each of the treatments. This involves some sort of
scientific judgments on the quality/source of evidence. It aims at explaining what type of
conclusion the evidence supports. Before beginning that step, the input (i.e., evidence)
must be available to be reviewed. The second step is to compare the efficacy, safety, and
cost of the two treatments and decide which is the more desirable for the specific decision
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maker. Therefore, the second step applies personal preferences or value judgments on the
available evidence to reach at a final decision. It is ultimately the second step, value
judgments that lead different plans to different decisions regarding coverage and
reimbursement. After applying value judgments, the output of the 2 steps is the actual
decision. The same concept can be used as a platform for any decision. In the case of
subgroup coverage and reimbursement decisions, scientific judgment can be used to
evaluate the evidence of HTE and preference judgments can be used to make a coverage
determination.
When making coverage decisions, the payer appoints an advisory group
consisting of practicing physicians, pharmacists, and healthcare professionals, commonly
referred to as the Pharmacy and Therapeutics (P&T) committee, to make coverage and
formulary placement decisions. The P&T committee would meet regularly to review the
evidence on effectiveness, safety, and value of different treatments and make coverage
determinations. During that process, the group would engage in discussions and consider
many factors before they make a determination on whether a specific drug should be
covered for their plan members.
Based on Eddy’s conceptual analysis of the “anatomy of the decision,” the inputs
(i.e., the effectiveness and safety evidence, value) and the output (i.e., the coverage
decision) are considered to be somewhat transparent. For example, drug manufacturers
are required to submit the evidence in the form of the American Managed Care Pharmacy
(AMCP) format for formulary submissions. In terms of the decision, there is an
increasing availability of the coverage determinations or summary of meeting minutes on
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the web. However, it is how the evidence is synthesized and analyzed to lead to a
coverage decision is what is less transparent and considered to be a “black box.”

2.4 Literature Review
2.4.1 Heterogeneity of Treatment Effect of ADT
The effectiveness of ADT in advanced prostate cancer is heterogeneous and
ranges from as little as weeks to several years, with an overall median time of 18 to 30
months from diagnosis to death.28-31 About 10% of advanced prostate cancer patients
treated with ADT progress very quickly. One commonly used way in clinical practice to
monitor and assess response to ADT is to measure serum PSA levels after ADT initiation
and at certain time intervals (e.g., 3 and 6 months).32,33 Serum PSA levels are not specific
to prostate cancer, often occurring in other conditions like benign prostatic hyperplasia,
and therefore is not useful in predicting response to ADT. Other tumor biomarkers such
as alkaline phosphatase and tumor characteristics such as Gleason score have been
assessed as predictors of ADT duration of response. Results were contradicting, however.
Sociodemographic characteristics like age and race have also been researched but the
findings were inconclusive. To follow is a literature review of the studies that have been
conducted based on which the hypotheses where built. The literature review is organized
by the factor on which HTE is suspected.
2.4.1.1 Gleason Score at diagnosis
This section was published by myself, Abdalla Aly, in Current Opinion in
Oncology this year and an earlier version of the same text is reproduced here.2 We review
RCTs and observational studies that tested whether Gleason score has a role in predicting
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response to ADT in patients newly diagnosed with metastatic prostate cancer. We review
HTE evidence related to two outcomes relevant to this population: time to developing
CRPC and OS.
Although the majority of patients have a favorable response to ADT, most if not
all patients eventually develop CRPC with ADT being no longer effective. The majority
of patients with metastatic prostate cancer respond to ADT favorably with a median time
to develop CRPC of 12 - 33 months.34 However, 10% of metastatic prostate cancer
patients treated with ADT have an extremely short time to disease progression, lasting
from a few weeks to several months.35 A retrospective study that assessed whether time
to developing CRPC depended on pretreatment clinical factors was conducted using
patients in the Dana-Farber Cancer Institute.36 The median time to PSA progression from
ADT initiation was 15.9 months. The authors compared predictive factors for the efficacy
of ADT in men with hormone sensitive prostate cancer and concluded that men
diagnosed with biopsy Gleason score of 8 or more were twice as likely to develop CRPC
(as measured by PSA progression) compared to men with Gleason score of 6 or less. In
another study of Japanese patients with metastatic prostate cancer who received ADT
from 1998 to 2005, the median time to CRPC was 13 months.37 The multivariable Cox
model showed that men with Gleason score 8 or higher had a 36% relative increase in the
risk of developing CRPC compared to patients with Gleason score of 7 or less.
A relatively smaller study conducted by Oefelein et al. estimated the median time
to CRPC to be 24 months in 184 patients with metastatic prostate cancer.38 This study
found no value to Gleason score in predicting time to developing CRPC. In another
study, records from 150 patients with advanced or metastatic prostate cancer treated with
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ADT were retrospectively reviewed. Using two consecutive elevations of serum PSA
above the nadir value as a sign of progression to androgen independence, the authors
concluded that patients with Gleason score 7 or less experienced significantly longer time
to progression compared to those with Gleason score of 8-10. For each unit increase in
total Gleason score, the cumulative hazard of progressing to CRPC increased by almost
70%.39 Patients with Gleason score of 6 - 7 and 8 or more was 52.1 months and 25.2
months, respectively. (The median was not reached for patients with Gleason score less
than 6). A retrospective study by Figg et al. estimated the median time to develop CRPC
was 13 months in a cohort of men treated with ADT at the National Cancer Institute and
Louisiana State University School of Medicine.9 The median time to progression did not
differ significantly between men with Gleason score of 6 or below vs. 7 or greater.
Using a multi-center retrospective study design, medical records for patients
receiving ADT diagnosed with metastatic prostate cancer from 1989 through 2008 were
evaluated for predictive factors influencing initial response, duration of response, and
time to androgen independence. A total of 982 patients with complete medical records
from 18 centers were analyzed. Among all patients, 91.2% responded to ADT initially.
Among the 659 patients who progressed into a castration resistance state, the mean
duration of response was 22.4 months. Gleason score was found to be predictive of the
time to develop CRPC, where men with Gleason score 6 or less were 66% less likely to
develop CRPC compared to men with Gleason score 8 – 10.40 In summary, the majority
of articles have shown that men who received ADT with Gleason score of 8 – 10 have an
increased risk of developing CRPC compared to men with lower Gleason score.
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The median OS attributed to ADT in metastatic prostate cancer is heterogeneous
and ranges from 23 to 37 months from diagnosis to death.28-30 Byar and Green were the
first to explore whether HTE existed in response to ADT in a subgroup analysis
following the landmark Veteran's Administration Cooperative Urological Research
Group (VACURG) II trial which assessed the impact of three doses of diethylstilbestrol
(DES) on OS in patients with advanced prostate cancer.41 At that time DES was a
common option for advanced prostate cancer. Byar and Green modeled seven prognostic
factors including age, hemoglobin, and history of cardiovascular disease, performance
status, standardized weight, Gleason stage-grade category, and size of primary tumor.
Based on a test of interaction between Gleason stage-grade category, Byar and Green
found Gleason stage-grade category to be non-predictive of the survival benefit.
However, there is a great potential for identifying false positive interactions for many
reasons. First, trials are usually underpowered to identify real interactions. (Only 506
patients were included in the trial). Second, the aim of this analysis was to ‘identify
prognostic variables associated with OS,’ and therefore was a ‘hypothesis generation’
study as opposed to a ‘hypothesis testing’ study. In another post hoc analysis to the
VACURG I trial, Byar and Corle found that there was a survival benefit associated with
early initiation of ADT in younger men with high Gleason score.42 Using the South West
Oncology Group (SWOG) 8894 trial, Glass et al. have estimated the median survival to
be 32 months among 1,076 patients who were followed up for a median of 4.1 years.10
Men with Gleason score of 8 or more had a 13% relative increase in the risk of death
compared to patients with Gleason score of 8 or less.
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Figg et al. have showed that there is no relationship between Gleason score at
diagnosis and survival.9 They only examined this relationship among patients treated with
any form of ADT. The mean survival for Gleason score 2-4, 5-6, 7, and 8-10 was 28, 34,
33, and 28 months, respectively. In the multivariable model, there were no statistically
significant differences between patients with different Gleason scores. Similarly, in
retrospective designs, Oefelein et al. and Yossepowitc et al. found no association between
Gleason score and survival.38,43 In summary, most reviewed articles found no HTE of
ADT in survival. Table 4 provides a summary of the articles reviewed. This dissertation
is focused on mortality as an outcome and not castration-resistance. Table 4 also
summarizes findings with respect to whether HTE is prevalent when looking at time to
developing CRPC.
Table 4. Studies that assessed HTE of ADT with respect to Gleason score on time to
CRPC and death
Study

Study design

Time to CRPC
Benaim et
Retrospective
al.39
/ VA Medical
(2002)
center

No. of
patients;
median
follow up

Median
time to
event
(months)

HTE Analysis;
presentation

Gleason effect

150; 3.5

22.5

Multivariable
CPH model;
HR on Main
effect
Multivariable
CPH model;
HR on Main
effect
Multivariable
CPH model; P
value on the
coefficient on
Main effect

Positive; HR for TTP
for each additional unit
increase in Gleason
score was 1.68 (95% CI,
1.3–2.1)
No effect (Univariate
logistic model did not
justify entry into CPH
model); OR not reported
No effect; Estimated
relative risk and p value
for Gleason 6 or less (vs
Gleason 7 or more) was
1.06 and 0.81,
respectively.
Positive; HR for TTP
for Gleason 8 or more
(vs Gleason 6 or less)
was 1.99 (95% CI, 1.25–
3.17)

Oefelein et
al.38
(2002)

Retrospective
/ Communitybased patients

184; NR

24

Figg et al.9
(2004)

Retrospective
/ NCI and
LSU

141; NR

13

Ross et al.36
(2008)

Retrospective
/ Medical
oncology
practice

275; 5.1

16

Multivariable
CPH model;
Hazard Ratio
on Main effect
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Table 4 Continued
Divirk et
Retrospective
al.40
/ Multicenter
(2008)

Tomioka et
al.37
(2014)

Retrospective
/ Hospital

Time to Mortality
Byar and
RCT
Green41
(VACURG II)
(1980)

982; 1.8

22.4*

286; 3.9

13

506; 10

12

Multivariable
Logistic
regression
model; e(β)
and p value on
Main effect
Multivariable
CPH model;
Hazard Ratio
on Main effect

Positive; e(β) and p
value for TTP for
Gleason 7 or less (vs
Gleason 8 or more) was
0.338 and 0.018,
respectively.
Positive; HR for TTP
for Gleason 8 or more
(vs Gleason 7 or less)
was 1.36 (95% CI, 1.021.81),

Multivariable
CPH model;
Hazard Ratio
on the
Interaction
term
Multivariable
CPH model;
Hazard Ratio
on Main effect

No effect; HR on the
Gleason stage-grade
category-by-treatment
interaction term was not
significant and not
reported.
No effect (Univariate
CPH model did not
justify entry into
multivariable CPH
model); HR not reported
Positive; HR for
survival for Gleason 8 or
more (vs Gleason 7 or
less) was 1.13 (95%
CI,1.08–1.19)
No effect; p value for
Gleason 6 or less (vs
Gleason 7 or more) was
0.59.

Oefelein et
al.38
(2002)

Retrospective
/ Communitybased patients

184; NR

116

Glass et al.10
(2003)

RCT (SWOG
8894)

1,076; 4.1

32

Multivariable
CPH model;
Hazard Ratio
on Main effect

Figg et al.9
(2004)

Retrospective
/ NCI and
LSU

141; NR

26 (LSU)
38 (NCI)

Yossepowitc
et al.43
(2007)

Retrospective
/ Cancer
center

95; 7.1

79

Multivariable
CPH model; P
value on the
coefficient on
Main effect
Univariate
CPH

No effect; HR for
survival for Gleason 8 or
more (vs Gleason 6 or
less) was 1.2 (95%
CI,0.30–4.80)

HR: hazard ratio; CI: Confidence Interval; CPH: Cox proportional hazards; LSU:
Louisiana State University; NCI: National Cancer Institute; OR: Odds ratio (same table
as in Aly et al.2)
2.4.1.2 Age at diagnosis
As men age, the levels of free testosterone and luteinizing hormone decline. It has
been estimated that the average rate of decline of free testosterone and luteinizing
hormone is 1 and 1.3% per year, respectively.44,45 In addition, according to the Baltimore
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Longitudinal Study of Aging, 12%, 20%, 30%, and 50% of men in their 50s, 60s, 70s,
and 80s, respectively are hypogonadal, as defined by testosterone<11.3 nmol/L (325
ng/dL) or the free testosterone was less than 0.153 nmol/nmol.46 This information
suggests that as we age, the baseline level of androgens seems to be low. Low free
testosterone level has been associated with advanced pathologic stage.47,48
As a factor that predicts response to ADT, age was not studied as extensively as
other clinical factors. The VACURG RCT that assessed the impact of three doses of DES
on OS in patients with advanced prostate cancer was conducted by Byar and Green in
1980.41 At that time DES was a common option for advanced prostate cancer. Byar and
Green modeled seven prognostic factors including age, hemoglobin, and history of
cardiovascular disease, performance status, standardized weight, Gleason stage-grade
category, and size of primary tumor. They also modeled their treatment interactions to
examine HTE. All continuous covariates were categorized into multiple groups based on
clinically relevant cut points. Based on the conventional tests of interaction, Byar and
Green identified a significant treatment × age interaction at the 0.05 level. However, there
is a great potential for identifying false positive interactions for many reasons. First, trials
are usually underpowered to identify real interactions. (Only 506 patients were included
in the trial). Second, the aim of this trial was to ‘identify prognostic variables associated
with OS,’ and therefore was a ‘hypothesis generation’ study as opposed to a ‘hypothesis
testing’ study.
In a retrospective study of patients treated with ADT in a medical oncology
practice that compared predictive factors for the efficacy of ADT in men with hormone
sensitive prostate cancer, the authors concluded that lower biopsy Gleason score, the
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absence of metastasis, and lower serum PSA at ADT treatment initiation were all
associated with lower time to progression (TTP).36 In their multivariable analysis, age
was dichotomized at age 62 and was not significantly associated with TTP. In another
retrospective observational study that examined the predictive factors influencing initial
response, duration of response, and time to androgen independence for patients with
S4M1 prostate cancer, authors examined age as a factor that could predict response to
ADT and concluded that age does not predict initial response, duration of response, or
time to castration resistance.40

2.4.2 The Cost and Cost Effectiveness of ADT
There is sparse literature that addresses the variation in the cost effectiveness of
ADT by demographic and clinical variables that can be relevant to the payer decision
making. However, the literature is consistent in that the overall cost burden of ADT in
prostate cancer is high. Studies that attempted to estimate the cost of ADT either had
small sample size, did not control for confounding variables such as age and clinical
factors, focused only on initial treatment costs, or had very short follow up periods.
However, two relatively recent studies analyzed the cost of ADT using claims data. One
study reported that ADT costs the health care system twice as much compared to patients
who were not on ADT. Using Medicare claims from MarketScan Medicare Supplemental
and Coordination of Benefits Database, they report that the incremental cost of ADT was
$25,796 per person over 36 months.49 Another study used data from the Cancer of The
Prostate Strategic Urologic Research Endeavor (CAPSURE) disease registry to calculate
the cost of ADT and found that the average annual cost of ADT was the highest
compared to other treatments ($12,590). That study also reports the cumulative cost of
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ADT over the first 6 months of treatment ($8,760), subsequent 6 months ($6,019), and
over a follow up period of 5.5 years ($69,244).50
Several studies compared the cost effectiveness of individual ADT agents in the
late 1990s and early 2000s.51-54 In addition to the currently common ADT options such as
LHRH analogues, orchiectomy, and Non-Steroidal Anti Androgen (NSAA), DES was
also a common option for ADT in this period. Therefore, most of cost effectiveness
studies compared the value of DES, LHRH analogies, NSAA, and orchiectomy relative
to each other as single agents or as combination therapies. Bayoumi et al. and Fujikawa et
al. use Markov models to evaluate the cost effectiveness of ADT agents.51,54 Both studies
show that the use of DES is the least cost effective option. From a societal perspective,
Bayoumi et al. reports that while DES was the least expensive therapy ($3,600) and
imparted the lowest quality adjusted survival (4.6 quality adjusted life years (QALY)),
orchiectomy was associated with 5.1 QALYs and cost $7,000 resulting in an ICER of
$7,500/QALY relative to DES.51 Fujikawa et al. indicate that the cost/QALY of LHRH
therapy compared to DES is yen 4,288,295/QALY, which the authors consider to
represent a good value.54
When comparing the cost effectiveness of LHRH analogues (medical castration)
to orchiectomy (surgical castration), all studies indicate that medical castration cost more
than orchiectomy, however, the additional QALYs that medical castration provide
relative to surgical castration were conflicting. Bayoumi et al. conclude that LHRH costs
more and yields fewer QALYs compared to orchiectomy while Fujikawa et al. conclude
that while medical castration cost more it also provides more QALYs compared to
orchiectomy.51,54 Another study by Chon et al. evaluated the cost value of medical versus
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surgical hormonal therapy in the metastatic prostate cancer population.53 The authors
concluded that bilateral orchiectomy was cheaper ($2,022) than 30 months of medical
hormonal therapy ($13,620). All patients on medical hormonal therapy were surveyed
and unanimously agreed that it was worth $386 per month to avoid orchiectomy.
Part of the reason why there is a great deal of uncertainty in the cost effectiveness
estimates reported by authors is due to the variation in the sources of quality of life
estimates. A study by Bennett et al. found that the cost effectiveness of Flutamide varied
depending on the source of quality of life estimates.52 Using quality of life estimates from
the NCI (National Cancer Institute) 0036 clinical trial results, flutamide increased
survival by 4.33 quality adjusted months (QAM) ($25,000/QALY for minimal disease)
and survival increased by 4.11 QAM ($18,000/QALY gained for severe disease).
However, using estimates from the Prostate Cancer Trialists' Collaborative Group metaanalysis estimates increased survival by 2.1 QAM ($41,000/QALY for severe disease)
and increased by 2.6 QAM ($53,700/QALY for minimal disease).52

