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ABSTRACT
Value for money is fundamental to health insurance schemes given insurers must choose which treatments to fund. Assessing
value for money ex ante is challenging, however, because costs and outcomes depend on how treatments are used. Estimates
often rely on evidence from early randomized controlled trials conducted prior to regulatory approval, where provider and
patient behaviors are tightly controlled. This approach ignores how different supply conditions and incentives in practice in-
fluence behaviors. This paper considers how provider and patient incentives can differ between trial and practice settings and
analyses how healthcare use changed when new prostate cancer treatments were funded on the public health insurance scheme
in Australia. We find evidence that doctors treated patients with worse prognosis compared to the trials, patients ceased prior
treatment and switched to the new treatments earlier than expected, and treatment duration was longer than expected. These
and other behavioral responses reduced value for money ex post. Our findings suggest that health insurers should carefully
consider the supply conditions and incentives in practice when funding new treatments.
JEL Classification: I130, D610, D800, D820

1 | Introduction

Value for money is fundamental to investment decisions in
health insurance schemes (Briggs 2016; Drummond
et al. 2015). Public and private insurers need to consider the
likely costs and outcomes of supplying new treatments and
make funding decisions. “Early” randomized controlled trials
(RCTs), conducted prior to regulatory approval, often inform
these decisions but have limitations. The comparative evi-
dence may not align with the way new treatments will sub-
stitute for existing therapies in practice due to evolving

treatment patterns or local‐specific treatment guidelines. Even
when comparators do align, the way new treatments are used
in practice may differ. While behaviors are heavily controlled
in early RCTs (Ford and Norrie 2016; Schwartz and Lel-
louch 1967), patients and providers ultimately decide how new
treatments are used in practice after insurers set the supply
conditions (Maynard and Kanavos 2000). These differences
could have important implications for both costs and out-
comes and, thus, there is a critical need to better understand
how behaviors in practice impact the value for money of new
treatments.
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Early RCTs are primarily designed to prove the efficacy and
safety of new treatments for regulatory purposes while mini-
mizing costs (Kennedy‐Martin et al. 2015; Silverman 2009). This
often means; weak comparators, such as placebos, are chosen;
only those patients most likely to benefit and least likely to
suffer adverse events are included; and strict trial protocols are
enforced that encourage adherence, careful management of
adverse events and limit differences across groups in terms of
other healthcare use. While some of these design features help
ensure that differences in outcomes could only be caused by the
new treatment itself (high internal validity with a clear causal
pathway), they also heavily restrict patient and provider be-
haviors and limit the potential for moral hazard. Thus, the same
outcomes may not be achieved when treating a broader range of
patients under real‐world conditions in practice (low external
validity).

Insurers are acutely aware of this issue but face pressure to
make supply decisions for new efficacious treatments with
limited evidence on their value for money under local real‐
world conditions. Current guidelines for assessing value for
money emphasize the need to adjust or calibrate early RCT
evidence to local market conditions using the best available real‐
world data (Australian Government 2016; Canadian Agency for
Drugs and Technologies in Health 2017; Drummond et al. 2015;
Gold 1996; National Institute for Health and Care Excel-
lence 2022). Real‐world data is mostly utilized descriptively by
insurers and use varies considerably depending in part on data
availability (Makady et al. 2018). Attempts to use real‐world
evidence in decision‐analytic models often combine early RCT
evidence on the relative effectiveness and safety of new treat-
ments with locally estimated parameters such as the cost of
treating adverse events, underlying risks, and mortality rates
(Ades et al. 2006). While these adjustments are useful, they are
unlikely to fully account for the behavioral differences between
early RCTs and local real‐world conditions. Hence, even when
local real‐world data are available, insurers still face consider-
able uncertainty on the funding implications for costs and
outcomes (Berger et al. 2017).

Conducting subsequent “pragmatic” RCTs that mimic real‐
world supply conditions with less stringent protocols could
provide more evidence on the likely behavioral responses and
impact on real‐world cost and outcomes (Ford and Norrie 2016).
This trial design can increase the externality validity of the ev-
idence whilst maintaining adequate internal validity. However,
conducting pragmatic RCTs after early RCTs could come at
considerable societal cost not only in terms of direct trial costs
but also the opportunity cost of needing to wait many years for
the evidence to develop. It may also be unethical or infeasible to
randomize individuals to the control group when efficacious
treatments are available. In addition, if insurers want to know
the value for money implications under alternative supply
conditions in their local context, then these pragmatic trials
would need many arms, further adding to the cost and potential
delay.

An alternative strategy for insurers is to fund new treatments
under certain supply conditions and conduct post‐market
comparative analyses to assess the real‐world impact on costs
and outcomes in the local healthcare system (Pratt et al. 2024).

Current post‐market analyses typically examine the utilization
and incidence of adverse events of new treatments and, in some
cases, the improvement in health outcomes. However, post‐
market analyses rarely consider both costs and outcomes
(Cipriani et al. 2020; Kemp‐Casey et al. 2019; Raj et al. 2019).
This limited scope has been partly attributable to data avail-
ability and potential for bias due to confounding, which ne-
cessitates careful study design (Facey et al. 2020; Makady
et al. 2018). However, the data linkage landscape in many
countries is rapidly evolving to support more detailed and
robust observational studies and the development of the trial‐
emulation study design provides a clear framework for esti-
mating causal effects (Hernán and Robins 2016; Hernán
et al. 2022). Although a post‐market analysis only provides ev-
idence under the current supply conditions, an understanding of
the behavioral responses in practice can still provide insurers
with useful insights to adjust supply conditions or renegotiate
with suppliers. A better understanding of the likely behavioral
responses in practice and their implications for costs and out-
comes may also be useful when considering the funding of new
treatments with similar characteristics.

In this paper, we consider an empirical example when new
prostate cancer treatments were funded on the public health
insurance scheme in Australia. We examine how healthcare
utilization changed over the disease pathway as a result of the
funding decision to provide insights into the behavioral re-
sponses. We compare this to what was observed in the early
RCTs and explore how these behavioral responses impacted on
the value for money of the new treatments in terms of cost per
Quality Adjusted Life Years (QALYs) under the Australian
supply conditions. In summary, we find doctors treated a
broader range of patients including more with poor prognosis,
prior treatments were ceased earlier than expected as patients
switched to the new treatments sooner than expected (a
response not even possible to observe in RCTs), and patients
remained on the new treatments longer than expected. These
responses highlight the greater risk of moral hazard in practice
compared to heavily controlled trials. We find these and other
behavioral responses had large impacts on the value for money
for the new treatments.

2 | Behavioral Responses to New Treatments

In this section, we outline an empirical example to consider how
funding new treatments can influence behaviors in practice and
highlight key differences from early RCTs. In the early 2010s,
many countries, including Australia, approved subsidized access
to three life‐extending treatments for metastatic prostate cancer
after first‐line treatment with docetaxel (Bencina et al. 2023).
These decisions were made based largely on evidence from three
early RCTs (De Bono et al. 2011, 2010; Scher et al. 2012).

Prostate cancers are typically slow‐growing, and for many pa-
tients with localized disease, surgery and radiotherapy are
curative. If local therapies fail, pharmacological treatments,
such as long‐term testosterone suppressants, slow disease pro-
gression but eventually the cancer may become metastatic and
spread from the prostate (Park and Eisenberger 2015). Prior to
funding the three new treatments, first‐line treatment
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(docetaxel) was the only life‐extending treatment available for
patients with metastatic disease (Australian Cancer Network
Management of Metastatic Prostate Cancer Working
Party 2010). This relatively low cost intravenous chemotherapy
is generally poorly tolerated and usually only given as a short‐
term course until further disease progression or patients expe-
rience severe toxicity. Doctors closely monitor patients to help
decide when to stop treatment (i.e. when the associated adverse
events likely outweigh the potential gains from continued use).
Patients can experience pain as the disease progresses and
spreads to other regions, particularly to the bones, with some
patients using long‐acting opioids and palliative therapies
(including other chemotherapies) to improve their quality of life
(Logothetis et al. 2012).

The new life‐extending but high cost treatments included two
hormonal drugs (abiraterone and enzalutamide) formulated as
tablets and another intravenous chemotherapy (cabazitaxel). The
early RCTs, relied upon by public insurance agencies, offered
eligible patients (those without complex comorbidities or short
life expectancy) the chance (50%–67%, depending on the RCT) to
receive one as second‐line treatment1 after completing the first‐
line chemotherapy (docetaxel) or palliative treatments. Earlier
data from small samples indicated that treatment with one of
these three treatmentsmight delay disease progression compared
to no treatment (Engels et al. 2005; Fujimoto et al. 2010; Reid
et al. 2010). The RCTs provided the new treatments at no cost but
enforced strict stopping criteria at disease progression, based on
frequent (e.g. every 3 to 4 weeks) monitoring of symptoms, pa-
thology, and imaging. On average, the results for all three treat-
ments indicated that when used in this way, second‐line
treatment improved survival for these patients by approximately
4months. The results also indicated that the new hormonal drugs
were generally well tolerated and had fewer adverse events than
the new chemotherapy (Bahl et al. 2014).

The recommendation to fund these treatments in Australia by
the Pharmaceutical Benefits Advisory Committee (referred to
herein as the funding committee), was made in the context of
“considerable uncertainty regarding the clinical place in therapy”
due the changing market (Australian Government 2011a). The
funding committee considered that the new chemotherapy
(cabazitaxel) would likely replace palliative care in Australian
patients “fit [enough] for further chemotherapy” and the new
hormonal treatments would likely replace supportive care
(placebo in the RCTs) in patients “unfit for chemotherapy”
(Australian Government 2011a, 2012). Compared to the early
RCT evidence, however, the committee also identified risks that
some patients may be treated with both the new chemotherapy
and new hormonals “either sequentially or in combination”,
continued use of the new hormonals “beyond disease progression
until death” given their good safety profile, and longer use of the
new chemotherapy given the potential for “further dose re-
ductions” (or dose interruptions) to manage adverse events
(Australian Government 2012). These possible behavioral re-
sponses and their implications for both costs and outcomes in
the Australian context were not captured by any of the early
RCT evidence considered by the funding committee.

The Australian funding committee ultimately made a prag-
matic decision to fund all three new treatments, with relatively

broad funding criteria compared to the trial protocols. Funding
was still restricted to patients with metastatic prostate cancer
after first‐line docetaxel, but doctors could prescribe treatment
to a broader range of patients and had more discretion in
deciding when to stop treatment.2 Sequential use of treatments
(as second‐ and third‐line treatments) was also permitted
provided patients only used one of the new hormonal treat-
ments. There were no monitoring requirements but the dura-
tion of each prescription implied a degree of monitoring (i.e.
every 3 weeks on chemotherapy and every 3 months on hor-
monal treatment) (Australian Government 2013, 2014). The
funding criteria were generally consistent with international
guidelines at that time (Chopra and Rashid 2015; Heidenreich
et al. 2014).3

We now expand on the considerations noted by the funding
committee above on how the demand and supply conditions in
practice would likely have influenced the use of the new
treatments compared to the early RCTs. In Australia, the
broader eligibility criteria and low out‐of‐pocket costs meant
that doctors would likely treat patients with worse prognosis
compared to trial participants. Similarly, doctors and patients
may have decided to use the new treatments earlier in practice
as there were fewer barriers to access, better evidence of the
treatments' benefits, and a guarantee the patient would receive
the new treatments (rather than potentially be randomized to
the control arm). As noted by the funding committee, we might
expect patients would remain on the hormonal treatments for
longer due to the less stringent stopping criteria or less frequent
and enforced patient monitoring. Also, with low out‐of‐pocket
costs, few adverse events (low non‐monetary costs) and no
further treatment options available, there may have been an
incentive to remain on the hormonals after disease progression
if doctors and patients perceived even small benefits from
continued use. We expect this behavioral response to be weaker
for the new chemotherapy owing to frequent monitoring (before
every dose), poor tolerability, and inconvenience of ongoing
administration (large non‐monetary costs). All these factors
highlight that, while the potential for moral hazard was heavily
restricted in the RCTs, the potential for moral hazard once
funded under the Australian supply conditions was much
greater.