2.4.3 Coverage of Anticancer Drugs
There is a dearth of literature and recommendations that explore how HTA can be
used to inform coverage decisions at the population level.55-57 However, there is much
less attention given to how HTA can be used to inform individual- and subgroup-level
coverage decisions. The decision to provide drug coverage for a patient population
involves a set of criteria and processes employed in formulary assessments by health care
payers. Despite the fact that these criteria and processes have been adopted for a long
time, there are variations in the processes and criteria put in place in using HTA
information to arrive at coverage decisions by different payers. The literature provides
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some information on formulary reviews, types of evidence considered, timing for
reviews, and other specifics of the formulary decision-making process.58-62 Based on a
recent survey conducted to elicit payers’ perspectives on pharmaceutical technology
assessment,63 payers tend to use a variety of evidence when making coverage decisions.
Some use RCTs only, others use observational studies only, and many use a mix of both.
The value judgments they make to come to a final decision will depend on the types of
evidence they evaluate. Mostly, the main types of evidence are efficacy, safety, and cost
of the treatment under investigation. Cost-effectiveness is also variably reviewed by
payers. Additionally, heavily regulated plans such as Medicare would consider other
political and regulatory factors. Employer sponsored plans may consider other objectives
such as maintaining employee recruitment.
There is much less guidance in the literature about the methods/sources used to
make coverage and reimbursement decisions at the subgroup and individual levels. It
seems that there is no systematic framework that payers use to incorporate HTE evidence
in their coverage decisions. In fact, anecdotal evidence suggests that some plans do not
even account for heterogeneity of patient response to treatment in their decision making
process, which can leave people without coverage for the drug even if that was not the
intent of the plan. This becomes problematic particularly when dealing with chronic and
life-threatening diseases like cancer where treatments are in many cases costly and the
incremental effectiveness provided over the standard of treatment is modest. A good
example of this is sipuleucel-T in advanced prostate cancer. Sipuleucel-T is a
drug/vaccine for prostate cancer that costs $93,000 and is delivered as 3 intravenous
infusions 2 weeks apart. Initially, the Food and Drug Administration (FDA) decided not
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to approve sipuleucel-T for any stage based on uncertain effectiveness. With the
pressures of advocacy groups, FDA approved the drug with very little evidence. In the
approval trial, men with advanced prostate cancer who received sipuleucel-T lived a
median of 30 months (as compared to the placebo arm who lived a median of 26 months).
Currently, Medicare covers sipuleucel-T specifically for “Medicare beneficiaries with
asymptomatic or minimally symptomatic metastatic castrate-resistant (hormone
refractory) prostate cancer.” Another example is the biologic drug panitumumab for the
treatment of metastatic colorectal cancer. Panitumumab was evaluated for treatment of
metastatic colorectal cancer. The drug was rejected because of its similar efficacy to lowcost available chemotherapy. Response to antiepidermal growth factor receptor
antibodies is affected by whether the Kirsten Rat Sarcoma viral oncogene homolog
(KRAS) gene is mutated or not. Initial submission data revealed that patients with a
normal KRAS gene were more likely to benefit from panitumumab compared to patients
with a mutated KRAS gene. By 2008, panitumumab was approved for patients with a
normal KRAS. It becomes clear from these examples that providing drug coverage for a
certain subgroup appears to be dealt with in a case-by-case basis without a clear
systematic and transparent approach.
Despite the lack of systematic and transparent approach for addressing HTE,
strategies has historically been incorporated by health care payers in different ways to
restrict access to certain medications depending on an individual’s response. For
example, if a biomarker predicts whether a drug is expected not to work, the payer may
decide to pay for that test to determine whether the drug should be given or not.
Similarly, if a specific biomarker or gene predicts the duration of therapy, the payer
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would test that biomarker or gene and reimburse for the duration as indicated by the test
result. Additionally, step therapy edits have been used if a marker predicts which drugs
should be used first from several alternatives. Therefore, payers would reimburse based
on a heterogeneous fact. These are some of the strategies used by payers to restrict access
but very little in the literature has looked at how payers use the available HTE evidence
to make coverage and reimbursement decisions.
The more efficiently payers can formulate policies that help patients access
appropriate treatments and make the ‘right’ decisions for their healthcare, the better the
overall clinical and economic outcomes will be. However, making the right decision for
each individual will require time and monetary resources especially in the era of
searching for biomarkers that predict response to treatments. This is particularly relevant
in oncology since there are 112 genetic tests, of which 50 new tests have been introduced
since 2006.64 Understanding coverage decisions is also particularly relevant in oncology
because access to cancer medications through coverage has been documented to be a
critical factor in treatment and cancer care.65,66 Additionally, there has been lots of
political debate surrounding the coverage of anticancer medications and the uncertainty
associated with the value of oncology drugs.67
When effectively integrated and applied into coverage and reimbursement
decisions, HTE can help align the health care system to ensure delivery of high-quality
care to individuals who would benefit. Therefore, it is critical to understand the extent to
which payers review evidence regarding HTE when making coverage and reimbursement
decisions. It is also important to understand what factors go into making such decisions.
To maximize the utility of HTE evidence, two steps should be in place. First, deriving
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evidence on HTE and identifying which patient groups benefit most from a particular
drug and second, disseminating that information in a manner that is usable to the hands of
the decision makers at the point of decision making. Payers generally understand the
notion of individualized therapy but fail to administer their plans taking that into account.
Informing pharmacy and medical directors of this type of information can help them
tailor approaches to change pharmacy benefit design such that they can maximize value
with individual therapies towards specific patients.
There is an increasing interest in knowing how to use comparative effectiveness
and cost effectiveness evidence in making coverage decisions, understanding how
evidence can be used to advance personalized medicine in cancer therapy, and
establishing the needed evidence base. Previous work identified certain factors associated
with making coverage decisions for biomarkers or companion diagnostic tests that were
predictive of response. Trosman et al. state “a key approach private payers use to develop
coverage policies for novel technologies is considering both clinical evidence and health
care system factors. Policy variation may emerge from the range of factors used and
perception of the evidence.”68 Because genomic-based diagnostics have the potential to
save the health care system especially in a costly disease area like oncology, the clinical
utility of diagnostic tests to payers has been the focus of the research in this area.
However, there is a dearth of information, other than biomarkers, that can be used
to inform coverage policies. For example, clinical and sociodemographic factors can be
used, and have been used in the past, to tailor coverage of oncology drugs. For example,
performance status measures have been used by some insurers to restrict coverage for
abiraterone. Another example is belimumab used in systemic lupus erythematosus.
47

Belimumab has shown to provide disproportionate benefits depending on the patients. It
doesn’t work well in severe cases of the disease and doesn’t work well in African
Americans. Findings were inconclusive due to small sample sizes. In fact, the FDA label
cautions against its use in African Americans and requested further trial done exclusively
for African Americans. Based on a review of multiple coverage policies, it seems that
many payers cover it for African Americans despite its limited effectiveness until further
more definitive evidence is revealed.
There are many examples in oncology that warrant close attention. It is not
uncommon to find insurers paying for very expensive yet marginally effective anticancer
drugs particularly for those in whom there is expected benefit. There are a variety of
factors that payers consider before making a coverage determination and it becomes
important to understand how these factors interplay in a coverage decision making
context. With the large amounts of dollars being spent on cancer care, making the
coverage decision making process more systematic and transparent, and optimally
making use of the available evidence are key areas for making better coverage decisions.
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3 The Impact of Age and Gleason Score on the Survival Benefit
Associated with Androgen Deprivation Therapy among Patients
with Incident Metastatic Prostate Cancer
3.1 Introduction
ADT is the standard of care and first line treatment for men with hormone-sensitive
metastatic prostate cancer until progression to a castration-resistant state.24,69,70 There is a
sizable degree of variation in response to ADT with respect to initial response, duration
of response, and survival depending on patient characteristics.36,40,41,71,72 For example, 6%
to 14% of S4M1 prostate cancer patients treated with ADT progress to a castrate-resistant
state within a few weeks to several months, and the median OS of patients who received
ADT reported in RCTs ranged from 2 to 4 years.28-31
Given the significant variation in treatment response, it would aid a patient at
diagnosis to understand more about the likely impact of ADT on his time to progression
and survival, given his characteristics. In a decision-making context, a patient would
ideally determine whether ADT-related risks would outweigh the survival benefit, given
his preferences. Most analyses that examine the variation in response to treatment only
capture part of the “truth” – the treatment effect among the treated, thus providing an
incomplete assessment of the treatment effect.
The treatment effect is defined as the difference in the magnitude of an outcome
(e.g., survival in years) between treated and untreated patients. Therefore, the “net” effect
of the treatment has to account for the counterfactual scenario in which the treatment was
not administered.2 The non-random variation in the direction and/or magnitude of the
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treatment effect among a group of patients is commonly referred to as HTE.1 If more
evidence regarding HTE were available, medical oncologists could use specific patient
characteristics that are associated with HTE to help their patients make more informed
decisions regarding the treatments they receive.
The purpose of this study was to estimate the extent to which HTE exists in terms
of the survival (overall and prostate cancer-specific) benefit associated with ADT receipt
in men with incident S4M1 prostate cancer. Specifically, we explore age at diagnosis and
Gleason score as possible modifiers of the treatment effect of ADT resulting in HTE. It is
well documented that patients diagnosed with S4M1 prostate cancer at an older age
typically present with a more aggressive disease and poor survival.73-75 As men age, the
average rate of decline in free testosterone is 1% per year46 and studies suggest that lower
free testosterone levels are associated with advanced pathological stage76 and higher
tumor microvessel and androgen receptor density.77 Men diagnosed with higher Gleason
score similarly present with aggressive disease, in which the prostate cancer tissue
exhibits high proliferation, androgen receptor transactivation, and lower apoptosis.78,79
When estimating the treatment effect, the question becomes: “What is the relative
prognostic effect of age and Gleason score on survival in the treated and untreated
groups?” We hypothesized that patients who were greater than 80 years old at the time of
diagnosis or with Gleason score 8 – 10 derived a larger OS and PCSS benefit from ADT
compared to patients who were ≤80 years at diagnosis and with a Gleason score <8,
respectively.
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3.2 Patients and Methods
3.2.1 Data Source
We estimated the survival benefit of ADT using the SEER-Medicare linked
datasets that links information from the National Cancer Institute’s SEER cancer
registries and Medicare claims data from the Centers for Medicare and Medicaid
Services. The SEER program collects cancer incidence and mortality rates from 17 tumor
registries across the U.S. covering 28% of the U.S. population.80 The SEER data provides
clinical, demographic, and mortality information for patients diagnosed with cancer.
Medicare claims provide information on health care services, including diagnosis and
treatment services, which are provided to and covered for Medicare beneficiaries from
the time of Medicare eligibility until death. Please see Appendix 1 for more details.

3.2.2 Study Cohort
This study included incident cases of S4M1 prostate cancer among patients aged 66
years or older diagnosed between 2004 and 2009. Patients were required to have
continuous enrollment in Medicare Parts A and B in the year prior to S4M1 prostate
cancer diagnosis to assess baseline Charlson comorbidity index (CCI). Patients were
excluded from the final sample if they had a history of cancer in the five years prior to
S4M1 prostate cancer diagnosis, if their diagnosis month or year was unknown, had more
than one prostate cancer diagnosis on different dates, if they received a post mortem
prostate cancer diagnosis, if they received ADT more than 30 days before diagnosis or
more than 6 months after diagnosis, or if they had a missing Gleason score (Figure 5).
Please see Appendix 2 for more details on the study population.
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Figure 5. Cohort definition diagram
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3.2.3 Exposure, Covariate, and Endpoint Definition
ADT receipt was indicated by the presence of a claim of orchiectomy or LHRH
agonist (e.g., leuprolide, goserelin, or triptorelin) or LHRH antagonist (e.g., abarelix or
degarelix) with or without an antiandrogen (e.g., flutamide, bicalutamide, or nilutamide)
within 6 months after diagnosis. The mortality outcomes of interest included all-cause
death and prostate cancer-specific death. Covariates used in the model included
demographic variables (age at diagnosis, race/ethnicity, marital status, Census location,
urban residence), clinical variables (Charlson comorbidity Index, performance status
proxies), prostate cancer variables (PSA level at diagnosis, Gleason score at diagnosis,
tumor differentiation).

3.2.4 Statistical Analysis
We examined the frequency distributions between patient sociodemographic,
clinical, and prostate cancer-specific factors according to receipt of ADT. The Pearson χ2
test was used to statistically test for significance of differences in the frequency
distributions of categorical variables and differences in proportions. A P value <0.05 was
considered statistically significant in all analyses. We investigated heterogeneity in
overall and prostate cancer-specific survival attributed to ADT using an inverse
probability of treatment weighted (IPTW) multivariable Cox proportional hazards model
with ADT-by-subgroup interaction terms.81,82 The IPTW was obtained in a 2 stepprocess. We first estimated the propensity score using a logistic regression modeling the
probability of ADT receipt as the dependent variable. Then, the inverse of the propensity
score was used to weight the sample in a Cox proportional hazards model. Please see
Appendix 3 for more details on the propensity score model used to derive the IPTW.
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From that model, we presented HTE using two methods: 1) Kaplan-Meier survival curves
by subgroup to report IPTW weighted and covariate adjusted median survival by
subgroup and 2) Subgroup-specific hazard ratio (HR) on the treatment effect. All
treatment effect values were adjusted at the mode of each of the covariates. We used the
robust variance estimator of Lin and Wei to compute a variance estimate that provides
conservative confidence intervals. Please see Appendix 4 and 5 for an explanation of the
Cox proportional hazards model and diagnostic tests.
The cutoff of the subgroups was determined by clinical input and using an
algorithm developed by Royston and Sauerbrei that displays interactions (Appendix 6).
The study period started at S4M1 prostate cancer diagnosis and ended upon patient’s
death or censoring due to health maintenance organization (HMO) enrollment, Medicare
Parts A/B disenrollment, or December 31, 2010 (whichever occurred earlier). All
analyses were performed using SAS version 9.3 (SAS Institute, Cary, NC).

3.3 Results
3.3.1 Population Characteristics
After applying the inclusion and exclusion criteria, the final sample included
4,691 newly diagnosed S4M1 prostate cancer patients. In the study sample, 3,426 (73%)
men received ADT within the first 6 months of diagnosis and 1,265 (27%) men did not
receive any form of ADT during follow up (Table 5). Compared to non-ADT users, those
who received ADT were more likely to be younger (39% vs. 53% for 80+ group), of nonHispanic White background (79% vs. 72%), and married (62% vs. 51%). ADT users also
had less comorbidities (56% vs. 44% for CCI zero group), poor performance function
(25% vs. 32%), high PSA (88% vs. 83%), poorly differentiated tumor (69% vs. 38%),
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and higher Gleason score (53% vs. 27% for the 8-10 Gleason score group). Appendix 7
describes the cohort according to age and Gleason score. After applying IPTW, balance
was achieved between the ADT and non-ADT groups (Appendix 8).

Table 5. Demographic and clinical characteristics of men newly diagnosed with
metastatic prostate cancer, according to ADT receipt
No ADT
(n=1,265)
N
%
Age
66-70
71-75
76-80
80+
Race/Ethnicity
Non-Hispanic White
Non-Hispanic Black
Hispanic
Other
SEER registry Census location
Northeast
South
North Central
West
Married
Urban residence
Charlson Comorbidity Index
0
1
2
3+
Missing
Prediagnosis poor performance function
High PSA at baseline
Poorly differentiated tumor
Gleason score
2-6
7
8-10
Not ordered and not performed
Unknown or no information
Year of diagnosis
2004
2005
2006
2007
2008
2009

171
201
227
666

13.5
15.9
17.9
52.6

916 72.4
210 16.6
86 6.8
53 4.2

ADT
(n=3,426)
N
%
631
732
732
1,331

P

18.4
21.3
21.3
38.8 <0.001

230
235
176
624
646
1,122

18.2
18.6
13.9
49.3
51.1
88.7

2,691 78.5
358 10.4
210 6.1
167 4.9 <0.001
0.15
682 19.9
562 16.4
523 15.3
1,659 48.4
2,122 61.9 <0.001
3,019 88.1
0.59

561
212
120
142
230
403
1,043
479

44.3
16.8
9.5
11.2
18.2
31.9
82.5
37.9

1,922
703
316
271
214
865
3,022
2,359

56.1
20.5
9.2
7.9
6.2
25.2
88.2
68.9

63 5.0
105 8.3
344 27.2
335 26.2
418 33.0

130
511
1,813
376
596

3.8
14.9
52.9
11.0
17.4

632
607
604
553
561
469

18.4
17.7
17.6
16.1
16.4
13.7

<0.001
<0.001
<0.001
<0.001
<0.001

0.82
226
227
232
196
223
161
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17.9
17.9
18.3
15.5
17.6
12.7

3.3.2 Analysis of Heterogeneity of Treatment Effect
3.3.2.1 Descriptive findings
There were 3,173 total deaths in the cohort, 1,923 (61%) deaths of which were
due to prostate cancer. The median follow up time was 17 months (ADT group: 21
months and non-ADT group: 6 months). Compared to non-ADT users, men who received
ADT were less likely to die from any cause (63% v 81%) and from prostate cancer (37%
v 51%). The proportion of men dying from any cause or prostate cancer increased with
increasing Gleason score and age in the treated and untreated groups (Table 6). ADT was
beneficial for all subgroups except men with Gleason score 2-6 and 7 (for OS and PCSS).