In addition to the new treatments themselves, we would also
likely expect to find impacts on other behaviors that were
heavily controlled in the RCTs. With the new efficacious treat-
ments available, doctors and patients would likely have
switched from first‐line chemotherapy before its toxicity needed
careful management. As a result, the value of monitoring while
on first‐line chemotherapy may have decreased but the value of
monitoring after first‐line chemotherapy may have increased, to
inform subsequent treatment decisions. We might also expect to
find changes in other healthcare use due to delayed disease
progression and improved survival as well as potential substi-
tution effects with concomitant therapies. Economic modeling
using RCT evidence on delayed progression and extended sur-
vival combined with local real‐world data on the costs prior to
and post progression could have at least partially accounted for
this last point. Although, ultimately the extent to which these
behaviors occurred and their implications for costs and out-
comes is an empirical question.
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3 | Methods

3.1 | Data and Empirical Strategy

To estimate the causal impact of funding these new prostate
cancer treatments on healthcare use, related costs and outcomes
in Australia, we used a target trial emulation framework
(Hernán and Robins 2016; Hernán et al. 2022). We developed a
protocol for the empirical analysis (or target trial) to mimic the
key elements of an RCT comparing outcomes in patients treated
with any of the new treatments (i.e. after the funding decision)
compared untreated controls without access (i.e. before the
funding decision). The empirical analysis was not designed to
replicate the original RCTs, which only considered a single
treatment for second‐line therapy after first‐line chemotherapy.
A direct comparison between the empirical analysis and original
RCTs was not conducted because of differences in the baseline/
time‐zero (i.e. initiation of first‐line vs. second‐line therapy) and
insufficient data to accurately identify those patients treated in
practice who closely matched patients enrolled in the RCTs.4

We do, however, explore the differences in costs and outcomes
across key subgroups, defined by baseline/time‐zero character-
istics, to assess the potential impact of patient selection in the
RCTs.

We provide a summary of the study design, empirical strategy
and baseline characteristics of the comparison groups below,
but full details from a previous analysis are published elsewhere
(Ghijben et al. 2021). That analysis focused on estimating the
impact on survival and QALYs, and found that the average
benefit to patients treated in practice was less than expected by
the Australian funding committee. In this paper, we estimate
the impact on resource use and associated behaviors.

We use individual‐level administrative data between 2009 and
2015 for prostate cancer patients linked across three national
databases.5 The data contains basic patient characteristics and
medical utilization funded by the Australian federal govern-
ment, which accounts for at least 60%–65% of total health
expenditure (Australian Institute of Health and Welfare 2021).
This includes the majority of medicines and medical services
provided in the community, outpatient clinics, and privately
owned hospitals. The data excludes healthcare funded by state
governments, such as services provided in government owned
hospitals, and other non‐subsidized services.6

We identified all potentially eligible patients and defined time‐
zero as the date when first‐line docetaxel was initiated. Pa-
tients were categorized into the pre‐funding cohort and post‐
funding cohort, based on their docetaxel initiation date. We
defined two enrollment windows to maximize follow‐up and
minimize potential contamination. Pre‐funding patients were
censored when the new treatments were registered, while post‐
funding patients were censored at the end of the available data.

The rational for defining time‐zero based on prior treatment
initiation was three‐fold. First, we could accurately identify all
patients across both cohorts at their first‐line treatment in the
administrative data which avoided the need to impute the hy-
pothetical initiation of second‐line treatment for the pre‐funding
cohort. Second, this excluded “prevalent” patients at the

funding decision who may have received delayed access to the
new treatments. The average treatment effects for treated
prevalent patients are less relevant than treated “incident” pa-
tients when considering value for money, given that future pa-
tients will not experience delayed access to treatment. Finally,
this allowed us to investigate the potential impacts of the
funding decision on prior treatment use.

Given that some patients in the post‐funding cohort did not
receive any of the new treatments, the main identification
challenge was to accurately match treated patients after the
funding decision to their equivalent treated‐controls before the
funding decision. For this, we used an untreated matching
approach to overcome potential bias from unobserved factors
being related to both treatment selection and outcomes (Ghijben
et al. 2021). This approach uses the outcomes of contempora-
neous untreated patients to improve matching between treated
patients after the funding decision with treated‐controls before
the funding decision. While this approach considerably reduces
bias related to unobserved treatment selection, the causal effects
may still be subject to bias if unobserved factors related to
outcomes or healthcare use are changing over time.7

To operationalize this matching technique, we estimate two sets
of matching weights. First, we match the pre‐funding cohort
(consisting of both treated‐controls and untreated‐controls) to
the post‐funding cohort (consisting of both treated patients and
untreated patients) in terms of baseline characteristics using
inverse probability weights. To calculate the weights (w1i), we
used a probit model to predict the probability or propensity
score (p̂ ) of being in the post‐funding cohort for each patient i
conditional on their baseline characteristics.8 The weights
applied to the pre‐funding cohort were calculated based on
Equation (1).

w1i =
p̂i

1 − p̂i
(1)

After the first matching step, both cohorts are of equal size and
the key assumption here is that the only systematic difference is
the availability of the new treatments. Aside from the new
treatments, we did not expect any systematic differences given
the short remaining life‐expectancy (20 months without the new
treatments), the short time frame between the groups
(32 months), and no other changes to the recommended treat-
ment pathway for these patients over this period.