Table 6. Overall and prostate cancer specific 7-year survival rates stratified by age and
Gleason score subgroups and ADT receipt

Subgroup
Age: 66-70 (n=802)
Age: 71-75 (n=933)
Age: 76-80 (n=959)
Age: 80+ (n=1,997)
Gleason: 2-6 (n=193)
Gleason: 7 (n=616)
Gleason: 8-10 (n=2,157)
Gleason: Not done (n=711)
Gleason: Unknown (n=1,014)

Overall
Survival rate
No ADT
ADT
(n=1,265) (n=3,426)
34%
32%
18%
11%
62%
53%
23%
12%
9%

48%
45%
38%
28%
48%
49%
39%
25%
29%

Prostate Cancer-Specific
Survival rate
No ADT
ADT
(n=1,265) (n=3,426)
P value*
0.001
0.001
<0.001
<0.001
0.08
0.41
<0.001
<0.001
<0.001

63%
58%
44%
44%
76%
77%
49%
43%
42%

68%
65%
62%
59%
72%
73%
63%
54%
57%

P value*
0.20
0.04
<0.001
<0.001
0.57
0.34
<0.001
<0.001
<0.001

*p value based on a 2-proportion z test

3.3.3 Multivariable findings
3.3.3.1 Adjusted Kaplan-Meier Survival Curves
A plot of the IPTW weighted and covariate-adjusted survival curves for Gleason
score subgroups is shown in Figure 6. Men with Gleason 8 – 10 score gain more survival
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(overall and prostate cancer-specific) benefit from ADT (as depicted by separation of
ADT and non-ADT survival curves) compared to men with Gleason score of 7. Based on
the survival curve, men with Gleason score 2 – 6 do not benefit from ADT. The adjusted
incremental median OS for men diagnosed with Gleason score 2-6, 7, and 8-10 was
median not reached, 10.4, and 14.3 months, respectively. Similar patterns were observed
with PCSS where the adjusted incremental median survival for men diagnosed with
Gleason score 2-6, 7, and 8-10 was median not reached, median not reached, and 26.5
months, respectively. (Figure 7) Men whose Gleason score test was recorded in the
SEER registry as not ordered and not performed had an incremental median survival of
14.2 months. Men with an “unknown” Gleason score had a similar incremental median
survival of 13.8 months.
Men in all age subgroups benefited from ADT, regardless of their age at
diagnosis. (Figure 8) However, the survival benefit varied by the age subgroup. The
adjusted incremental median OS for men diagnosed at 66-70, 71-75, 76-80, or 80+ was
24.5, 16.3, 19.3, and 15.9 months, respectively. The adjusted incremental median PCSS
for men diagnosed at 66-70, 71-75, 76-80, or 80+ was median not reached, 15.0, median
not reached, and 28.1 months, respectively. (Figure 9)
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Figure 6. Inverse probability weighted and Covariate Adjusted Kaplan-Meier curves for
overall survival by Gleason score subgroups
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Figure 7. Inverse probability weighted and Covariate Adjusted Kaplan-Meier curves for
prostate cancer-specific survival by Gleason score subgroup.
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Figure 8. Inverse probability weighted and Covariate Adjusted Kaplan-Meier curves for
overall survival by age subgroups
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Figure 9. Inverse probability weighted and Covariate Adjusted Kaplan-Meier curves for
prostate cancer-specific survival by age subgroups
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3.3.3.2 Subgroup-specific Hazard Ratios
All hazard ratios were derived from a Cox proportional hazards model. Compared
to men who were not treated with ADT, men who got treated with ADT within 6 months
of diagnosis had a 52%, 39%, 59%, and 62% relative reduction in the risk of all-cause
death in men aged 66-70, 71-75, 76-80, and 80+, respectively. A similar trend was
observed for PCSS where men who got treated with ADT had a 43%, 35%, 65%, and
64% relative reduction in the risk of prostate cancer-specific death in men aged 66-70,
71-75, 76-80, and 80+, respectively.
For Gleason score subgroups, ADT provided survival (overall and prostate
cancer-specific) benefit to men with Gleason score 8 – 10 only. Men with Gleason score
2-6 and 7 do not benefit from ADT in terms of OS and PCSS. The CI on the HR for the
Gleason score 2 – 6 subgroup was relatively wide due to the low number of patients.
(Appendix 9) Among men who did not have a Gleason score test ordered or performed,
ADT was most effective (HR: 0.30; 95% Confidence Interval (CI): [0.25-0.35]). ADT
was also very effective in men with an unknown Gleason score as obtained from the
SEER registry (HR: 0.33; 95% CI: [0.29-0.39]). The survival outcomes for all the
combinations of Gleason score and age subgroups are presented in Figures 10 and 11. It
also appears that there is no interdependence between Gleason score and age at diagnosis.
A test of interaction between age and Gleason score was insignificant at the 0.05 level.
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Figure 10. Forest plots of hazard ratios and confidence intervals (ADT v no ADT) for
overall survival by age and Gleason score subgroups.
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Figure 11. Forest plots of hazard ratios and confidence intervals (ADT v no ADT) for
prostate cancer-specific survival by age and Gleason score subgroups.

64

3.4 Discussion
When a patient is first diagnosed with metastatic prostate cancer, it is considered
routine clinical practice to start the patient on ADT. This study showed that ADT was not
always beneficial to all men newly diagnosed with metastatic prostate cancer. Patients
with Gleason score 2 - 6 do not gain survival benefit from ADT. In addition, while ADT
is beneficial to patients in all age groups, this study showed that men who were diagnosed
at age 80 or more get more survival benefit compared to younger patients. Among men
with a Gleason score of 8 – 10 or those who were diagnosed after their 80s, and who do
not get treated with ADT, men had an unfavorable survival trajectory compared to those
who got treated with ADT. The difference in survival between treated and untreated men
was not as profound in men with Gleason score of 7. Results were similar with respect to
OS and PCSS, except that men with Gleason score 2 – 6 were harmed by ADT with
respect to OS but did not gain any PCSS benefit.
A variant of this paragraph has been published by myself, Abdalla Aly in Current
Opinion in Oncology (Reference: Understanding heterogeneity of treatment effect in
prostate cancer: 13 May 2015 - Volume 27 - Issue 3 - p 209-216. Wolters Kluwer Health
Lippincott Williams & Wilkins©).2 Byar and Green were the first to explore whether HTE
existed in response to ADT in a subgroup analysis following the VACURG II trial. The
VACURG II trial estimated the impact of three doses of DES on OS in patients with
advanced prostate cancer.41 Byar and Green modeled seven prognostic factors including
age and Gleason stage-grade category. Based on a test of interaction between Gleason
stage-grade category and DES receipt, Byar and Green found Gleason stage-grade
category to be non-predictive of the survival benefit whereas the benefit derived from
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DES waned with increasing age. Interestingly, in another post hoc analysis to the
VACURG I trial, Byar and Corle found that there was a survival benefit associated with
early initiation of ADT in men with high Gleason score.42 These study findings may not
be clinically relevant today since DES is currently rarely used as a form of ADT in
prostate cancer due to its toxicity profile. Additionally, there is a great potential for
identifying false positive interactions for many reasons. First, the trial was underpowered
to identify real interactions. (n=506 patients). Second, the aim of this analysis was to
identify prognostic variables associated with OS and therefore was generating hypotheses
and not testing predefined hypotheses. Using the SWOG 8894 trial, Glass et al. found
that men with Gleason score of 8 or more had a 13% relative increase in the risk of death
compared to patients with Gleason score of 8 or less.10 Figg et al. have showed that there
is no relationship between Gleason score at diagnosis and survival.9 They report mean
survival for Gleason score 2-4, 5-6, 7, and 8-10 as 28, 34, 33, and 28 months,
respectively. However, both Figg et al. and Glass et al. only examined this relationship
among patients treated with any form of ADT which can be informative conditional on
the assumption that men are treated with ADT.
This study has some limitations. First, selection into treatment receipt inherent in
retrospective database analyses could bias our estimates. However, we tried to mitigate
this effect using an IPTW approach which is a commonly used method in health services
research to reduce selection bias. Since balance in the covariate distribution between
ADT and non-ADT groups was achieved, we don’t think that our findings were biased
because of selection into receiving ADT. Second, the distribution of Gleason score in the
SEER-Medicare population is different from what would be seen in the real-world. In
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our study, many patients had a Gleason score of 8 – 10. In the real-world setting,
however, about 10% of patients with metastatic prostate cancer fall in the Gleason score
8 – 10 category. In addition, a significant amount of patients in our sample did not have a
value for Gleason score, either because the test was not ordered/performed (n=711) or
because it was performed but not recorded in the SEER registry (n=1,014). These groups
require further investigation. Third, this study looked at survival as an outcome
independent of patient preferences which is a factor that is important to consider in the
decision-making framework. For example, variability of preferences was documented in
a Swedish study, in which about 1 in 5 men were not willing to trade their potency for a
treatment that could improve survival, 2 in 5 cared most about survival, and the
remaining 2 in 5 of patients reported that treatment acceptance depended on the
magnitude of survival.83
In the era of patient-centered outcomes research, it is critical to understand how
patients may respond differently to treatments, especially in oncology. While ADT has
been the standard of care in men with incident prostate cancer for about 70 years, ADT
may not be beneficial for everyone. It would be interesting to investigate HTE as a
function of time (immediate v. deferred) and intensity (combined androgen blockade v.
single agent). Decision makers including practicing oncologists and payers would make
use of such information to make more informed treatment and coverage decisions.
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4 Variation in Cost Effectiveness of Androgen Deprivation
Therapy in Patients with Metastatic Prostate Cancer
4.1 Introduction
ADT is the standard of care in men newly diagnosed with S4M1 prostate cancer
and has been shown in RCTs to improve survival in this patient population. Although
ADT is effective in the majority of patients initially, there is a sizable degree of
heterogeneity in the survival advantage gained from ADT depending on patient age and
Gleason score.36,40,41,71,72 In RCTs, for example, the observed median OS from prostate
cancer diagnosis ranged from 23 to 37 months.28-30 It is crucial to properly estimate and
effectively communicate this variation in response to ADT, commonly referred to as
HTE evidence, to decision makers. Particularly, healthcare payers have expressed the
need for more robust HTE evidence in oncology that can be incorporated in their
coverage policies.84,85 Payers need such evidence to pay for the most effective treatments
to their beneficiaries and avoid using treatments with no expected benefit.
While effective in prolonging survival and alleviating symptoms, ADT is an
expensive treatment. Data from the CAPSURE disease registry estimated the average
annual cost of ADT was the highest compared to other prostate cancer treatments,
averaging $12,590 per person. This study by Wilson et al. also estimated the cumulative
cost of ADT over the first 6 months of treatment, subsequent 6 months of treatment, and
during the follow-up period of 5.5 years was $8,760, $6,019, and $69,244 respectively.50
In another study that used Medicare claims from MarketScan Medicare Supplemental and
Coordination of Benefits Database, researchers reported that the mean incremental
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unadjusted cost of ADT was $22,253 per person over 3 years, indicating that men
receiving ADT cost the health care system twice as much compared to men who don’t
receive ADT (ADT group: $48,350; non-ADT group: $26,097).49 In addition, it is more
costly to treat older (>75 years) patients and patients with high-risk disease.50 Therefore,
studies that do not control for factors that impact the estimated costs can therefore
provide biased cost estimates. Chon et al. estimated the total cost of ADT over 30 months
to be $13,620.53 Other studies that attempted to estimate the cost of ADT either had small
sample size, focused only on initial treatment costs, or had very short follow up
periods.86-89
Most cost effectiveness studies of ADT compared individual ADT agents and are
currently outdated (using DES as a comparator in many cases).51-54 However, we are not
aware of real-world studies that examined the cost effectiveness of ADT and the variation
in the cost effectiveness of ADT. In the presence of HTE and variation in costs depending
on patient age and risk group, it is natural to understand how the cost effectiveness of
ADT varies depending on these factors. The purpose of this study was to estimate the
cost effectiveness of ADT in various subgroups of patients defined by their age and
Gleason score.

4.2 Methods
4.2.1 Data source
We used the National Cancer Institute’s SEER cancer registry linked to Medicare
administrative and claims data provided by the Centers for Medicare and Medicaid
Services. Covering 17 tumor registries across the U.S. (28% of the U.S. population,80 the
SEER program collects information on clinical, demographic, and cause of death for
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patients diagnosed with cancer. In addition, the SEER program collects tumor specific
information such as primary tumor site, cancer stage at diagnosis, and, since 2004,
Gleason score. Medicare claims provide information on covered health care services,
including diagnosis and treatment services, which are covered to Medicare beneficiaries
from the time of Medicare eligibility until death. Medicare covers around 93% of the
U.S. population who are 65 years or older.90 When the SEER registry and Medicare
claims are linked, they provide rich data to answer clinical and economic questions in
oncology.

4.2.2 Inclusion criteria and observation period
This study included incident cases of S4M1 prostate cancer among patients who
are greater than 65 years and diagnosed between 2004 and 2009. Patients were required
to have continuous enrollment in Medicare Parts A/B in the year prior to S4M1 prostate
cancer diagnosis in order to assess baseline CCI in the year prior to S4M1 prostate cancer
diagnosis. Therefore, patients had to be 66 years and older. Patients were excluded from
the final sample if they had a history of cancer in the five years prior to S4M1 prostate
cancer, if their diagnosis month or year was unknown, or if they received a post mortem
prostate cancer diagnosis. Lastly, patients who received ADT more than 6 months after
diagnosis were excluded from the study to minimize the immortal time bias that could
result from receiving ADT at a much later stage. The study period started at the date of
cancer diagnosis and ended upon HMO enrollment, Medicare Parts A/B disenrollment,
the patient's death (using Medicare’s date) or end of study on December 31, 2010
(whichever occurred earlier). Patients were followed up for the base case and 5 years for
sensitivity analysis (SA) in the cost effectiveness model.
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4.2.3 Subgrouping variables
The cost effectiveness of ADT was estimated at subgroups defined by patient age
and Gleason score at diagnosis. Age was calculated by subtracting year of birth from year
of diagnosis and categorized into 4 age subgroups (66-70, 71-75. 76-80, and 80+).
Gleason score was obtained from the SEER registry (Gleason 2 - 6, Gleason 7, Gleason 8
– 10, not ordered or performed, and unknown). Unknown Gleason score was defined as a
score that was calculated but could not be obtained or recorded in the dataset.

4.2.4 Covariates
In the cost-effectiveness analysis, the same set of covariates for the cost and
survival regressions was used. Demographic variables were derived from the SEER
registry and Medicare enrollment files and included race/ethnicity (non-Hispanic White,
non-Hispanic Black, Hispanic, other), and Marital status (Married, unmarried; the
unmarried group included the single, widowed, divorced, and separated). Clinical
variables were derived from Medicare claims and included Charlson comorbidity index
(0, 1, 2, 3+, missing) and poor performance status from Medicare claims (based on the
use of any of the following in the 12 months prior to and including the month of
diagnosis: hospitalization, use of skilled nursing facility, use of walking aid, use of
wheelchair, oxygen use). Lastly, prostate cancer-specific variables were extracted from
the SEER registry and included tumor differentiation (well/moderately differentiated,
poorly/undifferentiated), and PSA level at baseline (high, low). We also included certain
patient-level variables in our models including diagnosis year, SEER registry Census
location (West, Northeast, South, North Central). Treatment variables included in the
model were receipt of radiation or chemotherapy at any time during follow up.
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4.2.5 Androgen deprivation therapy
ADT receipt was measured according to the presence of a claim of orchiectomy
or LHRH agent within 6 months after diagnosis. Medicare NCH/carrier, inpatient and
outpatient claims were used to identify orchiectomy (Healthcare Common Procedure
Coding System (HCPCS) codes 54520, 54521, 54522, 54530, 54535 or International
Classification of Diseases, 9th Revision (ICD-9), code 624) and LHRH claims (HCPCS
codes J0128, J1950, J3315, J9202, J9217, J9218, J9219, J9225).91

4.2.6 Cost
The total direct medical costs incurred by Medicare were based on claims from
the following files: 1) skilled nursing facility and hospitalization (short and long stays)
claims from Medicare provider analysis and review files, 2) physician/supplier (carrier)
claims from the national claims history files, 3) institutional outpatient provider claims
from outpatient files, 4) durable medical equipment files. 5) Hospice claims, and 6) home
health services from home health agencies files. Costs were accumulated till 3 years
from diagnosis date (base case) and 5 years (SA). All costs were inflated to 2010 $US
using the medical component of the consumer price index.

4.2.7 Survival
We used an IPTW weighted Cox proportional hazards model to estimate the
adjusted incremental median survival between treated and untreated groups. This process
was achieved in 2 steps. First, we used a logistic regression to predict the conditional
probability of assignment to ADT and non-ADT groups for each individual patient. In the
second step, we used a Cox proportional hazards model in which each patient was
weighted by the inverse of the conditional probability of ADT receipt.
72

4.2.8 Statistical analysis
For descriptive statistics, the Pearson χ2 test was used to statistically test for
significance of differences in the frequency distributions of categorical variables. A P
value less than 0.05 was considered statistically significant. To account for the right
censoring of costs inherent in SEER-Medicare datasets, we performed partitioned
regression analysis (commonly known as Lin’s regression) to estimate adjusted mean
costs over 3 years (5 years for SA). In Lin’s regression, the follow-up period is divided
into equal partitions of observation periods. For each of the 36 monthly partitions, an
inverse probability of uncensored weights (IPW) generalized linear model was used to
estimate adjusted incremental mean cost between ADT and non-ADT groups for each
month. We performed generalized linear model diagnostics including cost distribution as
well as the modified Park test and Pregibon test to test for the appropriate family
distribution and link function. Please see Appendix 10 for model diagnostics.
Treatment effect coefficients were summed across the 36 months (60 in SA) to
calculate the incremental cost of ADT receipt. Confidence intervals for the summed cost
coefficients were obtained using a non-parametric bootstrap approach (sampling with
replacement), in which the process of estimating the 36 monthly coefficients and
summing them was repeated 1,000 times. The adjusted median survival was obtained
from an IPTW Cox proportional hazards model based on the method proposed by Cole et
al.81 To obtain 95% CI, we used a non-parametric bootstrap (sampling with replacement)
approach. Cost effectiveness ratios were calculated in the 36 (60 for SA) months
following cancer diagnosis, by dividing the incremental cost of ADT by the incremental
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survival. Confidence intervals for cost-effectiveness ratios were obtained by a nonparametric bootstrap approach.

4.3 Results
4.3.1 Study Sample Characteristics
The final sample included 4,691 men newly diagnosed S4M1 prostate cancer. In
the study sample, 3,426 (73%) men received ADT within the first 6 months of diagnosis
and 1,265 (27%) men did not receive any form of ADT during follow up. The proportion
of patients who were 66-70, 71-75, 76-80, and 80+ years at diagnosis was 17%, 20%,
20%, and 43%, respectively. The proportion of patients who had a Gleason score of 2-6,
7, and 8-10 was 4%, 13%, 20%, and 46%, respectively. Thirty seven percent of the
cohort did not have a Gleason score either because the test was not ordered and not
performed (15%) or the test was ordered but the score was unknown in the SEER registry
(22%).
Compared to non-ADT users, those who received ADT were more likely to be
younger (39% vs. 53% for 80+ group), of non-Hispanic White background (79% vs.
72%), and married (62% vs. 51%). ADT users also had fewer comorbidities (56% vs.
44% for CCI zero group), poor performance status (25% vs. 32%), high PSA (88% vs.
83%), poorly differentiated tumor (69% vs. 38%), and higher Gleason score at baseline
(53% vs. 27% for the 8-10 Gleason score group).

4.3.2 Mean Medical Costs
The mean medical costs on the raw scale had a non-normal right-skewed
distribution. There was no clustering at zero costs (1.8% of the sample had zero costs).
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Similarly the IPW mean costs had a right-skewed distribution. The proportion of patients
who were censored by 36 months among the non-ADT and ADT group was 12.9% and
24.3%, respectively.
The covariate-unadjusted IPW 3-year mean costs for the ADT group was $92,906
compared to $66,787 for the non-ADT group (incremental cost: $26,119). In multivariate
analysis, the incremental cost of ADT was $16,379 (95% CI: $8,182 - $24,052). The
incremental cost of ADT for men in the 66-70, 71-75, 76-80, and 80+ age categories was
$21,850 (95% CI: $4,453 – $34,347), $20,143 (95% CI: $63 – $36,895), $18,244 (95%
CI: $3,480 – $32,190), and $7,780 (95% CI: $-5,269 – $21,406), respectively. The
incremental cost of ADT for men in the 2-6, 7, and 8-10 Gleason score categories was
$24,675 (95% CI: $-15,952 – $161,511), $26,156 (95% CI: $7,799 – $41,106), and
28,583 (95% CI: $16,646 – $39,049), respectively. In the initial 12 months after
diagnosis, we noticed that untreated men had more costs compared to ADT treated men.
Upon exploration, most of these costs were due to long term stays in hospice and skilled
nursing facility (Appendix 13)

4.3.3 Median Survival
The adjusted incremental median survival due to ADT was 1.28 (95% CI: 1.1 –
1.43) LYG for the full sample. The median OS in the non-ADT and ADT group was 0.74
(95% CI: 0.59 – 0.83) and 2.02 (95% CI: 1.81 – 2.17) life years gained (LYG). While not
statistically significant, the incremental survival due to ADT showed no particular trend
with age. The incremental survival due to ADT for men in the 66-70, 71-75, 76-80, and
80+ age category was 1.57 (95% CI: 1.02 – 2.1), 1.29 (95% CI: 0.61 – 1.98), 1.56 (95%
CI: 1.24 – 2.03), and 1.34 (95% CI: 1.16 – 1.57). For Gleason score, the adjusted
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incremental median survival due to ADT increased with increasing Gleason score (not
statistically significant): The incremental median survival of ADT for men in the 2-6, 7,
and 8-10 Gleason score category was not reached, 0.66 (95% CI: -0.77 – 1.53), and 1.18
(95% CI: 0.94 – 1.43).

4.3.4 Incremental Cost Effectiveness Ratios
The cost effectiveness of ADT in the full sample was $12,796/LYG (95% CI:
$6,147 – $18,919 per LYG) after 3 years and $24,377/LYG (95% CI: $13,052 – $34,650
per LYG) after 5 years. The ICERs estimated at 3 years decreased with increasong age
(Table 7) and Gleason score (Table 8). In sensitiviy analysis where the ICER was
estimated over 5 years, ICERs remained relatively constant across age groups and
increased with increasing Gleason score. (Appendix 12) In cases where the 95% CI were
negative, it was always due to a negative cost, with the exception of ICERs on patients
with Gleason score 7 where negative ICERs were due to negative incremental survival
(0.66 LYG; 95% CI: -0.77 – 1.53 LYG). Disaggregated costs, survival, and ICERs are
proovided in Tables 7 and 8.
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Table 7. Three-year Costs, Survival, and ICERs, according to age subgroups
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Table 7. Three-year Costs, Survival, and ICERs, according to age subgroup (continued)

78

Table 8. Three-year Costs, Survival, and ICERs, according to Gleason score subgroups
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Table 8. Three-year Costs, Survival, and ICERs, according to Gleason score subgroups
(Continued)
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4.3.5 Sampling Uncertainty
We examined sampling uncertainty by plotting the distribution of incremental
survival and incremental costs for the various age and Gleason score subgroups. For each
subgroup, 1000 bootstrap replicates were plotted for the 3-year cost effectiveness
(Figures 12 and 13). Please refer to Appendix 13 for 5-year cost effectiveness
scatterplots. For the 3-year cost effectiveness across age subgroups, most of the ICER
estimates were in the North East quadrant of the cost effectiveness plane. This indicates
that ADT is associated with increased costs and survival. The ICER estimates seem to
show greater variability and dispersion in Gleason score 7 and the 66 – 70 age subgroup
(both of which have relatively small sample sizes).

Figure 12. Three-year cost-effectiveness of ADT by Age subgroups
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Figure 13. Three-year cost-effectiveness of ADT by Gleason score subgroups

We also estimated the probability of ADT being cost effective for all subgroups
based on a set of willingness-to-pay (WTP) values. This is depicted in the cost
effectiveness acceptability curves for 3-year and 5-year ICERs. (Figures 14 and 15) It is
clear that ADT is cost effective for all age and Gleason score subgroups at a WTP of
$50,000 except Gleason score 7, in whom ADT would be cost effective in 56.4% of
patients. Even at a WTP of $150,000, ADT would only be cost effective in 67.4% of
patients.
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Figure 14. Three-year cost-effectiveness acceptability curves of ADT by Age subgroups

Figure 15. Three-year cost-effectiveness acceptability curves of ADT by Gleason score
subgroups
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4.4 Discussion
In this study, we estimated the cost effectiveness of ADT in men who were newly
diagnosed with S4M1 prostate cancer according to subgroups defined by age and Gleason
score. In the full sample, the cost per LYG was approximately $12,796 for the first 3
years and $24,377 for the first 5 years post diagnosis, making ADT cost-effective at a
WTP threshold of $50,000 for all subgroups. However, there is a great degree of
variation in the cost effectiveness of ADT ranging from ICER point estimates of $5,806
(80+ years) to $15,615 (71 – 75 years) per LYG across age subgroups and $24,155
(Gleason score 8 - 10) to $39,630 (Gleason score 7) per LYG across Gleason score
subgroups. The only subgroup that exhibited great uncertainty in cost effectiveness was
the Gleason score 7 subgroup. This uncertainty is driven by uncertainty in the survival
benefit in that group, in which ADT was cost effective in 56% of patients as opposed to
close to 100% of cases in all other subgroups. There was a trend (not statistically
significant) that ADT was more cost effective with increasing age and Gleason score.
While all point estimates make ADT cost effective for every subgroup, there is
considerable uncertainty surrounding ICER point estimates. All confidence intervals of
subgroup-specific ICERs overlap to a great extent. For some subgroups, this uncertainty
(expressed as wider confidence intervals) can be due to small sample sizes, which is most
probably is the case for Gleason score 2 – 6. For other subgroups, wider confidence
intervals can be due to a greater degree of heterogeneity within that subgroup, which is
may be the case for Gleason score 7.
A recent systematic review of the literature reviewed 10 cost effectiveness studies
that involved ADT in androgen dependent prostate cancer.92 Our findings can’t be
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directly compared with most studies in the literature since the majority of studies
compared various forms of androgen deprivation strategies, for example, medical v
surgical castration, combined androgen blockade v single agent blockade, and LHRH
agonists v DES. It can also be challenging to compare our estimates to these studies due
differences in the outcome measures (most used QALYs), differences in the time period
during which costs were estimated (most studies estimated costs during initial year postdiagnosis and lifetime costs), differences in study designs (most studies were modelling
studies and unadjusted for censoring/confounding), and differences in time period (most
studies were from the 1990s). More importantly, none of the studies assessed whether
cost effectiveness of ADT varied with age or Gleason score. Despite these differences,
the most recent (2001) retrospective analysis of patient claims that estimated the cost
effectiveness of ADT comparing goserelin to orchiectomy reported an ICER of $39,390
per QALY. In addition, estimates of lifetime cost of LHRH agonists from other studies
ranged from $14,990 to $31,090.93-95
This study has several strengths. First, we implemented statistical methods that
accounted for issues commonly encountered in cost effectiveness studies using nonrandomized observational data. First, in cost analyses, right censoring was accounted for
by using a partitioned IPW approach as proposed by Lin.96 Second, we estimated
adjusted (as opposed to unadjusted) costs using generalized linear model which estimated
the costs adjusted for covariates. Third, in survival estimates, we used IPTW weighted
Cox proportional hazards model to account for selection into ADT receipt and adjusted
for confounding variables in the model.
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Our study has some noteworthy limitations. First, we were not able to incorporate
quality of life into the cost effectiveness estimates since the SEER-Medicare data does
not record quality of life information. Second, some subgroups had relatively smaller
number of patients resulting in wide confidence intervals for these subgroups, especially
in men with lower Gleason scores. Third, these findings may only be generalizable to
Medicare patients who are >65 years. Fourth, we could not estimate long term cost
effectiveness of ADT since the censoring rate approached 40% in 7 years for the treated
group. In some subgroups, censoring reached 50% at 5 years post diagnosis. While Lin’s
method is a powerful tool to adjust for censored medical costs, its performance
dramatically drops if censoring rates are too high.97
HTE is highly valuable to cost effectiveness analyses98 and there is a trend towards
examining variation in cost effectiveness of costly interventions in prostate cancer.99
Such analyses can provide pharmacoeconomic evidence to healthcare payers who are
trying to adopt cost effective interventions and implement strategies that are tailored to
their enrollee populations.

4.5 Conclusion
In patients who were newly diagnosed with S4M1 prostate cancer, ADT is cost
effective at the conventional $50,000 WTP threshold for all patient subgroups. Based on
bootstrapped results for ICERs, 100% of replicates were below the $50,000/LYG
threshold. While point estimates were favorable, there is a great degree of uncertainty
surrounding the cost effectiveness of ADT in patients with Gleason score 7 driven by
uncertain survival advantage in that subgroup. While not statistically significant, there
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was a trend in the cost effectiveness of ADT across subgroups where the cost
effectiveness of ADT generally increased with increasing age and Gleason score. These
results suggest that there is no age limit to the benefit of ADT and that the value of ADT
may be lower among S4M1 patients with lower Gleason scores.
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5 Payers’ views on the utility of heterogeneity of treatment effect
evidence in coverage policies in oncology

5.1 Introduction
The FDA approval of costly anticancer medications that yield modest incremental
survival benefit has become more prevalent in the past few years, with the price range
reaching $10,000 per month in 2013 compared to $4,500 per month in 2003.100 Between
October 2012 and October 2013, the FDA approved 9 anticancer drugs. This significant
number of drug approvals in a single year may be the result of improvements in the
processes by which cancer treatments are being approved (e.g., accelerated approval).
However, most approved drugs were associated with high price tags and modest survival
benefit.101 Health care payers are facing great challenges when making coverage
decisions, with uncertainty surrounding the value of oncology treatments specific to their
plan members.85 Therefore, it is important that payers appropriately assess patient
heterogeneity in response to treatment and use that information to inform coverage policy
of oncology drugs.
HTE refers to the non-random variability in the response to a specific treatment
between different individuals given their characteristics. Kravitz et al. define HTE as the
‘magnitude of the variation of individual treatment effects in the population’1 and further
explain that, when HTE is present, the modest average effects realized in clinical trials
and observational studies often reflects a mixture of patients where a group experiences
the average effect, others experience less than the average effect, others experience more
than average effects, and some may even be harmed by that treatment.1 Failing to account
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for HTE could mean that health care payers may initially be paying for treatments that
are ineffective and pay for additional downstream costs attributed to initially ineffective
or harmful therapies.
Strategies have been incorporated by health care payers to restrict access to
certain anticancer medications depending on an individual’s response.102,103 For example,
if a biomarker predicts whether a drug is expected not to work, the payer may decide to
pay for that test to determine whether the drug should be given or not. Subsequently,
payers would use the actual test result to determine whether to reimburse for the drug
where a negative finding, for example, typically would not be reimbursed. Similarly, if a
specific biomarker or gene predicts the duration of therapy, the payer would test that
biomarker or gene and reimburse for the duration of therapy as indicated by the test
result. Step therapy programs have been used if a marker predicts which drugs should be
used first from several alternatives. Therefore, reimbursement decisions can be based on
a heterogeneous fact. However, very little in the literature has looked at how payers
incorporate HTE evidence into coverage policies.
The more efficiently payers can formulate policies that help patients access
appropriate treatments and make the ‘right’ healthcare decisions, the better the overall
clinical and economic outcomes will be. However, making the right decision for each
individual will require time and monetary resources especially in the era of searching for
biomarkers that predict response to treatments. This is particularly relevant in oncology
since there are 112 genetic tests, of which 50 new tests have been introduced since
2006.64 The purpose of this study is to further understand the payers’ decision-making
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process, particularly to elicit payers’ views on how they use HTE evidence when
formulating coverage policies for oncology drugs.

5.2 Methods
A criterion-based sample of 15 payers participated in semi-structured in-depth
interviews to answer our research question: How do payers use HTE evidence when
formulating coverage policies for oncology drugs?

5.2.1 Study Sample
5.2.1.1 Sampling approach
Payers were selected using a two-stage sampling approach. In the first stage, a
criterion-based sampling technique was used to purposefully select payers who indicated
that they review HTE evidence.104 Anecdotal evidence suggests that not all payers
attempt to review HTE evidence, and given the nature of the research question, the main
screening criterion for selecting payers for the first stage was that they had to indicate
that they reviewed HTE when making coverage determinations. We used existing
professional relationships and ‘cold calling’ approaches to select payers for the first
stage.105 The second stage, snowball sampling, was used with payers recruited from the
first stage to further recruit other payers to increase the number of payers in our final
sample.106 Snowball sampling was also implemented to ensure that the final sample
included the majority of United States healthcare payer types and variability in the
number of covered lives. Furthermore, an attempt was made to include both the medical
and pharmacy perspectives. In both stages, we invited payers by e-mail to participate in
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phone interviews. Then, a follow-up e-mail was sent to thank those who agreed to
participate and confirm the date/time of the interview.
5.2.1.2 Study participants
Respondents who held pharmacy positions included senior vice president of
pharmacy, vice president of pharmacy, senior director of clinical formulary development,
director of clinical pharmacy, director of pharmacoeconomics division, pharmacy
manager of formulary development, and clinical pharmacy pharmacogenomics specialist.
Physician respondents held positions such as vice president of clinical affairs, vice
president of medical affairs, medical policy medical director, and medical director.
Our sample represented a variety of payer groups. The payer groups included
pharmacy benefit managers, non- profit health insurers, employer sponsored insurers,
integrated health systems, federal government, state Medicaid agencies, Medicare
advantage plans, not-for-profit managed care, for-profit managed care, research
subsidiaries of managed care organizations, and regional insurers.