In the second step, we matched untreated patients in the post‐
funding cohort to equivalent untreated‐control patients in the
weighted pre‐funding cohort using coarsened exact matching
(Iacus et al. 2012), accounting for both baseline characteristics
and outcomes. This step uses the assumed independence be-
tween the funding decision and the outcomes of untreated pa-
tients both before and after the funding decision to improve the
matching to untreated‐controls (consistent with an instrumental
variable approach). Specifically, we defined 24 “matching bins”
that accounted for key outcomes, time on first‐line chemo-
therapy and survival. Here, we assumed untreated patients in
the post‐funding cohort and untreated‐controls in the pre‐
funding cohort would receive similar treatment and have
similar survival. Compared to the treated patients in our sample,
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the untreated patients were older, had more comorbidities and
much shorter median survival. Hence, the decision to remain
untreated in the post‐funding for many was likely due to poor
prognosis following first‐line chemotherapy. Similar patients
with poor prognosis (untreated‐controls) were also likely to be
present in the pre‐funding cohort. The coarsened exact match-
ing weights (w2ij)—used to identify the untreated‐controls in the
pre‐funding cohort—were calculated based on Equation (2).

w2ij =
Nuj w1ij
∑

Ncj
i=1 w1ij

(2)

The Ncj patients in the pre‐funding cohort c in each matching
bin j are re‐weighted proportionally to their initial weights w1ij
(estimated in Equation 1), such that their new weights w2ij sum
to the total of the Nuj untreated patients u in the post‐funding
cohort in bin j. The final weights (w3i)—used to identify the
treated‐controls in the pre‐funding cohort—were calculated
based on Equation (3), which is given by the difference between
the total cohort weight from Equation (1) and the weight for the
untreated‐controls from Equation (2).

w3i =w1i − w2i (3)

3.2 | Estimating the Impact of Funding on
Healthcare Use Behaviors

We compare monthly healthcare use for the treated patients
with their matched treated‐controls. We do this prior to baseline
to confirm that there are no differences between the groups
unrelated to the new treatments,9 and post baseline to under-
stand the behavioral impacts of the funding decision (such as
whether the new treatments substitute, complement, or delay
existing therapies). Specifically, we consider healthcare use each
month for those still alive (conditional on survival) in addition
to overall use for the cohort (unconditional on survival).
Examining both conditional and unconditional use lets us better
understand the role that extended survival played in increasing
healthcare costs.

We define 14 healthcare categories relevant for prostate cancer
to investigate the impact on different behaviors. We explore the
use of the newly funded treatments (new hormonals and new
chemotherapy) including the order and duration of treatments.
We also explore the use of other prostate cancer therapies in the
treatment pathway, where first‐line chemotherapy, opioids, sur-
gery/radiotherapy, and palliative chemotherapy capture impacts
to prior, concurrent and/or subsequent therapies. We further
assume medical consultations (general practitioner and
specialist), pathology and imaging/diagnostic procedures reflect
decisions around monitoring of patients, and use of background
testosterone suppressants capture impacts on background
compliance rates. We consider the use of other healthcare ser-
vices in umbrella categories (other medicines, other medical
services, and chemotherapy administration10). Where possible,
we report healthcare use in natural units (such as the number of
scripts or visits) or as a common monetary unit (2015 Australian
dollars) for more heterogeneous categories. Aside from the new

treatments, there were no major changes to other healthcare
services available over this period.11

While we observe most patients until their death, some patients
remained alive at the end of the follow‐up. For these censored
patients we predict both their death and their healthcare use
after censoring until death. We first estimate their time to death
using parametric survival functions and then predict healthcare
use in missing future months based on the observed use for
similar patients. We selected the best fitting parametric func-
tions for the treated and untreated‐controls (considering the
gamma, loglog, lognormal, Weibull, and exponential, using the
AIC and BIC), though the results were robust to the choice of
function form with minimal differences in mean predictions.
Overall, we predict resource use for approximately 30% of the
person‐months in the analysis at the tail of the survival distri-
butions (Supporting Information S1: Appendix Figure A1).

For the new treatments, we estimate future use with a discrete
event simulation model to account for the sequential nature of
the treatments (Karnon 2003). This type of model predicts the
time to the next discrete event over a lifetime, such as stopping
and starting treatment. Here, we estimated eight unique para-
metric functions based on time‐on‐treatment and time‐to‐next‐
treatment data, accounting for the different treatment pathways
—second‐line hormonal or second‐line chemotherapy. Since
time to death was modeled using a separate parametric func-
tion, death was treated as a censoring event rather than a
failure event in the time‐on‐treatment and time‐to‐next‐
treatment data. To predict number of scripts from time on
treatment, we use ordinary least squares regressions controlling
for time on treatment. Further detail and the results of the
discrete event simulation model are provided in the Appendix
(see Supporting Information S1: Appendix Tables A1–A3). The
average number of scripts using observed data only (accounting
for use before censoring) was only 10%–14% smaller than the
predictions (accounting for use before and after censoring),
illustrating that the extrapolated resource use was not a major
driver of the results.

For other healthcare categories with censored data, we predict
use after censoring using a parametric extension to the Kaplan‐
Meier sample average estimator (Lin et al. 1997). We use
observed data in uncensored patients to estimate regression
models to predict healthcare use in each month from censoring
until death controlling for patient characteristics (including age,
on/off treatment, time from baseline, time to death, pre‐ or post‐
funding cohort). We also included a linear time trend to test our
assumption that there were no other major changes taking place
unrelated to the availability of the new treatments. We found no
evidence of resource use changing over time due to unobserved
characteristics, which supported the assumption required for
our analysis. To test the same assumption for prior docetaxel
use, which was not censored, we compared the change in prior
docetaxel cycles per patient within each cohort over time con-
trolling for baseline characteristics, and similarly found no
changes over time due to unobserved characteristics. Further
detail and the results of the estimated regressions are provided
in the Appendix (see Supporting Information S1: Appendix
Tables A4–A6). Given the multiple parts of the estimation
process, we estimate confidence intervals (CIs) around these
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predictions using the bootstrapping method, sampling with
replacement within the pre‐ and post‐funding periods (Efron
and Tibshirani 1994).

3.3 | Value for Money

To explore the impact of behavioral responses on value for
money, we estimate the incremental cost‐effectiveness ratio
associated with the funding decision (i.e. the new treatments),
in terms of cost per QALY. We convert all healthcare use into
2015 Australian dollars and combine the results with survival
outcomes and QALYs12 estimated previously (Ghijben
et al. 2021). Since the unit prices of the new treatments at listing
were confidential,13 we estimate their unit prices based on
public statements from the funding committee (details provided
below). For other resource categories, we estimate the unit price
based on average costs recorded in the dataset for the 2015
calendar year (Table 1). Finally, we discount costs and outcomes
at 5% per annum in‐line with the approach used for these
funding decisions.

Whenmaking this decision, the funding committee assumed each
of the three new treatments were similar or equivalent in terms of
both costs and outcomes, for both second‐line or third‐line
treatment. Based on the available evidence, the committee
considered that each treatment improved average survival by
approximately “4.26 months” and had a cost‐effectiveness ratio of
“$45,000 to $75,000 per QALY” (Australian Government 2011b,
2012, 2013, 2014; Sandblom et al. 2004; Wilson et al. 2014). The
funding committee did not publicly cite the corresponding
change in QALYs, which we estimated to equal approximately
0.27 QALYs after discounting, based on the literature (Wilson
et al. 2014) and other statements.14 The average duration of
treatment was considered to be “7.5 scripts” per course of hor-
monal treatment and “6 cycles” (i.e. scripts) per course of new
chemotherapy (Australian Government 2011a). The new
chemotherapy was also considered to have additional healthcare
costs associated with “administration costs” (estimated at A$100
per infusion); costs for “pre‐medication” (estimated at A$40 per
infusion); costs for “adverse events … associated with hospitaliza-
tion” (estimated at A$600 per course); and concomitant “gran-
ulocyte colony stimulating factor … [of] less than A$500” (estimated

at A$450 per course) (Australian Government 2011a, 2011b,
2012).

From these statements, we estimated the unit cost of the new
hormonal treatments assuming a funding threshold of A$50,000
per QALY, which was a commonly cited but implicit Australian
funding threshold at that time (Wang et al. 2018). The economic
model for the new hormonal treatment (abiraterone vs. pla-
cebo), considered by the funding committee, did not include any
non‐drug costs (or none were stated to be included). Thus, the
unit cost was simply calculated by multiplying the funding
threshold by the average QALYs divided by the average units
per course, equal to A$1800 per script (i.e. A$50,000/QALY *
0.27 QALYs/7.5 scripts). We then calculated the corresponding
unit cost of the new chemotherapy as A$1935 per script from
the cost‐equivalence assumptions with the new hormonal
treatments and accounting for the additional costs (i.e. [A
$13,500—A$1890]/6.0 scripts). This is consistent with the
Australian funding committee's approach to fund therapies with
similar effectiveness on a cost‐minimization basis.

We provide a reference point for the original funding decision.
Incremental costs were estimated assuming patients had
remained on the new treatments as expected by the committee.
Incremental QALYs were estimated based on the expected
change in QALYs given the incremental costs and the funding
threshold, which assumes similar benefit for second‐ and third‐
line use. We also tested the sensitivity of our results to these
assumptions in three scenarios; (i) raising the funding threshold
to A$60,000 per QALY based on the mid‐point of the published
range, (ii) assuming a þ A$1000 change in background/net
costs, and (iii) assuming a −A$1000 change in background/net
costs.15

3.4 | Exploring the Effects Across Subgroups

It is useful to consider the differences in the costs and outcomes
for key subgroups as defined by baseline characteristics. Due to
data limitations preventing a direct comparison with the trial
population, subgroup analysis provides insight into the role of
patient selection in the RCTs and the impact of treating a
different population in practice. Examining subgroups can also

TABLE 1 | Unit costs applied in the analysis of value‐for‐money.

Resource item Units cost Source
First‐line chemotherapy (docetaxel), scripts A$170.81 Average cost in 2015;

New hormonals (abiraterone, enzalutamide), scripts A$1800.00 Estimated approximate unit price to government

New chemotherapy (cabazitaxel), scripts A$1935.00 Estimated approximate unit price to government

Opioids, scripts A$56.20 Average cost in 2015;

Palliative chemotherapy, scripts A$214.57 Average cost in 2015;

Testosterone suppressants, scriptsa A$369.54 Average cost in 2015;

Pathology, tests A$18.30 Average cost in 2015;

General practitioner, visits A$50.33 Average cost in 2015;

Specialist, visits A$80.81 Average cost in 2015;
aStandardized scripts, where one script reflects 1 month of treatment.
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provide evidence on whether to adjust access to the new treat-
ments for some patients. Additionally, public insurance
agencies may want to incorporate equity concerns into such
decisions and be willing to pay more for health gains in specific
patient groups (Cookson et al. 2017). Given our use of admin-
istrative data, we are somewhat restricted in the types of sub-
groups we can consider. We provide subgroup estimates based
on age at baseline (< 75 years old vs. those 75 years or older); the
presence of significant pain at baseline, defined by the concur-
rent use of long‐acting opioids (with pain vs. without pain); and
presence of comorbidities at baseline, defined by the pharmacy‐
based comorbidity index (“less” comorbidities with an index
score < 3 vs. “more” comorbidities with an index score ≥ 3)
(Sarfati et al. 2014).

4 | Results

4.1 | Patient Characteristics at Baseline

The matched sample included 1048 treated patients after the
funding decision and 1048 control patients (weighted up from
693 patients) before the funding decision. There were no sig-
nificant differences between these groups in baseline charac-
teristics or prior healthcare use, despite not matching on
healthcare use (Table 2).

4.2 | Impact of Funding on Behaviors

We first consider the duration of first‐line chemotherapy. When
the new treatments became available, doctors and patients

stopped the first‐line chemotherapy sooner, corresponding to a
significant 0.9 (95% CI 0.6, 1.2) reduction in the average number
of scripts (Table 3). This translates into approximately one less
3‐week cycle and reflects a preference for discontinuing the
poorly tolerated first‐line treatment and starting the well‐
tolerated and effective hormonals.

Next, we consider the patients' characteristics when they started
the new treatments and compare this with the early RCTs. First,
we found evidence of less delay to second‐line treatment in
practice compared with the RCTs (De Bono et al. 2011, 2010;
Scher et al. 2012). Fewer patients had undergone multiple
courses of prior chemotherapy (2% vs. ~ 30%) and the time from
the last dose of prior chemotherapy to the first dose of a new
treatment was shorter (median of 2 vs. 4 months). We also
found patients were, on average, 4 years older when treated in
practice (median 73 years vs. ≤ 69 years) and a higher propor-
tion had clinically significant pain, as defined by long‐acting
opioid use (64% vs. ≤ 45%). Overall, this suggests that in prac-
tice patients were being treated earlier in their disease pathway,
in addition to the new treatments being used by a broader
population (e.g. older patients and more with pain). However, it
is difficult to disentangle the extent to which these two factors
influence costs and outcomes.