5.2.2 Data Collection
5.2.2.1 Interview Guide and Features
We developed an interview guide containing three sections: orientation,
questions, and closing remarks (See Table 9 for interview questions). The orientation
included asking payers whether they agreed to be voice recorded, provided a rationale
and context of why this study is important, and provided an orientation to the technical
terms to make sure that payers understood the context of the questions. Then, payers were
asked if they had any questions before we proceeded with the interview questions.
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Table 9. Interview Guide
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The orientation section was devoted to explain what HTE and Gleason score
meant in lay terms. Specifically, HTE was explained using an example: “HTE is the term
given to a situation where the response to a specific treatment or health care technology is
different between different patients. To clarify this further, suppose we have two
chemotherapeutic agents A and B indicated for cancer Y, and that we are interested in
evaluating their effectiveness in improving overall survival for cancer Y. When
evaluating the relationship between chemotherapy A and survival, we learn that
chemotherapy A is positively correlated with survival, age is negatively correlated with
survival, and the relative impact of chemotherapy A on survival amongst elderly and
young patients is the same. In that case, we do not observe HTE because there is no
difference in the treatment effect between elderly and young patients. We can therefore
make the following inferences: chemotherapy A independently improves survival, age
independently reduces survival, and age does not affect the magnitude of treatment effect
on survival. On the other hand, when evaluating the relationship between chemotherapy
B and survival, suppose that chemotherapy B is positively correlated with survival, age is
negatively correlated with survival, and the relative impact of the chemotherapy B on
survival among elderly and young patients is different. In that case, we observe HTE
because there is a difference in the treatment effect between elderly and young patients.
We can therefore make the following inferences: chemotherapy B improves survival, age
independently reduces survival, and age modifies the magnitude of treatment effect on
survival. Gleason score was simply defined as “a score that reflected the aggressiveness
of the tumor such that the higher the score, the poorer the expected outcomes.”
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The interview questions were developed to follow a specific protocol. However,
the order of questions was sometimes switched depending on the interviewees thought
process, interest, and time constraints. The protocol stemmed from Eddy’s framework of
the analysis of a decision.27 In his framework, Eddy explains that there are two separate
steps in making any decision. The first step is to identify and evaluate the available
evidence and determine the outcomes (for example, efficacy, safety, and cost) of each of
the treatments. This involves some sort of scientific judgments on the quality/source of
evidence. It aims at explaining what type of conclusion the evidence supports. The
second step is to compare the efficacy, safety, and cost of the two treatments and decide
which is the more desirable for the specific decision maker. Therefore, the second step
applies personal preferences or value judgments on the available evidence to reach at a
final decision given the current environment. It is ultimately the second step, value
judgments, which lead different plans to different decisions regarding coverage and
reimbursement. The same concept can be used as a platform for any decision. In the case
of coverage decision making based on HTE, scientific judgment can be used to evaluate
the evidence of HTE and value judgments can be used to make a coverage determination.
Therefore, the questions were designed to target the ‘scientific judgments’ (denoted by an
(S) in the interview guide), ‘value judgments’ (denoted by an (V) in the interview guide),
or both (denoted by an (SV) in the interview guide) that payers make in the decisionmaking process. The protocol of questions was also designed to be high-level in the
beginning and more detailed as the interview proceeded, which gave the opportunity for
respondents to be more engaged in discussing issues in the decision making framework
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that they felt were important to address and potentially uncover themes that were not
originally planned.
The second section was coupled with probing or follow-up questions that
addressed our research question. The interview guide had 4 types of question:
background, high-level, detailed, and closing question(s). The intent of the background
questions was to understand how payers referred to the concept of HTE in their purview
and whether they believed that it was important to incorporate HTE evidence into
coverage policies. This was intentionally placed as the opening question to make sure that
payers comprehended the orientation and to make the interviewee ‘speak their language.’
The purpose of the high-level question was to initiate a discussion focused on the payer’s
philosophy on how to use HTE evidence in making coverage decisions in oncology. This
was followed by a series of specific questions that targeted specific issues surrounding
the utility of HTE evidence for coverage of oncology drugs such as the perceived role of
HTE in shaping coverage policies in oncology, the sources of HTE evidence that are
most important when formulating coverage policies, and factors that affect imposing
restrictions to access. Finally, payer views on the future of incorporating HTE evidence
into coverage policies was asked as a closing question. The third, and last, section
involved some closing remarks to thank interviewees for their time and interest.
Interviewees were also asked whether they were interested in receiving an executive
summary of the findings at completion of the study.
Despite the fact that the Interview Guide was semi-structured, it is not uncommon
that interviewees would switch the order of questions according to what they feel was
most important to address during the interview process.107 In addition, due to the
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unfamiliarity of payers with the academic acronym of HTE and other terminology, it was
expected that different payers may answer the same question differently based on their
perceptions. In preparation for such events, the interview guide was pilot tested with 2 of
the experienced personnel in P&T committees. This involved an interview and debriefs to
evaluate and test the interview guide. Pilot testing was essential to confirm and identify
relevant domains to be addressed in interviews, produce refined final questions and
related materials for the Interview Guide and pilot test a literature-based coverage
decision-making framework (Figure 16).
5.2.2.2 Interviews
Interview questions were sent via email to the interviewees beforehand to ensure
that they understood the questions and were prepared during the interview. Each
interview was scheduled to last approximately 30 - 60 minutes depending on interviewee
availability. A semi-structured approach to conducting in-depth interviews was facilitated
by addressing the questions in the Interview Guide and enhancing the framework. After
the first interview, and in cases where major modifications took place, subsequent
interviewees reviewed the updated conceptual framework as informed by the preceding
interview.
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Figure 16. The conceptual framework describing the multistage decision-making
processes for using HTE evidence to inform coverage and reimbursement decisions based
on literature review and anecdotal evidence

The HTE evidence boxes apply to safety and effectiveness evidence.

5.2.3 Content analysis
The content analysis involved reviewing the written notes from the interviews and
complementing them with the audio recordings. Major thematic areas that emerged from
the answers were coded and categorized under one of the four domains: 1) importance of
incorporating HTE evidence in coverage policies of anticancer drugs, 2) factors that
would impact the decision to restrict access to anticancer drugs, 3) sources of HTE
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evidence, 4) future of incorporating HTE evidence into coverage policies. Themes that
emerged from the analysis were summarized along with verbatim quotes from payers to
support each theme. The last step of the analysis was to develop a narrative including
verbatim phrases that best represent what health insurers said about incorporating HTE
into their coverage decisions.

5.3 Results
5.3.1 Study sample
Our target was to recruit 12-15 individuals representing the aforementioned payer
groups. Of the 20 individuals who were contacted, 15 were interviewed, 3 initially agreed
but then dropped out, and 2 never responded to any of the attempts. (Table 10) The final
sample included 15 payers and related organizations representing 11 payer groups located
in the United States providing health insurance to 172.5 million lives. (Table 11)
Table 10. Number of payers contacted and interviewed
Payer group

Target Number
of payers
1-2
1-2
1-2
1-2
1-2

Number of payers
contacted
1
2
1
3
2

Number of payers
interviewed*
1
2
1
2
1

Federal government
State Medicaid agency
BCBS: PPO/regional insurer
Pharmacy benefit manager
Medicare advantage plan
Research subsidiary of national
1-2
1
1
managed care company
Not-for-profit health insurer
2-4
6
4
Not-for-profit managed care
1-2
1
1
For profit managed care
1-2
1
0
Employer sponsored insurer
1-2
1
1
Integrated health system
1-2
1
1
Total
12-15
20
15
*All interviewees expressed interest in receiving an executive summary of the findings at completion of the
study. BCBS: BlueCross BlueShield; PPO: Preferred provider organization
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Table 11. Characteristics of payer organizations and groups who were interviewed.
Payer Group
Federal government
State Medicaid agency
BCBS: PPO/regional insurer
Pharmacy benefit manager
Medicare advantage plan
Research subsidiary of national
managed care company

Non-for-profit managed care
Integrated health system
Employer sponsored insurer
Not-for-profit health insurer

Organization
TRICARE (DoD)
Molina
*
*
*
CVS Caremark
*
HealthCore
(associated with
WellPoint and
other BCBS
plans)
Kaiser
*
*
BCBS
BCBS
BCBS
BCBS

Census
Location
South
West
South
West
West
Midwest
South
South

Covered Lives
(Millions)
9.6
4.3
9
1.5
13.5
85.1
1
-

Pharmacy/Medical
Perspective
Pharmacy
Pharmacy
Pharmacy
Medical
Pharmacy
Medical
Pharmacy
Medical

West
Northeast
West
Northeast
Midwest
South
South

0.54
2.6
30
2.8
7.3
1.3
4

Pharmacy
Medical
Pharmacy
Pharmacy
Medical
Pharmacy
Medical

*: Payer did not agree to be disclosed. BCBS: BlueCross BlueShield; PPO: Preferred provider organization

5.3.2 Payers’ views on the role and the significance of incorporating HTE
evidence in coverage policies in oncology
Theme 1: HTE is important to incorporate into coverage policies, yet most payers
do not delve into HTE details unless it is specifically indicated in the FDA label. All
payers were familiar with the concept of HTE and its application in coverage policies.
However, when asked about the specific term (or acronym), the majority indicated that it
was their first time hearing it. Instead, they commonly refer to HTE in the payer industry
vaguely as “biomarker evidence” or “variability in response to treatment.” With regards
to payers’ perceptions on the importance of incorporating HTE into coverage policies, all
payers unanimously agreed that HTE has a critical role in defining coverage policies in
oncology. However, in the real world, there is variation in the extent to which they
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incorporate HTE evidence in coverage policies. The majority of payers don’t delve into
the details of HTE unless it is in the FDA label. Some respondents backed this approach
by the fact that if HTE was not indicated in the FDA label, it was hard to justify a
coverage policy that incorporates HTE, especially given the fact that the FDA has already
reviewed the evidence. Others advocated this approach because they felt that if the HTE
was clinically important and relevant, it should have made its way to the FDA labeling.
Additionally, most small-sized payers indicated that they frequently rely on their PBM’s
recommendations that, in many cases, also look at the approval RCTs and FDA label.
Other payers indicated that they are heavily regulated and are required by law to cover
anticancer drugs and can’t restrict access to a subgroup based on HTE evidence.
Typically in these situations, heavily regulated payers would place the potentially
ineffective drug in a non-preferred tier with higher copay. Relatively few payers are very
sophisticated in their approach where they have in-house HTE research or technology
assessment groups that thoroughly investigate HTE. Payers’ verbatim quotes supporting
selected themes are presented in Table 12.
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Table 12. Verbatim quotes from interviews with payers, by selected theme
Theme

Quote

HTE is important to incorporate into coverage
policies, yet most payers do not delve into HTE
details unless it is specifically indicated in the
FDA label.

“For drugs like oncology drugs, we base our coverage
decision exclusively on what the FDA label is… but If
there is just literature outside of the label, and may be
it identified certain populations that respond better or
not, we won’t insert that in our coverage policy.”
“It is logistically very difficult to come up with
different workloads and pathways in a health care
system that is striving to be integrated”

The inability to precisely differentiate responders
from non-responders and the logistical difficulty
to operationalize HTE are reasons why most
payers don’t focus on HTE.
Payers will not restrict coverage at political risk
if they feel that prescribers would steer patients
to their right drug; but if payers have evidence of
safety concerns it is an ethical duty to prevent
patients from receiving drugs that could harm
them.
In cases where coverage determinations work
against individual patients, payers have an
appeals process for the exceptions.
RCTs are the most trusted source to establish
evidence on treatment effectiveness and this
extends to evaluating HTE evidence in most
cases.
While most payers agree that biomarkers are
most useful in predicting response to treatment,
almost all payers stress that the quality and
magnitude of evidence determines the usability
of any predictor.
In the current environment, payers were less
likely to discuss cost as a factor that affects their
decision and most payers indicate that this
happens in a subsequent step in the evaluation
process.
The degree to which HTE evidence is
incorporated into coverage policies will depend
on the predictive value of the characteristic in
question and the ability to accurately and
pragmatically distinguish responders from nonresponders.

“If I think providers are doing the right thing, I just get
out of their way”
“It is an ethical issue in oncology. If the ultimate
outcome is death, you don’t want to ever put a patient
at risk when there is an appropriate treatment choice”
“Appeals are to deal with the exceptions…Usually, in
an appeal there is something new to be said and it is
where a peer to peer approach is very productive.”
“As far as HTE goes, if it is specifically mentioned in
trials, we will follow something like that but if the
evidence is available through few reports here and few
reports there, we will have a hard time limiting
coverage for certain patients.”
“The use of any factor goes back to the clinical trial
data and strength of the subgroup analysis. Sometimes
studies are not powered for the conclusion you want to
reach.”
“If we examine a drug and there are no overarching
safety or efficacy reasons to put restrictions on the use
of the drug, we would only make a clinical
recommendation to the financial department that looks
at costs separately.”
“From our standpoint, the ability to use characteristics
other than those that are 100% predictive is
questionable.”
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Theme 2: The inability to precisely differentiate responders from non-responders
and the logistical difficulty to operationalize HTE are reasons why most payers
don’t focus on HTE. Payers identified two main reasons why they don’t get into the
details of HTE when designing coverage policies, unless it is in the label. First, payers
don’t believe that science has advanced far enough that it can be used to clearly
differentiate responders from non-responders. For example, it is always a challenge when
a biomarker result for a specific patient is negative. A patient with a negative finding
doesn’t exclusively mean that a patient won't benefit from the treatment; it indicates that
the patient won’t benefit as much compared to a patient with a positive result. In that
situation, payers indicated that they may not even require prior authorization because the
argument could still be that the payer is denying treatment for a patient who has some
magnitude of a response.
Payers indicated that biomarkers are especially useful in two scenarios. First, if a
biomarker clearly identifies (i.e., is predictive of) responders from non-responders. An
example is testing for HER2 (Human epidermal growth factor receptor 2) positivity to
predict the effectiveness of trastuzumab in patients with breast cancer. Trastuzumab is
only effective in patients with a HER2 positive breast cancer. Second, a biomarker is also
very useful when it restricts the population to a very small percent of responders where
testing teases that group out. An example that was reported multiple times during the
interviews is testing for anaplastic lymphoma kinase (ALK) positivity using the Vysis
ALK Break Apart FISH Probe Kit to predict the effectiveness of crizotinib in patients
with metastatic non-small cell lung cancer (NSCLC). About 1 – 7 percent of patients with
NSCLC have the ALK gene abnormality and would therefore benefit from crizotinib.
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Payers agreed that factors other than biomarkers, including clinical and
sociodemographic factors don’t make sense biologically to differentiate responders from
non-respondents because they are inherently not directly related to the pathophysiology
of the disease nor are they related to the mechanism of action of the drug. However,
sociodemographic and clinical factors have other uses in prior authorizations. For
example, two payers noted that there is some utility to patient’s age since it can be
associated with safety/toxicity of anticancer medications. Similarly, performance status
has been used by payers in prior authorization criteria for other reasons unrelated to the
effectiveness of treatment. For example, Eastern Cooperative Oncology Group (ECOG)
performance status is used by many payers in coverage policies for patients taking
Sipuleucel-T for metastatic prostate cancer. Patients have to be in the ECOG 0 or 1 group
(i.e., good performance status) to qualify for coverage.
Second, payers frequently said that it can sometimes be logistically difficult to
translate HTE evidence into coverage policies for large payers (and can be resource
consuming for smaller payers). For large payers, it is logistically very difficult to come
up with different workloads and clinical pathways for all patients. Therefore, P&T
committees trust that physicians will be steering patients to their most effective treatment
option without searching for HTE evidence and incorporating it into coverage policy.

Theme 3: Payers will not restrict coverage based on HTE evidence at political risk if
they feel that prescribers would steer patients to their right drug; but if payers have
evidence of safety concerns it is an ethical duty to prevent patients from receiving
drugs that could harm them. Payers stated that they will more likely develop coverage
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policies incorporating HTE evidence to avoid steerage of a drug to patients in whom
there are safety concerns and to steer drugs away from patients who can be classified as
very poor or non-respondents. In cases of safety concerns, it becomes essentially an
ethical duty to limit access to patients who can be potentially harmed. All payers agreed
that it is crucial to do no harm to patients.
Steering away drugs from very poor responders or non-responders is an important
target for coverage restriction for all payers. All payers want to make sure that the drugs
their patients are receiving are working well. Steerage of drugs to “above average”
responders is also important in the context of clinical pathways but seem to be less of an
issue to some payers over others. Some payers stated that if a drug works exceptionally
well for some patients then this is “good for them.” Other payers said that if a drug works
exceptionally well for a group of patients then they will want to make sure that there is a
program or clinical pathway in place to make sure that these drugs are steered to patient
population who would derive the most benefit. Moreover, the treating oncologist plays a
critical role in the absence of a policy in either situation.

Theme 4: After accounting for HTE evidence, coverage policies may still work
against individual patients for whom appeals can be made. Payers understand that
there are exceptions to any rule and that is why an appeals process is always in place.
Payers acknowledged that they have to be perfectly objective and systematic in the way
they review evidence for coverage determination. Therefore, coverage decisions for the
masses or for appeals decisions for individuals are both derived from the same set of
guidelines and evidence base. All payers indicated that appeals are dealt in a case-by-case
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basis where payers will obtain detailed discussions about a specific patient, listen to the
physician, review the evidence closely and will look for reasons to approve rather than
deny coverage for that individual patient as long as the evidence is strong enough to
support that specific case. Payers unanimously agreed that RCTs are weighed most
heavily for making coverage policies for the masses as well as in the context of appeals.
However, for appeals, in addition to RCTs, observational studies are also very important
and are more compelling when looking at an individual patient compared to group
coverage. If multiple appeals stand out to one issue, payers stated that they were more
likely to review the coverage determination for the population of enrollees.

5.3.3 Payers’ views on sources of HTE evidence
Theme 5: RCTs are the most trusted source to establish evidence on treatment
effectiveness and this extends to evaluating HTE evidence in most cases. All payers
agree that well-conducted RCTs in peer-reviewed journals remain the most reliable
source for establishing treatment effectiveness, and this notion extends to evaluating HTE
as well. However, all payers cautioned that RCTs can’t answer all types of HTE
questions. For example, due to the narrowly-defined population included in RCTs, some
interesting HTE questions can’t be answered such as “how does the treatment
effectiveness vary by comorbidity status?” Other questions that require longer periods of
follow up would also be very expensive to answer using RCTs, in which cases
observational studies may be of importance.
All payers agreed that the source of evidence must provide clinical utility, for
example, by addressing survival as an outcome. All payers have indicated that they
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ultimately use all types of available evidence. In addition to RCTs, most payers use a
combination of Medicare approved compendia, observational studies, systematic reviews,
meta-analyses, in-house research, and pragmatic clinical trials. Some payers indicated
that observational studies are not enough to support coverage decisions but are more
compelling as evidence to support appeals. In addition, structured systematic reviews and
meta-analysis are growing and although they are not the highest level of evidence, they
present a structure and help fuel recommendations.

Theme 6: While most payers agree that biomarkers are most useful in predicting
response to treatment, almost all payers stress that the quality and magnitude of
evidence determines the usability of any predictor. There is a continuum of predictive
value of the predictor categories i.e., generally biomarkers are more useful than clinical
factors, which are more useful than sociodemographic factors in predicting response to
treatment. However, the quality and magnitude of evidence is always the key to the
usability of these factors. Payers prefer the “cut and dry” predictors (which in many cases
are the biomarker evidence) and tend to avoid the controversial grey area. One reason
why payers thought biomarkers are more appealing is that biomarkers are more related to
the pathophysiology of the disease and the mechanism of action of the drug compared to
other factors. In addition, the efficiency of genetic testing of biomarkers increases over
time as we learn more about pharmacogenomics, and thus payers trust their predictive
power over time.
Many payers added that there is a lot of HTE evidence that is “no good” and
doesn't give a clear cut answer, which are usually the sociodemographic and clinical
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factors. The general consensus was that if there is not good enough HTE evidence, then
payers were more likely to use that evidence until more definitive HTE evidence arises.
However, some payers indicated that they may use the best evidence they have including
sociodemographic or clinical characteristics. For example, prior to the breast cancer
Oncotype panel, two payers indicated that they used patient’s age and size of tumor at
point of surgery for prior authorization criteria. However, in the presence of a “good”
biomarker, most coverage policies will not be specific enough to include
sociodemographic or clinical subgroups unless they are specifically indicated in the FDA
label.