Doctors and patients overwhelmingly chose hormonal treat-
ment over chemotherapy as their new second‐line therapy
(95.5% vs. 4.5%, respectively), which reflects a preference for the
better‐tolerated and more easily administered alternative. Dis-
ease progression, while on the new hormonals, likely prompted
nearly half (43.3%) of the patients to switch to the new
chemotherapy as third‐line therapy and some patients (8.1%)
even switched back to hormonals after that. Other patients

TABLE 2 | Patient characteristics at baseline.a

Treated (95% CI), N = 1048 Controls (95% CI), N = 1048
Patient characteristicsb

Age, mean 71.8 (71.4, 72.3) 71.8 (71.3, 72.4)

≥ 75 years, % 40.0 (37.0, 42.9) 38.0 (34.7, 42.0)

Pharmacy‐based comorbidity index, mean 1.8 (1.7, 1.9) 1.8 (1.7, 1.9)

Long‐acting opioids (significant pain), % 53.5 (50.5, 56.6) 53.9 (50.3, 57.3)

Prior chemotherapy, % 2.0 (1.2, 2.8) 3.0 (1.7, 4.2)

Average monthly healthcare use in the 12 months prior to baseline

Opioids, scripts 0.4 (0.4, 0.5) 0.4 (0.4, 0.5)

Testosterone suppressants, scriptsc 0.9 (0.8, 0.9) 0.9 (0.8, 0.9)

Specialist, visits 1.1 (1.0, 1.1) 1.1 (1.0, 1.1)

General practitioner, visits 1.2 (1.2, 1.3) 1.2 (1.2, 1.3)

Pathology, tests 3.7 (3.5, 3.9) 3.9 (3.7, 4.1)

Imaging and diagnostics, cost (A$) 188.0 (178.8, 197.2) 182.2 (172.7, 191.6)

Surgery and radiotherapy, cost (A$) 118.6 (105.0, 132.3) 117.4 (103.6, 131.2)

Other medicines, cost (A$) 155.6 (145.4, 165.8) 151.2 (140.7, 161.7)

Other medical services, cost (A$) 16.6 (15.2, 17.9) 16.0 (14.6, 17.5)
aInitiation of first‐line chemotherapy (docetaxel).
bRefer to Ghijben et al. (2021) for additional characteristics.
cStandardized scripts, where one script reflects 1 month of treatment.
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remained on hormonal treatment until death or stopped all
active treatments prior to death. Overall, these behaviors led to
patients remaining on the new treatments for longer than ex-
pected compared to the early RCT evidence. Conditional on
starting treatment, patients used on average 10.3 scripts of the
new hormonals and 6.3 scripts of the new chemotherapy
compared to 7.5 scripts and 6.0 scripts, respectively, as expected
from the RCT evidence (Supporting Information S1: Appendix
Table A3).

We also found other important changes in monitoring‐related
behaviors after the funding decision. Conditional on survival,
specialist visits (Figure 1A) and pathology tests (Figure 1B)
became less frequent in the 18 months after starting first‐line
chemotherapy. This suggests reduced patient monitoring and
testingwhen deciding to discontinue first‐line chemotherapy and
switch to the hormonals. Treatment decisions related to dis-
continuing first‐line chemotherapy and commencing subsequent
treatments became easier when the new treatments became
available, meaning the value of monitoring decreased. Condi-
tional on survival, pathology tests (Figure 1B) and imaging/di-
agnostics procedures (Figure 1C) becamemore frequent after the
first 18 months which suggests more intense monitoring when
deciding on the timing of the switch from the hormonals to the
new chemotherapy. The additional or sustained rate of moni-
toring in the long‐term, however, highlights the value of moni-
toring to inform ongoing use of the new treatments. This long‐
term effect resulted in an overall increase in specialist visits, pa-
thology tests and imaging/diagnostic procedures. In contrast,
conditional on survival, there was no change in general practi-
tioner visits (Supporting Information S1: Appendix Figure A2D),
suggesting general practitioners continued to monitor their pa-
tients at a relatively constant rate until death. Overall use of
general practitioner consultations, unconditional on survival,
increased due to improved survival (Table 3).

Similarly, we also found other important changes in treatment‐
related behaviors after the funding decision. Conditional on
survival, the new treatments delayed the use of palliative che-
motherapies (Figure 1D), likely by slowing disease progression.
However, there was no change in palliative chemotherapy use
overall, suggesting the new treatments only postponed rather
than avoided palliative care16 (Table 3). For opioids, there was
only a slight reduction in use conditional on survival, likely due
to the new treatments delaying the onset of significant pain

(Supporting Information S1: Appendix Figure A2C). But this
reduction was more than offset by an increase in overall use
owing to longer survival with pain, corresponding to 4.1 (95%CI
1.6, 6.5) additional opioid scripts, on average, over their lifetime
(Table 3). In contrast, we found no impacts on the use of other
treatments conditional on survival (such as testosterone sup-
pressants, surgical procedures/radiotherapy, other medicines or
other medical services), suggesting relatively constant use of
other care irrespective of disease progression (Supporting
Information S1: Appendix Figure A2). Overall use, uncondi-
tional on survival, was higher for all of these categories due to
improved survival (Table 3).

4.3 | Impact of Behaviors on Value for Money

To explore the potential impact on value for money, we consider
how these behavioral responses influenced healthcare costs,
discounted at 5% (Table 4). We find that funding the new
treatments increased costs by A$29,435 per patient on average.
This was mostly comprised of new drug costs (A$17,915 per
patient for the hormonals and A$5746 per patient for the new
chemotherapy). While there were some cost savings (−A$149
per patient) related to early stopping of first‐line chemotherapy,
these were minor because of their low cost to government.17 For
monitoring costs, initial savings in the first year were more than
offset by increased use in subsequent years (net increase of A
$1822 per patient).18 Given palliative chemotherapy was slightly
delayed rather than avoided, we find no impact for costs (−A$4
per patient). Although pain progression was slightly delayed,
the increase in survival led to higher opioid costs overall (A$203
per patient). We found that other health care costs were rela-
tively constant, conditional on survival, therefore the longer
survival with the new treatments resulted in substantially
higher costs (A$3901 per patient).19 The incremental costs
without discounting were similar given the relatively short time
horizon of the analysis (Supporting Information S1: Appendix
Table A7).