5.3.4 Payers’ views on factors that can potentially impact and inform
coverage restrictions of oncology drugs
Theme 7: Factors that influence the general HTA process also would come into play
when assessing HTE evidence. There are processes in place that are so ingrained in the
United States health care system and the way in which payers evaluate a health care
technology. Whether payers are performing HTA in general or assessing HTE
specifically, these processes and factors will influence how HTE evidence gets translated
into coverage policies.
The FDA label was the most overwhelming determinant for restricting coverage.
Almost all payers stated that it is almost impossible for an oncology drug to be covered
for certain subgroups unless that specific indication was on the FDA labeling. Most
payers indicated that the FDA label is always a very good starting point for a coverage
policy that accounts for HTE, although a couple stressed that payers should not blindly
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“copy” what the FDA says and should investigate HTE in relation to their plan members.
In the situation where the label has a companion diagnostic test built into, payers found it
easy to formulate a coverage policy based on the companion diagnostic. There are many
examples of oncology treatments that were approved by the FDA based on a companion
diagnostic test and were used by payers in coverage policies. These include the use of
PathVysion HER2 DNA Probe Kit to test for the HER2/neu gene among patients
receiving trastuzumab for breast cancer. Other examples include the Roche cobas 4800
BRAF V600 mutation test to test for the BRAF mutation among patients receiving zelboraf
for metastatic melanoma, Vysis ALK Break Apart FISH Probe Kit to test for

rearrangements in the ALK gene among patients receiving crizotinib for NSCLC, and
therascreen KRAS RGQ PCR Kit to test for seven mutations in the KRAS oncogene
among patients receiving cetuximab for colorectal cancer. However, when the HTE was
in relation to a sociodemographic feature, it was somewhat harder to translate that HTE
information into policy. The example that was given by two payers was belimumab, a
drug used to treat systemic lupus erythematosus. Two RCTs demonstrated the
effectiveness and safety of belimumab in lupus patients, excluding patients who have
received prior B-cell targeted therapy or intravenous cyclophosphamide and those
patients with the more severe lupus involving the central nervous system and
kidneys.108,109 African American patients who were enrolled in the two RCTs did not
respond to belimumab as well leading the FDA to caution against its use in African
Americans in its labeling. Both payers indicated that they would still cover it for African
Americans but would use a “watch and wait” approach.
Another highly weighted factor that affects the incorporation of HTE evidence in
relation to coverage policy is the oncology treatment guidelines, most importantly the
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National Comprehensive Cancer Network (NCCN) and the ASCO treatment guidelines.
All payers agreed that these guidelines are highly representative of the current medical
practice in oncology. Some payers even use this as their reference such that they would
cover drugs that are under specific classes (for example, class 1, 2A, and 2B). As for
HTE, payers would pay attention to the HTE evidence and recommendations in these
guidelines.
As in the HTA process, the quality and magnitude of evidence plays a critical
role in the evaluation of HTE. Well conducted RCTs published in peer reviewed journals
and with clinically meaningful endpoints represent the highest level of evidence for
determining the importance of HTE. In addition, in the context of HTE, many payers
agreed that observational studies provide a unique opportunity to examine HTE in the
real world where a more heterogeneous population can be studied compared to the RCT
population.
Many payers agree that they should not test for response to a drug unless they are
going to make use of the result. Many payers indicate that a marginally effective drug,
even if a test is available to determine who responds better to it, would not be used
because of the availability of effective alternative substitute therapies. An example is
Sipuleucel-T and its substitute docetaxel-based regimen for metastatic castrate resistant
prostate cancer. The more expensive sipuleucel-T has only been studied in a very narrow
population which does not necessarily extend to the real world. In that case where there
are alternatives for treating metastatic prostate cancer, the decision to cover Sipuleucel-T
for the trial population only was based on how many payers approached the coverage of
Sipuleucel-T. Another example is abiraterone and enzalutamide for metastatic castrate
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resistant prostate cancer. Abiraterone is less expensive compared to enzalutamide and has
a limited patent life (only 3 years). Therefore, there is bias favoring covering abiraterone
over enzalutamide; however, payers who cited this example indicated that if a patient
shows diagnostic evidence that he is more likely to respond to enzalutamide, the patient
would be covered.
Additionally, payers mentioned other factors that would come into play when
incorporating HTE evidence into coverage policies. Some payers stated that if the
oncology drug under evaluation is a second or third line of treatment they were more
likely to approve coverage for the subgroup that can potentially benefit from it. In
addition, payers indicated that they are more likely to cover an oncology drug used to
treat an aggressive cancer (such as NSCLC) compared to an indolent cancer (such as
medullary thyroid cancer). Moreover, payers who were familiar in the world of oncology
made it clear that there is a great deal of emotions and politics involved in cancers and
that all efforts should be made to make sure that cancer patients have the necessary drugs
covered.
Payers were less likely to discuss cost and indicated that this happens in a
subsequent step in the evaluation process. Most of the payer respondents were involved
in the clinical evaluation team and not in the economic evaluation. Therefore, most were
reluctant to speak about costs of drugs or companion diagnostic tests. Many payers admit
that cost may be an impetus of a policy but the ultimate determinant of a coverage
decision was the effectiveness and safety evidence. Many examples in oncology, recently
Sipuleucel-T in metastatic prostate cancer, indicate that very expensive treatments are
covered despite the costs.
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Theme 8: The degree to which HTE evidence is incorporated into coverage policies
will depend on the predictive value of the characteristic in question and the ability
to accurately and pragmatically distinguish responders from non-responders. In
addition to the prior factors that could be generalized to HTA, there are some HTEspecific factors that affect how HTE evidence can be incorporated into coverage policies.
One of the most cited factors that would determine the degree to which HTE
evidence can be incorporated into coverage policy is the predictive value of the
characteristic in question. Many payers stated that testing for Philadelphia chromosome
positivity in patients with acute lymphoblastic leukemia when taking imatinib is a good
example of a characteristic that is highly predictive of response to treatment and is
considered one of the “easier” decisions for payers to make as to whether they can be
used to shape coverage policies. The less “cut-and-dry” factors that may predict response
to treatment, such as age and race, even if they are highly predictive of response to
treatment, are generally not used to steer drugs away from patient subgroups that do not
respond as well. However, all payers stressed that the coverage policy will include the
HTE piece of information.
Specific to biomarkers and drugs that are approved with a companion diagnostic
test, the clinical and analytic validity of the test used to detect the presence or absence
of a specific genotype is one of the major factors that payers talked about. If a test can, to
a reasonable extent of sensitivity and specificity, identify the specific genetic
arrangement that is associated with improved or worsened response to treatment, then
this test would be used to guide therapy in clinical pathways and would be covered.
However, as almost all payers noted, such tests are not always available. In 2011, there
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were 3 drug approvals with companion diagnostic tests where you can identify
responders using other non-FDA approved tests but the problem remains that it is very
difficult to justify the non-FDA approved.
Many payers also stated that operationalization of the test at point of
prescribing can impact whether the test gets covered or not. Payers identified 3 questions
to determine whether the test is easy or difficult to operationalize: is the test FDA
approved? How complicated is it to perform the test? How long to get the results?
Payers also identified the background prevalence of the mutation that predicts
response to treatment. When the background prevalence of the desired mutation is low,
payers indicated that it made more sense to use the companion diagnostic test to identify
those small numbers of patients. (For example, crizotinib for NSCLC)
One payer pointed out the concept of physician practice gap. A physician
practice gap is defined as a clinically important difference between the distribution of
treatment practices occurring in a given provider population, compared to the pattern that
would be expected in that setting if providers followed evidence-based best practice
guidance. If physicians are following the NCCN or ASCO guidelines and are
appropriately giving medications to patients who they would expect to respond to
treatment and steering drugs away from patient subgroups who are not expected to derive
benefit, then there is no need for a policy to restrict access. On the other hand, if there is a
significant practice gap, a coverage policy becomes necessary.
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5.3.5 Payers’ Views on the Conceptual Framework
All payers agreed that the proposed conceptual framework of the decision-making
framework represented a good starting point. However, some changes were proposed at
the end of each interview. These changes were incorporated into the proposed framework
and hence an updated framework (Figure 17) was produced to update the conceptual
framework. To follow is a summary of these changes:
1. Heterogeneity of treatment effectiveness and safety profiles are generally
considered simultaneously. Therefore, when making a coverage decision, it does
not make sense to pay more attention to effectiveness over safety or vice versa.
Therefore, the recommendation was to group both under the HTE evidence
domain.
2. Business-related factors refer to other reasons for putting restrictions to access for
certain subgroups e.g. putting prior authorization for off label use, specialty
pharmacy restrictions to ensure appropriate disease and case management, and
provider type access programs. While business-related factors are important
reasons for putting restriction on drug access, they do not directly refer to HTE.
The recommendation was to remove the whole domain.
3. In addition to what may be politically infeasible, a policy may be very hard to
operationalize or implement in the real world. The recommendation was to add
operation next to political feasibility.
4. Prior to making a coverage determination, it was recommended by many payers
that if physicians are ‘doing the right thing,’ then there is no need for a policy.
One payer defined this as detecting a significant physician practice gap.
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Therefore, it was recommended that payers should examine whether a physician
practice gap exists and then decide on whether a policy is needed to impose
restrictions.

Figure 17. The updated conceptual framework describing the multistage decision-making
processes for using HTE evidence to inform coverage decisions based on payer feedback

The HTE evidence boxes apply to safety and effectiveness evidence.

114

5.4 Discussion
Payers need better HTE evidence to improve coverage policies
Payers expressed the need for high quality definitive HTE evidence that can be
used to inform coverage policies. Until personalized medicine, particularly genomic
medicine, evolves to produce more definitive HTE evidence, the ability for payers to use
the available HTE evidence in the current environment will be limited. Until the research
community is able to more accurately identify better predictors of response to treatment,
probably at the pharmacogenetic level, payers would have to make more distinct
coverage decisions.

Transparency and Standardization
All payers agree that a more transparent and standardized approach to evaluating
and integrating HTE evidence into coverage policies need to be in place. Only a couple of
payers of those interviewed currently have formulary meetings made open to the public.
However, all payers agreed that the formulary decision-making process needs to be more
transparent. Additionally, only one payer indicated that they have a standardized
approach to evaluating HTE. All the rest of payers who dealt with HTE in P&T
committees as they arise or depending on the significance of the topic indicated that it is
also important to have a standardized approach.

The present and future of genomic testing
An interesting economic perspective to the genomic testing of patients was brought
up during the interviews with one of the payers. That payer stated that there are two
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systems that mirror the current and potential future of genomic testing. The first is the
Just-In-Time (JIT) system in which a patient population eligible for receiving the drug
gets tested when they start the drug. The payer explains that while the JIT is efficient in
the current environment, it is not going to be as efficient in the future. In the future, a
Just-In-Case (JIC) system is expected to be more efficient. A JIC system involves
preemptive genotyping of an entire individual genetic make-up so that if that patient
receives the drug of interest, the information will be readily available. Thus, because the
technology and cost of testing is outpacing the rate to implement clinically, it soon is
going to be cost effective to preemptively test a therapy even if they don't take the drug
because of economies of scale.

Strengths and Limitations
This study has several strengths. Respondents represented a good mix of various
payer types across the US with respect to geographic location, payer size, and payer type.
At the respondent level, we interviewed a relatively balanced sample with regard to job
responsibility (pharmacy and medical), although interviewees who represented the
pharmacy side were a slightly more. Our sample was intentionally a highly selected
sample (as opposed to a simple random sample), and thus providing more rich and
targeted information to answer the research question. Our study was limited in that we
did not validate the interview guide since this study was exploratory in nature. However,
we pilot tested and refined the interview guide with a couple of payers. Additionally, we
did not use objective responses in most of our questions which limited our ability to use
robust statistical techniques in analysis. However, we intentionally used open-ended
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questions to give room for discussion and potentially generate hypotheses that could be
tested in future research.

5.5 Conclusion
There are a variety of factors that payers consider before making a coverage
determination and it is important to understand how these factors interplay in a coverage
decision-making context. In the area of oncology, payers understand that HTE is
important to incorporate in coverage decisions. When effectively integrated and applied
into coverage and reimbursement decisions, HTE can help improve the health care
delivery system by providing treatments to patients in whom there is expected benefit and
no harm.
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6 Conclusions, Policy Implications, and Future Research
RCTs have been key for developing treatment guidelines in prostate cancer and
developing payment rules in the healthcare insurance sector. However, it still remains a
problem that RCTs are not representing all patients seen in routine clinical practice,
making their results not applicable to the individual patient in cases where patient
characteristics seen in the real world do not resemble patients enrolled in clinical trials.
There is a big opportunity to use cancer registries and claims data to strengthen the real
world evidence base and answer HTE-related questions. This dissertation used the SEERMedicare datasets to examine the phenomenon of HTE in prostate cancer. The overall
purpose of this dissertation was to estimate the survival benefit and cost effectiveness of
ADT in patients with newly diagnosed S4M1 prostate cancer among different subgroups
defined by Gleason score and age.
Our results suggest that ADT provides survival benefit and is cost effective on
average for all Medicare patients newly diagnosed with S4M1 prostate cancer. Across
age subgroups, ADT provides statistically significant survival benefit and is cost effective
for all subgroups. Men in the 80+ age group gain the greatest survival benefit from ADT
across all age subgroups. Across Gleason score subgroups, men with Gleason score 2 – 6
do not benefit from ADT. As far as cost effectiveness, no inference could be made since
the median survival was not reached. Therefore, our data does not support the conclusion
that ADT is not cost effective in this group but it is the only group for which we can’t
claim that ADT is cost effective. Men with Gleason score 7 gained a non-statistically
significant survival benefit from ADT. While cost effective in that group, there is some
uncertainty in the cost effectiveness. ADT was cost effective with 100% certainty in the
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Gleason 8 – 10 subgroup. Patients with unknown Gleason score or in whom Gleason
score test was not ordered and not performed gained significant survival benefit from
ADT. ADT was a dominant strategy for men in whom the Gleason score test was not
ordered or performed.
The literature has inadequately addressed questions related to HTE of ADT in
prostate cancer, both in terms of the number of studies and their quality. The lack of
studies are partly because of the firmly held belief and RCT-driven evidence base that
supports ADT use as a highly effective treatment in all men with S4M1 disease.
However, in multiple SEER-Medicare analyses, including ours, we have seen a consistent
1:3 ratio with respect to use of ADT in S4M1 prostate cancer. i.e., for every 3 ADT users
there is a non-ADT user who should be receiving ADT according to guidelines.110,111 It is
not clear why 25% of men who should be treated with ADT are not receiving ADT. With
respect to the quality of the studies, it can be argued that the study design may be
misleading. We describe in more details these concepts in another paper.2 In brief, when
looking at survival as an outcome, patients should make an informed decision on whether
they should receive ADT or not. This decision is a function of whether they believe ADT
would provide an important incremental benefit compared to them not receiving ADT. In
other words, if a patient knew that he would live 3 years without ADT and would live 3
years and one day with ADT, the patient may feel that this is not the best option
especially that the patient has to deal with the long term well established side effects of
ADT.112-114 As pointed out throughout this dissertation, many studies only report what
would happen if you receive ADT and do not account for the background effect. One
important implication of this research is that prescribers should make their patients aware
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of the survival trajectories both on and off treatment when making shared decisions on
treatments that their patients should receive.
If we interpret the data from an absolute value standpoint we would reach some
straightforward conclusions. If we use the common WTP threshold of $50,000/LYG, all
men newly diagnosed with S4M1 prostate cancer should get treated with ADT. If we
interpret the data from a relative sense, men with Gleason score 8 – 10 get a better return
from ADT both from survival and cost effectiveness standpoints. These results could
inform public policy programs. For example, if the government is spending dollars on
educational outreach programs, it should be targeting men who are not receiving ADT
and could benefit the most i.e., men who are older than 80 years and have a Gleason
score 8 - 10. We are not recommending against contacting younger men with lower
Gleason scores who are not treated. They should get treated but it is most important to
target those who are expected to benefit the most first.
Similarly, these results can be used by payers when making coverage decisions in
formulary committee meetings. In the case of a subgroup like Gleason score 8 – 10, in
which ADT is clearly beneficial and cost effective, it is clear that an insurer would cover
ADT for this subgroup. For a subgroup like men with Gleason score 7, where ADT is
effective and cost effective but with a degree of uncertainty, an insurer may put it on
formulary, gather more information, and revisit in the subsequent year. For a subgroup
like Gleason score 2 – 6, in which ADT is not effective, an insurer may still put it on
formulary if that subgroup constituted a small group of their enrollees and assume that
medical oncologists would appropriately prescribe ADT in accordance with the
guidelines. However, if men in that group are large enough, then a prior authorization
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policy could be put in place since a justification would be required by the medical
oncologist to prescribe a treatment that, based on this data, does not confer any survival
benefit to this subgroup.
The qualitative part of this dissertation has revealed some interesting findings
about how payers used HTE evidence when formulating coverage policy in oncology. In
summary, all payers agreed that HTE is important to incorporate into coverage policies of
oncology treatments, yet most payers do not delve into HTE details unless it is
specifically indicated in the FDA label. There are two main reasons why payers don’t
focus on HTE: the inability to precisely differentiate responders from non-responders and
the logistical difficulty to operationalize HTE. Payers cited certain factors that would
come into play when incorporating HTE evidence into coverage policies: what the FDA
label indicates or recommends, NCCN treatment guidelines, quality/magnitude of HTE
evidence, availability of effective alternative substitutes, line of treatment, aggressiveness
of cancer, and politics. When a biomarker and a companion diagnostic is involved, the
degree to which HTE evidence is incorporated into coverage policies will depend on the
predictive value of the characteristic in question (e.g., clinical and analytic validity of
test) and the ability to accurately and pragmatically distinguish responders from nonresponders (e.g., operationalization of test at point of prescribing, physician practice
gaps). One lesson learned from this qualitative work is that payers should be very
transparent on how coverage and reimbursement decisions are being made. Also, more
effort should be made to understand what payers need in order to make better coverage
decisions.
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There are at least 3 potential areas for future research. First, since the number of
patients in the Gleason 2 – 6 category accounted for 3.8% of the full sample, it was hard
to make any conclusions due to statistical uncertainty. Another study that applied similar
inclusion and exclusion criteria confirms that low prevalence.115 However, based on
anecdotal evidence, many patients seen in the real-world are in the range of Gleason
score 5 and 7. Based on an analysis using SEER data among incident cases (N=82,541)
of prostate cancer with no stage/grade restriction, 45% of men had a Gleason score of 5 –
6.116 Therefore, it seems that men particularly with S4M1 prostate cancer present with
advanced Gleason score. In fact, a question raised by few medical oncologists in the past
couple of years called for reconsidering whether Gleason score 6 patients should be
referred to as cancerous.117
Second, a clinically relevant question that should be examined, perhaps
qualitatively, is “why are 25% of S4M1 men not treated with ADT?” This guideline
discordant behavior is not only prevalent in the metastatic setting, but it has been
previously investigated in men with non-metastatic prostate cancer. Kuykendal estimated
that about 15% of high-risk men received ADT as primary therapy which was not in
accordance with the guidelines.118 The authors estimated a $42 million cost due to
guideline discordant prescribing in the non-metastatic setting across all risk groups.
Third, a comprehensive model that could predict response to treatment coupled
with a software that can communicate that information simply to patients could be
developed to provide guidance on treatment decisions. Tools such as these can help in
decision making especially in the area of oncology where decision makers are facing
multiple unique challenges including the high cost of anticancer treatments and the lack
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of high-quality “big” data that can be used to inform individual treatment decisions and
guide coverage policy.
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7 Appendices
7.1 Appendix 1. Datasets
The SEER-Medicare data is the result of linking of two large sources of data that
provide patient-level data about Medicare beneficiaries with cancer. The first source of
data come from the SEER program of 17 cancer registries that has clinical and
demographic information as well as information on cause of death for persons with
cancer. The second source of information comes from the Center for Medicare and
Medicaid Services, which provide information recorded on Medicare claims for covered
health care services starting from the time of Medicare eligibility until death. Table 13
summarizes the various SEER-Medicare files used in this dissertation.
Table 13. SEER-Medicare files and description of contents
Name of File
Patient Entitlement
and Diagnosis
Summary file
(PEDSF)
Medicare Provider
Analysis and Review
(MEDPAR)