Next, we compare the costs and outcomes observed in practice to
the reference case informed by the early RCT evidence, using a
stepped approach and discounted at 5% (Figure 2). Based on the
proportion of patients who received second‐ and third‐line
treatment, and the key assumptions of the Australian funding
committee, we expected to observe an average incremental cost of

TABLE 3 | Unconditional mean per patient use of healthcare services.

Resource category Treated (95% CI) Controls (95% CI) Difference (95% CI)
First‐line chemotherapy (docetaxel), scripts 5.6 (5.4, 5.8) 6.4 (6.2, 6.6) −0.9 (−1.2, −0.6)

New hormonals, scripts 10.3 (9.8, 10.8) 0 10.3 (9.8, 10.8)

New chemotherapy (cabazitaxel), scripts 3.1 (2.8, 3.4) 0 3.1 (2.8, 3.4)

Palliative chemotherapy, scripts 2.8 (2.0, 3.8) 2.7 (1.8, 3.7) 0.1 (−0.5, 0.7)

Opioids, scripts 25.0 (22.0, 28.4) 20.9 (17.6, 24.6) 4.1 (1.6, 6.5)

Testosterone suppressants, scripts 22.8 (21.2, 24.5) 16.8 (15.0, 18.7) 6.0 (3.8, 8.1)

General practitioner, visits 37.7 (33.7, 42.5) 27.5 (23.1, 32.6) 10.2 (7.2, 13.4)

Specialist, visits 44.1 (39.6, 49.4) 40.1 (34.4, 46.8) 4.0 (−0.5, 8.5)

Pathology, tests 146.7 (135.9, 161.4) 126.3 (112.5, 144.1) 20.4 (8.7, 31.6)
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FIGURE 1 | Average use of healthcare services in treated patients and matched controls. The conditional and unconditional curves report the
average healthcare utilization per month for those currently still alive and for the total cohort, including the dead, respectively. A difference in
the conditional curves at a given point in time indicates that the funding decisions changed average health use due to either a change in health
status or change in behaviors. The unconditional curves reflect the budgetary impact for government associated with healthcare service use with
the area between the curves reflecting the impact on government costs associated with the funding decision. [Colour figure can be viewed at
wileyonlinelibrary.com]
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approximately $17,640 and an incremental benefit of approxi-
mately 0.35 QALYs (Point A in Figure 2). In practice, despite
longer use of the new treatments compared to the RCTs, we
previously estimated lower discounted average benefits for those
who received the new treatments of 0.28 QALYs (Supporting

Information S1: Appendix Table A8). This lower benefit was
likely in part due to doctors treating more patients with poor
prognosis but also due to some patients, treated with both the
hormonal and new chemotherapy, spending longer alive in the
end‐stage of their disease (Ghijben et al. 2021). Hence, even

TABLE 4 | Average incremental costs per treated patient (discounted at 5%).

Treated (95% CI) Controls (95% CI) Incremental (95% CI)
Costs total (A$,000) 55.84 (53.56, 58.05) 26.40 (24.49, 28.85) 29.44 (26.91, 31.62)

New 2nd and 3rd line treatments

Hormonals (abiraterone, enzalutamide) 17.92 (17.04, 18.72) 0 17.92 (17.04, 18.72)

Chemotherapy (cabazitaxel) 5.75 (5.24, 6.25) 0 5.75 (5.24, 6.25)

Existing treatments

First‐line chemotherapy (docetaxel) 0.95 (0.92, 0.98) 1.10 (1.06, 1.14) −0.15 (−0.20, −0.10)

Palliative chemotherapy 0.55 (0.39; 0.74) 0.55 (0.37; 0.74) −0.00 (−0.13; 0.12)

Opioids 1.33 (1.18, 1.50) 1.13 (0.95, 1.32) 0.20 (0.07, 0.33)

Testosterone suppressants 8.04 (7.51, 8.60) 5.99 (5.40, 6.63) 2.05 (1.32, 2.78)

Surgery and radiotherapy 2.56 (2.20, 3.01) 1.81 (1.39, 2.30) 0.75 (0.42, 1.08)

Other medical services 0.30 (0.25, 0.36) 0.25 (0.17, 0.34) 0.06 (−0.00, 0.11)

Other medicines 4.97 (3.98, 6.42) 4.24 (3.33, 5.38) 0.73 (0.15, 1.32)

Chemotherapy administration 1.63 (1.50, 1.82) 1.32 (1.13, 1.58) 0.32 (0.14, 0.50)

Monitoring

Pathology 2.69 (2.51, 2.93) 2.31 (2.08, 2.61) 0.37 (0.17, 0.56)

Imaging and diagnostics 3.93 (3.69, 4.24) 3.22 (2.88, 3.59) 0.70 (0.39, 0.97)

General practitioner 1.80 (1.63, 2.01) 1.33 (1.13, 1.57) 0.47 (0.33, 0.61)

Specialist 3.43 (3.11, 3.81) 3.15 (2.72, 3.66) 0.28 (−0.07, 0.62)

FIGURE 2 | Value for money estimates of the funding decision, stepped analysis (discounted at 5%). The figure illustrates the change in the
estimated incremental cost‐effectiveness ratio of the funding decision when considering the behavioral responses observed in practice and their
implications for both healthcare resource use and health outcomes. Point “A” shows the difference in costs and QALYs for the new treatments
compared to usual care based on the clinical trial evidence and a funding threshold of A$50,000/QALY. In practice, the difference in QALYs was
less than expected (Point “B”) and the difference in costs was higher than expected (Points “C” and “D”). [Colour figure can be viewed at
wileyonlinelibrary.com]
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before considering the full cost implications, these treatment
behaviors increased the incremental cost‐effectiveness ratio of
the funding decision to A$62,000 per QALY (Point B in Figure 2).