Source
SEER

National Claims
History (NCH)

Medicare

Outpatient files
(OUTPT)
Home Health
Agencies (HHA)
Hospice

Medicare

Durable Medical
Equipment (DME)

Medicare

Prescription Drug
Event (PDE)

Medicare

Medicare

Medicare
Medicare

Description of contents in each file
Contains basic entitlement information on cancer cases such as birth
date, date of death, race, residence state; Medicare eligibility, reason
for Medicare entitlement, HMO enrollment, and socioeconomic
information, and Part D enrollment information (2006+)
Contains all Medicare Part A claims indicating short stay, long stay,
and skilled nursing facility stays (SNF) as well as up to 10 ICD-9
diagnoses and 10 procedures performed per admission.
Contains all Medicare Part B claims generated due to physician or
supplier services in clinics, hospitals, or other sites. Both NCH and
OUTPT files will be used to obtain information such as Procedural
HCPCS code, diagnoses, dates of claims, PADT and chemotherapy
administration, and reimbursement amounts
Contains all Medicare Part B claims from outpatient providers
Contains claims for all home health care such as number and type of
visits, and diagnoses
Contains claims submitted by hospice providers: Information on type
of care (inpatient care or routine home care) as well as terminal
diagnosis associated with that care.
Contains claims with information on use of oral and intravenous
chemotherapy and ADT, and infusion pumps used.

Contains information about drug utilization: date of prescription fill,
drug dispensed (identified by National Drug Code), quantity
dispensed, days supplied, total cost and out-of-pocket cost
HCPCS: Healthcare Common Procedure Coding System; HMO: Health maintenance organization
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7.2 Appendix 2. Study population
We identified 10,634 patients who were diagnosed with S4M1 prostate cancer
between 2004 and 2009 as their primary cancer. When selecting the final study sample,
we applied exclusion criteria that can be divided into 2 sets. The first set of exclusion
criteria, data validity criteria, helps maximize data validity. To ensure data validity, we
excluded patients who 1) had an unknown diagnosis month or year (n=119), 2) post
mortem diagnosis of prostate cancer (n=15), 3) less than 66 years old at diagnosis
(n=1,829) to allow for one year of pre-diagnosis clinical information for assessment of
baseline comorbidities, 4) had no cancer in the 5 years prior to prostate cancer diagnosis
(n=652), 5) were not continuously enrolled in Medicare Parts A & B in the 12 months
prior to and including the month of diagnosis (n=2,244), 6) were enrolled in an HMO in
the 12 months prior to and including the month of diagnosis (n=2,325), and 7) had more
than one prostate cancer diagnosis on different dates (n=4). The second set of criteria
helps make the sample more appropriate to answer the research question. For example,
we excluded patients who received ADT more than 30 days before diagnosis or later than
6 months after diagnosis (n=264). The final sample totaled 4,691 patients. Figure 5
illustrates cohort selection as described here.
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7.3 Appendix 3. Propensity score model
The propensity score model included the following variables:
•

Patient age at diagnosis

•

Racial/ethnic group

•

Currently married

•

Poorly differentiated tumor

•

High PSA level at baseline

•

Gleason score

•

Urban residential location.

•

Elixhauser comorbidities

•

Proxy measures of poor performance status based on whether a patient had a
claim during the 12 months pre-diagnosis that indicated the use of a wheelchair,
a walking aid, home oxygen, a skilled nursing facility, or a hospitalization.

•

Receipt of flu vaccination or colorectal cancer screening in the year prior to
diagnosis.

•

Indicators for diagnosis years

•

Indicators for locations of SEER registries

•

Pre-diagnosis primary care physician contact.

The concordance statistic was 0.78 i.e., the propensity score model was able to
explain 78% of the assignment to ADT. Figure 18 shows the degree to which the
propensity scores of the treated and untreated groups overlap. As shown, the overlap
between both groups is less than ideal making propensity score matching less than ideal.
Hence, IPTW was chosen to address selection bias over matching. The other reason why
126

IPTW was chosen is to preserve the sample size which is particularly important in an
analysis that estimates HTE.

Figure 18. Propensity score overlap between ADT and non-ADT groups
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7.4 Appendix 4. Cox proportional hazards model
The Cox proportional hazards model was used to estimate the survival benefit
associated with ADT across Gleason score and age subgroups. Being a semi-parametric
model, the Cox proportional hazards model allows the estimation of the hazard of an
event occurring at time t without specifying a probability distribution of the outcomes.
Additionally, the model assumes that the hazard of an event is due to an unknown
baseline hazard function (α), an exposure (X1), and a set of covariates (Xj):
log hi(t)= α + β1Xi1 + β2Xi2 + · · · + βjXij or
hi(t) = exp(α + β1Xi1 + β2Xi2 + · · · + βjXij)
The β coefficient represents an estimate of the impact of each variable on the
hazard of an event. The Cox proportional hazards model uses a non-parametric partial
likelihood estimation technique in which the model ranks (i.e. does not use the actual
time) the timing of events, and then, for each ranked time of event, a partial likelihood
estimate is computed by comparing the covariate distribution of those who have
experienced the event to those who did not experience the event up to that time. The Cox
proportional hazards model can accommodate time varying covariates by allowing the
covariate structure to vary each time an event occurs. Additionally, the model accounts
for censored patients by allowing them to contribute to the risk set until they become
censored. Therefore, the Cox proportional hazards model represents a framework that can
account for censored patients and time varying variables. Also, the model assumes that
the HR for 2 individuals is constant over time and that the hazard difference between 2
levels of a covariate is the same.
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Age-by-ADT and Gleason score-by-ADT interaction terms were included in the
model to identify the survival benefit associated with ADT receipt among each subgroup.
Using the same notation indicated as before, the hazard function can be expressed as:
hi(t) = h0(t) exp (β1ADTi+ β2Zi+β3X*I + β4ADTi×Zi)
Let hi denote the hazard for subject I at time t. Let h0 denote the baseline hazard.
Variables in the model are defined as follows: ADT represents any receipt of ADT
within 6 months of diagnosis; Z represents the continuous/ordinal variable on which HTE
is to be tested (i.e. age or Gleason score level at diagnosis); X* represents other
confounders to be controlled for in the Cox model; and ADT×Z is the interaction term
between ADT and the continuous/ordinal variable Z.
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7.5 Appendix 5. Cox proportional hazards model Diagnostics
There are multiple ways in which the proportional hazards model assumption can
be tested. First, we plot the the Kaplan–Meier estimated curves for ADT and non-ADT
groups together with the Cox model predicted baseline survival curve. The closer the
observed values overlap with predicted values, the less likely the proportional hazards
assumption has been violated. As shown in Figure 19 below, the ADT group observed
values are close to the predicted values; however, for the non-ADT group that is not
always the case.
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0.20 0.40 0.60 0.80
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Figure 19. Kaplan–Meier estimated curves for ADT and non-ADT groups together with
the Cox model predicted baseline survival curve.
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Another method to test for the proportional hazards assumption is to plot the –
log(-log Survival probability) against log time for the ADT and non-ADT groups and if
the lines run parallel (or at least do not cross), then the proportional hazards assumption
is met. As we can observe from Figure 20, the lines do not cross but approach each other
towards the end of the observation period. This typically occurs in real-world database
analysis since the number of patients gets smaller and the estimation of the –log(-log
survival probability) becomes relatively unstable.
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Figure 20. A plot of log(-log Survival probability) against log time for the ADT and nonADT groups
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While the proportional hazards assumption seems to be violated to some extent,
for an analysis of HTE, it might not be of a great concern. In fact, Paul Allison argues
“Although many researchers get very concerned about whether their data satisfy this
assumption, I believe that those concerns are often unwarranted. If the assumption is
violated for a particular predictor variable, it simply means that the coefficient for this
variable represents a kind of “average” effect over the period of observation.”119 In our
analysis, we are concerned more about the heterogeneity and an average effect over time
should suffice. Additionally, introducing another dimension (i.e., time) may make it more
complicated to interpret.
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7.6 Appendix 6. Multivariable fractional polynomial Interaction
Fractional polynomial models are a subset of generalized linear models in which
various powers of the covariates of interest are entered into the linear predictor.120 A
fractional polynomial regression model of order 1 (FP1) is one in which the linear
predictor takes the form β0 + β1Xp where p takes one of the values in set S where S = {−2,
−1, −0.5, 0, 0.5, 1, 2, 3} and x > 0. A fractional polynomial model of order 2 (FP2) is one
in which the linear predictor takes the form β0 + β1Xp1 + β2Xp2 or β0 + β1Xp + β2XplogX
for p in S and x >0. The multivariable fractional polynomial (MFP) procedure combines
fractional polynomial function selection procedure and backward elimination to arrive at
the ‘best’ model that fits the data keeping all continuous variables as they are. In order to
investigate whether an interaction effect is present between a binary variable and a
continuous variable, an extension of the MFP procedure, the multivariable fractional
polynomial interaction (MFPI) procedure, can be used as proposed by Royston and
Sauerbrei.121-125 The MFPI algorithm was used to model Gleason score and age and test
their interactions with ADT. Similar to the traditional interaction method, MFPI produces
a single numeric estimate of the interaction but takes into consideration the possibility of
a nonlinear relationship between response to treatment and the continuous/ordinal
covariate by selecting the best functional form that best fits the data. Therefore, MFPI has
the potential to uncover ‘real’ interaction effects that traditional methods fail to reveal.
Assuming that the MFP and MFPI chose a fractional polynomial of order 1 (FP1),
the hazard function takes the general form:
hi(t) = h0(t) exp (β1ADTi+ β2Zip+β3X*I + β4ADTi×Zip)
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Let hi denote the hazard for subject I at time t. Let h0 denote the baseline hazard.
Variables in the model are defined as follows: ADT represents any receipt of ADT within
6 months of diagnosis; Z represents the continuous/ordinal variable on which
heterogeneity is to be tested (i.e. age or Gleason score level at diagnosis) and superscript
p denotes the power value in set S where S = {−2, −1, −0.5, 0, 0.5, 1, 2, 3}; X* represents
other confounders to be controlled for in the Cox model; and ADT×Zp is the interaction
term between ADT and the fractional polynomial of continuous/ordinal variable Z. This
model was estimated as an exploratory data step only to identify empirically driven cutpoints that will be used in the final statistical data analysis. The difference between the
MFPI estimates between the treatment groups was plotted against the age and Gleason
score values on the x axis to produce a ‘treatment-effect plot.’ An interaction is present
when the plot is non-constant.
In Figures 21 through 24, the MFPI plots on the left graph the log HR ratio on
the y axis against the interacting variable (Gleason score or age) among ADT and nonADT groups separately. Then the difference between the log HR of the ADT and nonADT groups is plotted on the right graph. A constant line depicts a treatment effect that is
not changing with values of the interacting variable. A non-constant line depicts HTE.
Confidence bands are also drawn in the treatment effect plot to estimate the certainty
surrounding the estimates. Based on these figures, and more importantly clinical input,
we used Gleason score cutoff points at 2 – 6, 7, and 8 – 10. For age, we used 5-year
increments till 80 years. The horizontal line at the zero represents log HR of 1 which
mean no benefit/no harm.
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Figure 21. Prognostic effect of Gleason score on prostate cancer-specific survival among
ADT and non-ADT groups (Left graph) Treatment effect plot for prostate cancer-specific
survival across Gleason score values (Right graph)

Figure 22. Prognostic effect of Gleason score on overall survival among ADT and nonADT groups (Left graph) Treatment effect plot for overall survival across Gleason score
values (Right graph)
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Figure 23. Prognostic effect of age on prostate cancer-specific survival among ADT and
non-ADT groups (Left graph) Treatment effect plot for prostate cancer-specific survival
across age values (Right graph)

Figure 24. Prognostic effect of Gleason score on overall survival among ADT and nonADT groups (Left graph) Treatment effect plot for overall survival across Gleason score
values (Right graph)
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7.7 Appendix 7. Stratified Cohort Descriptive Tables
This appendix provides supplemental description of the study cohort. Since HTE is
the primary focus of the dissertation, we provide more detailed information on the study
cohort stratified by our variables of interest, age and Gleason score. Table 14 describes
the characteristics of the cohort according to Gleason score subgroups and ADT receipt
status. Table 15 describes the characteristics of the cohort according to age subgroups
and ADT receipt.
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Age
66-70
71-75
76-80
80+
Race/Ethnicity
Non-Hispanic White
Non-Hispanic Black
Hispanic
Other
SEER registry Census location
Northeast
South
North Central
West
Married
Urban residence
Charlson Comorbidity Index
0
1
2
3+
Missing
Poor performance proxy
High PSA at baseline
Poorly differentiated tumor
Year of diagnosis
2004
2005
2006
2007
2008
2009
23.8
22.2
19.0
34.9

24
33
27
46

18.5
25.4
20.8
35.4

ADT
N
%

NR: Not reported

138
52.4
17.5
NR
NR
NR
22.2
82.5
NR

33
11
NR
NR
NR
14
52
NR

59.2
23.1
NR
NR
NR
24.6
87.7
NR

19.2
21.5
19.2
40.0
63.8
81.5

NR 15.9 45 34.6
21 33.3 20 15.4
NR NR 27 20.8
NR NR NR NR
14 22.2 14 10.8
NR NR NR NR

77
30
NR
NR
NR
32
114
NR

NR 25
25.4 28
NR 25
44.4 52
60.3 83
85.7 106

NR
16
NR
28
38
54

42 66.7 101 77.7
NR NR NR NR
NR NR NR NR
NR NR NR NR

15
14
12
22

No ADT
N
%

2-6

23.8
31.4
19.0
25.7

110
118
107
176

21.5
23.1
20.9
34.4

ADT
N
%

11
23
16
55
65
99
295
95
40
48
33
121
482
480

57.7
18.6
7.8
9.4
6.5
23.7
94.3
93.9
19.0 108 21.1
22.9 97 19.0
23.8 93 18.2
NR 70 13.7
NR 71 13.9
13.3 72 14.1

49.5
15.2
NR
NR
18.1
25.7
88.6
95.2

10.5 79 15.5
21.9 92 18.0
15.2 91 17.8
52.4 249 48.7
61.9 327 64.0
94.3 439 85.9

19.5
18.0
21.5
41.0

355
426
400
632

19.6
23.5
22.1
34.9

ADT
N
%

8-10

19.8
16.6
16.3
15.1
19.8
12.5

312
318
336
304
313
230

17.2
17.5
18.5
16.8
17.3
12.7

47.1 1,036 57.1
11.6
368 20.3
8.1
167 9.2
5.8
130 7.2
27.3
112 6.2
20.6
423 23.3
91.6 1,635 90.2
99.4 1,798 99.2

18.9
399 22.0
18.6
315 17.4
16.3
276 15.2
46.2
823 45.4
56.1 1,134 62.5
91.3 1,614 89.0

238 69.2 1,425 78.6
68 19.8
199 11.0
18 5.2
100 5.5
20 5.8
89 4.9

67
62
74
141

No ADT
N
%

65
64
56
159
0.69 193
0.02 314
<0.01
162
40
28
20
94
0.66 71
0.03 315
0.60 342
0.43
68
57
56
52
68
43

0.43

<0.01

0.18

P

Gleason Score

68 64.8 381 74.6
NR NR 57 11.2
NR NR 51 10.0
NR NR 22 4.3

25
33
20
27

No ADT
N
%

52
16
NR
NR
19
0.71 27
0.33 93
0.49 100
<0.01
20
24
25
NR
NR
14

0.63
0.47
<0.01

0.39

0.34

0.84

P

7

0.28
0.42
0.64
0.62

0.02
0.21
<0.01

0.61

<0.01

0.08

P

Table 14. Sociodemographic and clinical characteristics of S4M1 prostate cancer men
diagnosed from 2004 – 2009: Total cohort and according to ADT receipt and Gleason
score subgroup

Table 14. Sociodemographic and clinical characteristics of S4M1 prostate cancer men
diagnosed from 2004 – 2009: Total cohort and according to ADT receipt and Gleason
score subgroup (Continued)
Unknown
No ADT
N
%
Age
66-70
71-75
76-80
80+
Race/Ethnicity
Non-Hispanic White
Non-Hispanic Black
Hispanic
Other
SEER registry Census location
Northeast
South
North Central
West
Married
Urban residence
Charlson Comorbidity Index
0
1
2
3+
Missing
Poor performance proxy
High PSA at baseline
Poorly differentiated tumor
Year of diagnosis
2004
2005
2006
2007
2008
2009

47
56
56
259

ADT
N
%

11.2 88 14.8
13.4 96 16.1
13.4 118 19.8
62.0 294 49.3

316 75.6 481 80.7
63 15.1 53 8.9
25 6.0 28 4.7
14 3.3 34 5.7
74
73
67
204
192
355

17.7
17.5
16.0
48.8
45.9
84.9

112
80
98
306
361
520

18.8
13.4
16.4
51.3
60.6
87.2

175
92
41
53
57
154
288
23

41.9
22.0
9.8
12.7
13.6
36.8
68.9
5.5

317
133
58
52
36
176
444
55

53.2
22.3
9.7
8.7
6.0
29.5
74.5
9.2

67
73
79
80
60
59

16.0 101 16.9
17.5 101 16.9
18.9 97 16.3
19.1 103 17.3
14.4 97 16.3
14.1 97 16.3

139

Gleason Score
Not ordered/performed
P
value No ADT
ADT
N
%
N
%
<0.01
17 5.1 54 14.4
36 10.7 59 15.7
65 19.4 80 21.3
217 64.8 183 48.7
<0.01
252 75.2 303 80.6
41 12.2 32 8.5
29 8.7 24 6.4
13 3.9 17 4.5
0.37
67 20.0 67 17.8
59 17.6 47 12.5
31 9.3 33 8.8
178 53.1 229 60.9
<0.01 158 47.2 217 57.7
0.29 300 89.6 340 90.4
<0.01
139 41.5 197 52.4
53 15.8 77 20.5
38 11.3 32 8.5
55 16.4 37 9.8
50 14.9 33 8.8
0.01 137 40.9 113 30.1
0.05 295 88.1 347 92.3
0.03 12 3.6 19 5.1
0.71
61 18.2 66 17.6
52 15.5 71 18.9
64 19.1 51 13.6
51 15.2 63 16.8
67 20.0 66 17.6
40 11.9 59 15.7

P
value
<0.01

0.22

0.14

<0.01
0.70
<0.01

<0.01
0.06
0.34
0.21

Table 15. Sociodemographic and clinical characteristics of S4M1 prostate cancer men
diagnosed from 2004 – 2009: Total cohort and according to ADT receipt and age
subgroup
Age
66-70
No ADT
ADT
N
Gleason score
2-6
7
8-10
Not ordered/performed
Unknown
Race/Ethnicity
Non-Hispanic White
Non-Hispanic Black
Hispanic
Other
SEER registry Census location
Northeast
South
North Central
West
Married
Urban residence
Charlson Comorbidity Index
0
1
2
3+
Missing
Poor performance proxy
High PSA at baseline
Poorly differentiated tumor
Year of diagnosis
2004
2005
2006
2007
2008
2009

%

N

%

71-75
No ADT
ADT
P
value
<0.01

15 8.8 24 3.8
25 14.6 110 17.4
67 39.2 355 56.3
17 9.9 54 8.6
47 27.5 88 13.9

N
14
33
62
36
56

%

N

%

7.0 33 4.5
16.4 118 16.1
30.8 426 58.2
17.9 59 8.1
27.9 96 13.1

0.13
111 64.9 446 70.7
40 23.4 99 15.7
NR NR 55 8.7
NR NR 31 4.9

0.01
126 62.7 533 72.8
44 21.9 94 12.8
18 9.0 58 7.9
13 6.5 47 6.4

0.64
28
37
20
86
105
153

16.4
21.6
11.7
50.3
61.4
89.5

117
126
92
296
389
548

18.5
20.0
14.6
46.9
61.6
86.8

81
22
11
10
47
28
138
100

47.4
12.9
6.4
5.8
27.5
16.4
80.7
58.5

383
107
39
37
65
117
574
470

60.7
17.0
6.2
5.9
10.3
18.5
91.0
74.5

25
29
34
22
32
29

14.6
17.0
19.9
12.9
18.7
17.0

104
119
98
120
104
86

16.5
18.9
15.5
19.0
16.5
13.6

NR: Not reported

140

P
value
<0.01

31
43
26
101
0.95 115
0.36 178
<0.01
101
22
19
19
40
0.51 53
<0.01 173
<0.01 95
0.27
34
39
40
27
33
28

0.38
15.4
21.4
12.9
50.2
57.2
88.6

149
131
92
360
471
642

20.4
17.9
12.6
49.2
64.3
87.7

50.2
10.9
9.5
9.5
19.9
26.4
86.1
47.3

422
133
65
46
66
146
656
552

16.9
19.4
19.9
13.4
16.4
13.9

152
113
118
112
116
121

57.7
18.2
8.9
6.3
9.0
19.9 0..05
89.6 0.16
75.4 <0.01
0.40
20.8
15.4
16.1
15.3
15.8
16.5

0.06
0.74
<0.01

Table 15. Sociodemographic and clinical characteristics of S4M1 prostate cancer men
diagnosed from 2004 – 2009: Total cohort and according to ADT receipt and age
subgroup. (Continued)
Age
76-80
No ADT
ADT
N
Gleason score
2-6
7
8-10
Not ordered/performed
Unknown
Race/Ethnicity
Non-Hispanic White
Non-Hispanic Black
Hispanic
Other
SEER registry Census location
Northeast
South
North Central
West
Married
Urban residence
Charlson Comorbidity Index
0
1
2
3+
Missing
Poor performance proxy
High PSA at baseline
Poorly differentiated tumor
Year of diagnosis
2004
2005
2006
2007
2008
2009

%

N

12 5.3 27
20 8.8 107
74 32.6 400
65 28.6 80
56 24.7 118

%

80+
No ADT
P
value
<0.01

3.7
14.6
54.6
10.9
16.1

ADT

N

%

N

%

22
27
141
217
259

3.3
4.1
21.2
32.6
38.9

46
176
632
183
294

525
85
33
23

78.8 1138 85.5
12.8
89 6.7
5.0
51 3.8
3.5
53 4.0

3.5
13.2
47.5
13.7
22.1

<0.01
154
41
NR
NR

67.8 574 78.4
18.1 76 10.4
NR 46 6.3
NR 36 4.9

46
43
26
112
112
203

20.3
18.9
11.5
49.3
49.3
89.4

159
111
111
351
453
652

93
36
19
27
52
71
184
101

41.0
15.9
8.4
11.9
22.9
31.3
81.1
44.5

403
140
74
71
44
196
648
509

37
44
52
32
37
25

16.3
19.4
22.9
14.1
16.3
11.0

144
136
131
109
122
90

P
Value
<0.01

<0.01

0.33
0.54
21.7
125 18.8 257 19.3
15.2
112 16.8 194 14.6
15.2
104 15.6 228 17.1
48.0
325 48.8 652 49.0
61.9 <0.01 88.3 1,177 88.4 60.8 <0.01
89.1 0.88 588 88.3 1,177 88.4 0.93
<0.01
<0.01
55.1
286 42.9 714 53.6
19.1
132 19.8 323 24.3
10.1
71 10.7 138 10.4
9.7
86 12.9 117 8.8
6.0
91 13.7
39 2.9
26.8 0.18 251 37.7 406 30.5
88.5 <0.01 548 82.3 1,144 86.0 0.03
69.5 <0.01 183 27.5 828 62.2 <0.01
0.59
0.34
19.7
130 19.5 232 17.4
18.6
115 17.3 239 18.0
17.9
106 15.9 257 19.3
14.9
115 17.3 212 15.9
16.7
121 18.2 219 16.5
12.3
79 11.9 172 12.9

NR: Not reported
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7.8 Appendix 8. Achievement of Covariate Balance after IPTW
A common problem in retrospective observational studies is the non-random
treatment assignment. Men who end up receiving ADT for their prostate cancer are
expected to be different compared to men who do not receive ADT. In order to address
this selection bias, inverse probability of treatment weights were used to weigh each
observation in the sample.82 A weight is assigned to each individual as the inverse
probability of being in a certain group (i.e., treated or untreated) conditioning on a vector
of covariates X*. If an individual has a higher probability of being in a group, that
observation is considered as over-represented, and therefore is given a smaller weight. On
the contrary, if an individual has a smaller probability of being in a group, that
observation is considered as under-represented and is given a higher weight. This weight
(IPTW) is then multiplied by the outcome for each observation to give the adjusted
outcome. The weight can be expressed as the reciprocal of the propensity score: Wi =
1/Pr(ADT = x|Z), where x = 0 or 1.
To obtain and use this weight, a two stage model was fit. First, a logistic
regression modelling the odds of ADT receipt within six months of diagnosis was
regressed on the covariate vector Z and obtain estimates of the predicted probabilities
Pr(ADT = x|Z) from the fitted model. The first stage can be written as:
Log[pr(ADT=1)/(1-pr(ADT=1)]=β0 + βkXk
Table 16 shows the distribution of the covariates after using the IPTW. All covariates
were balanced as depicted by a P value of <0.05 on the Chi squared test statistic. This
table should be compared to Table 5.
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Table 16. Covariate distribution after IPTW
No ADT
(n=1,248)
Number of
patients
%
Age
66-80
80+
Race/Ethnicity
Non-Hispanic White
Non-Hispanic Black
Hispanic
Other
SEER registry Census location
Northeast
South
North Central
West
Married
Urban residence
Charlson Comorbidity Index
0
1
2
3+
Missing
Pre-diagnosis osteoporosis
Pre-diagnosis bone mineral density test
Pre-diagnosis poor performance function
High PSA at baseline
Poorly differentiated tumor
Gleason score
2-6
7
8-10
Not ordered and not performed
Unknown or no information
Year of diagnosis
2004
2005
2006
2007
2008
2009

ADT
(n=3,403)
Number
of patients %

P
0.72

736 59.0
512 41.1

1,986 58.4
1,417 41.6

936 75.0
164 13.1
79 6.4
69 5.5

2,627 77.2
399 10.4
213 6.3
164 4.8

0.42

0.89
250
204
193
601
731
1,112

20.1
16.4
15.4
48.1
58.6
89.2

659
580
508
1,656
2,026
3,006

19.4
17.0
14.9
48.7
59.5
88.3

688
218
116
101
125
13
33
323
1,069
743

55.2
17.5
9.2
8.1
10.1
1.1
2.6
25.9
85.7
59.5

1,811
669
320
285
318
35
78
902
2,967
2,100

53.2
19.7
9.4
8.4
9.3
1.0
2.3
26.5
87.2
61.7

53
173
544
193
285

4.3
13.9
43.6
15.5
22.8

137
454
1,592
505
715

4.0
13.3
46.8
14.8
21.0

202
248
209
192
217
180

16.2
19.8
16.7
15.4
17.4
14.4

632
607
604
553
561
466

18.1
17.6
17.8
16.0
16.9
13.7

0.57
0.42

0.46
0.92
0.50
0.67
0.18
0.18
0.42

0.34
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7.9 Appendix 9. Distribution of Gleason score
The SEER program started collecting information on the Gleason score since 2004.
As shown in Table 17, there are few patients (around 3.8%) of the full cohort who
present with S4M1 prostate cancer at Gleason score 2 – 6. The majority of patients
present with higher Gleason scores. It is also worth noting that many patients did not
have a Gleason score, either because it was missing (i.e., recorded as missing in the
dataset), not ordered (i.e., not ordered and not performed), or unknown (i.e., test done but
value is not recorded). For the purposes of this dissertation, I excluded the “missing”
group but retained patietns with unknown Gleason score and patients for whom the
Gleasons core test was not ordered or performed.
Table 17. Distribution of Gleason score
Gleason Score
2
3
4
5
6
7
8
9
10
Unknown (done but no information)
Test not done (not ordered/not performed)
Missing
NR: Not reported
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Frequency
NR
NR
NR
11
171
617
730
1162
277
1060
718
324

Percent
NR
NR
NR
0.22
3.37
12.14
14.37
22.87
5.45
20.86
14.13
6.38

7.10 Appendix 10. Generalized linear model diagnostics
The distribution of raw costs and inverse probability weighted costs are shown in
Figures 25 and 26. Both exhibit highly skewed distribution with a long heavy right tail.
All tests of normality were violated as expected, including the Kolmogorov-Smirnov,
Cramer-von Misesm, and Anderson-Darling tests.

Figure 25. Distribution of raw costs and normality tests

Test
Kolmogorov-Smirnov
Cramer-von Mises
Anderson-Darling

Statistic
p Value
D
0.13 Pr > D
<0.01
W-Sq 32.1 Pr > W-Sq <0.005
A-Sq 189.9 Pr > A-Sq <0.005
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Figure 26. Distribution of IPW costs and normality tests.

RESET Test
The Ramsey Regression Equation Specification Error Test (RESET) tests whether
non-linearity (i.e., powers) of fitted values could help explain the observed costs. If it is
insignificant then the model is not misspecified. The F test for the RESET test was 0.36
(p=0.7837)

Modified Park Test for family and link
Table 18 is a presentation of the results of the modified Park test (which tests for
the family distribution) and Pregibon test (which test for the link function). The modified
Park test is a “constructive” test that recommends a family given a particular link
function. The test predicts residuals squared as a function of the log function of
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predictions. The Pregibon link test tests response linearity on estimation scale.126 These
tests were estimated for the full sample over the entire observation period as well as for
the first 20 months of observation separately. A decision was made to use the Poisson
distribution with a log link function for all months.
Table 18. Modeified Park Test by month of observation period
Cost
Raw cost
IPW Cost
IPW Month 1
IPW Month 2
IPW Month 3
IPW Month 4
IPW Month 5
IPW Month 6
IPW Month 7
IPW Month 8
IPW Month 9
IPW Month 10
IPW Month 11
IPW Month 12
IPW Month 13
IPW Month 14
IPW Month 15
IPW Month 16
IPW Month 17
IPW Month 18
IPW Month 19
IPW Month 20

Family
Poisson
Gamma
Poisson
Poisson
Poisson
Poisson
Gamma
Poisson
Gaussian
Poisson
Poisson
Poisson
Poisson
Poisson
Poisson
Poisson
Poisson
Poisson
Poisson
Poisson
Gamma
Poisson

Link
Log
Identity or Log
Log or Identity
Log
Identity
Identity
Identity
Log
Log
Log or Identity
Log or Identity
Log or Identity
Log
Log or Identity
Log
Log
Log
Log
Log
Log
Identity
Log
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7.11 Appendix 11. Five-year Cost effectiveness of ADT by Gleason score
and Age Subgroups
As part of SA, we estimated the 5-year costs for ADT among the full cohort and
subgroups of interest. ADT is still cost effective at a WTP threshold of $50,000 for the
full cohort and for all age subgroups. The ICER for the full sample was $24,377 (95% CI:
$13,052 – $34,650). For Gleason score subgroups, ADT was also cost effective. Similar
to 3-year cost data, there is uncertainty in the cost effectiveness surrounding Gleason
score 7. For Gleason score 8 – 10, ADT is also cost effective like the 3-year cost data;
however, with some uncertainty (comapred to the 100% certainty attained for the 3-year
cost data). The driver of this uncertainty and the reason why the ICER is highjer in the 5
year analysis was a notable increase in the incremental cost in this subgroup (5-year
incremental cost: $54,667; 3-year incremental cost: $28,583). Interestingly, the opposite
was the case for the Gleason score 7 group where the incremental cost was lower in the
5-year analysis (5-year incremental cost: $21,842; 3-year incremental cost: $26,156).
Moreover, all incremental cost estimates overlapped.
For age subgroups, ADT remained cost effective for all age subgroups in the 5-year
analysis with very close to 100% certainty for all age subgroups. Results are qualitatively
similar to the 3-year analysis but have wider CIs for the costs. Tables 19 and 20 show
the disaggregated costs and survival estimates for the full cohort and all age and Gleason
score subgroups.
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Table 19. Five-year Costs, Survival, and ICERs, according to age subgroups
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Table 19. Five-year Costs, Survival, and ICERs, according to age subgroups (Continued)
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Table 20. Five-year Costs, Survival, and ICERs, according to Gleason score subgroups
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Table 20. Five-year Costs, Survival, and ICERs, according to Gleason score subgroups
(Continued)
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7.12 Appendix 12. Three- and five-year cost effectiveness scatterplots
In this appendix, we replicate the 3 and 5-year cost effectiveness scatter plot drawn
to the same scale to facilitate comparison. Clearly the 3-year cost are more precise than
the 5-year estimates. However, they do resemble a similar trend of heterogeneity.
Figures 27 through 30 present the 3- and 5-year scatterplots by age and Gleason score
subgroups.
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Figure 27. Three-year cost-effectiveness scatterplots of ADT by Age subgroups

Figure 28. Five-year cost-effectiveness of ADT by Age subgroups
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Figure 29. Three-year cost-effectiveness of ADT by Gleason score subgroups

Figure 30. Five-year cost-effectiveness of ADT by Gleason score subgroup
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7.13 Appendix 13. Distribution of types of costs in the one year prior to
diagnosis, one year post-diagnosis, and during the follow up period
In the initial months of observation and upon exploratory data analysis, we realized
that men who were not treated with ADT had greater costs compared to men who were
treated with ADT. We present the distribution of costs by cost subtype as recorded in the
various Medicare files during the full time period starting from the 12 months prior to
diagnosis to end of follow up (Figure 31), during the 12 months post diagnosis (Figure
32), and during the 12 months prior to diagnosis (Figure 33). Costs related to long term
care (hospice and SNF stays) and hospitalization costs were greater in the 12 months
following diagnosis in the untreated group.

20,000 40,000 60,000 80,000

Figure 31. Distribution of costs by cost subtype according to ADT receipt during follow
up

Distribution of Costs by Subtype according to ADT Receipt
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mean of hosp_cost
mean of outpt_cost
mean of hospice_cost
mean of nch_cost

Figure 32. Distribution of costs by cost sybtype according to ADT receipt in the one year
post diagnosis
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Figure 33. Distribution of costs by cost sybtype according to ADT receipt in the one year
prior to diagnosis
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