Next, we consider the estimated higher costs for the new
treatments owing to longer use. Compared to the expectations of
the funding committee, the additional use of the new treatments
corresponded to higher costs per patient of approximately 35%
(A$6050). Which increased the incremental cost‐effectiveness
ratio to A$83,000 per QALY (Point C in Figure 2). It is hard
to disentangle the extent to which this longer use was due to
starting the new treatments earlier versus their extended use
beyond progression. While the funding committee had at least
noted the potential for the latter, they did not consider the po-
tential for earlier use and, at that time, had no evidence about
the extent to which longer use would increase costs.

The net cost implication for all other behavioral responses (i.e.
less first‐line chemotherapy, additional monitoring and costs
associated with longer survival) further increased costs per pa-
tient by A$6250 and increased the incremental cost‐
effectiveness ratio to A$103,000 per QALY. The majority of
this increase in costs was for healthcare categories where,
conditional on survival, use did not change (general practi-
tioner, testosterone suppressants, surgery/radiation, other
medicines, other medical services). Even for healthcare cate-
gories where the new treatment decreased use in the short term,
the longer survival increased overall costs. Given this real‐world
data on background costs existed at the time of the decision, not
accounting for these costs had important implications for the
results. The uncertainty around the estimated incremental cost‐
effectiveness ratio of the funding decision was small relative to
the overall change from the reference point (Figure 2).

Our conclusions were largely unchanged when we adjusted
some of our key assumptions (Supporting Information S1:

Appendix Figure A3). The results were not very sensitive to
assuming that a A$60,000 (rather than A$50,000) per QALY
threshold was used by the funding committee when deriving the
unit costs of the new treatments. This change slightly increased
the unit costs of the new treatments and scaled up the cost
implications of the extended use of the new treatments, with the
final incremental cost‐effectiveness ratio (A$121,000 per QALY)
more than double the reference point. Similarly, assuming that
the funding committee had accounted for a modest change in
background costs (� A$1000) had minimal impact on the re-
sults, given the amount assumed was very small relative to our
estimated increase in costs.

4.4 | Variation Across Subgroups

We now consider the extent to which the incremental costs and
outcomes varied across subgroups defined by baseline charac-
teristics (Figure 3). We find little difference in costs and out-
comes for younger versus older patients, likely because those
“fit enough” for first‐line chemotherapy could have then
received the new treatments. We observed larger differences
between patients with and without significant pain—as defined
by the use of long‐acting opioids. The new treatments were
associated with smaller health gains in those with significant
pain, likely due to their more advanced disease. While their
incremental costs were also lower, this was not fully propor-
tional to the smaller health gains, leading to a slight increase in
the cost per QALY. A similar pattern was observed between
patients with more versus less comorbidities, however, there
were no differences in cost per QALY. Overall, we do not find
major differences in the cost per QALY across subgroups, sug-
gesting that the increase in the cost per QALY compared to the
early RCT evidence was not due to treating a broader patient
population.

FIGURE 3 | Value for money estimates of the funding decision, by subgroup (discounted at 5%). [Colour figure can be viewed at
wileyonlinelibrary.com]
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5 | Discussion

This paper has considered the limitations of using early RCT
evidence to inform funding decisions when behaviors in prac-
tice may depend on the local supply conditions and differ to
those observed in the RCTs. Insurers are regularly confronted
with this issue and while some attempts are often made to
address potential concerns, significant uncertainties may
remain. We consider how the provider and patient incentives in
early RCTs differ from practice and how these may lead to
different behaviors, costs, and outcomes. We then used a target
trial emulation framework to estimate the incremental costs and
outcomes of an Australian funding decision for three new
treatments for metastatic prostate cancer. We found behavioral
responses that were absent in the RCTs, highlighting how in-
formation and incentives can influence healthcare use and
impact on the value for money of new treatments.

When three new prostate cancer treatments were funded under
certain supply conditions in Australia, we found that treated
patients, on average, benefited less and incurred higher costs
than anticipated based on early RCTs. Although doctors treated
a broader range of patients than those in the RCTs, including
more with worse prognosis, this had minimal impact on the
average incremental cost‐effectiveness, as these patients expe-
rienced lower benefits but also incurred lower costs. A signifi-
cant proportion of the higher costs in practice were related to
the extended use of the new treatments. This extended use was
due to two key reasons. First, patients switched earlier than
expected from first‐line treatment to second‐line treatment. The
earlier switch was likely driven by the higher perceived net
patient benefit of starting the well‐tolerated and easily admin-
istered hormonal treatment compared to remaining on the
poorly‐tolerated and inconvenient first‐line chemotherapy. The
second reason for extended use was likely due to the limited
restrictions on when the new treatment needed to be ceased.
With no further life extending treatments available, patients
likely continued to use the new treatments even after progres-
sion. Extended use was more pronounced for hormonal treat-
ment, which had less adverse events than the new
chemotherapy. This highlights that treatments with low non‐
monetary and monetary costs for patients have a high poten-
tial for moral hazard.

Another significant factor driving higher costs in practice was
the extended survival combined with high background treat-
ment and monitoring costs for these patients. This aligns with
research emphasizing the importance of background costs
(Perry‐Duxbury et al. 2020; P. van Baal et al. 2016; P. H. van Baal
et al. 2011). While the early RCTs did not report these costs, and
they may have been irrelevant for the Australian context, real‐
world data could have provided valuable insights. By
leveraging administrative data, insurers can ensure more precise
calculations of background costs associated with different dis-
eases or stages of disease. Such estimates, however, may not
capture behavioral effects that could influence background
costs. For example, we observed a decrease in patient moni-
toring when transitioning from the prior first‐line treatment to
the new treatments, compared to palliative care. Before the new
treatments were funded, the clinical decision to stop first‐line

treatment required careful consideration of the trade‐off be-
tween potential adverse events and the possibility of continued
benefit. This highlights that the incentive to monitor patients
depends on the value of information for guiding future treat-
ment decisions. In our example, the cost implications of this
behavioral response were minimal and outweighed by the
monitoring during extended treatment and survival.

Several limitations of our empirical analysis must be acknowl-
edged, both for interpreting the results but also to guide similar
research in the future. Given only administrative data was
available, we needed to define most of the baseline character-
istics and likely quality of life (i.e. QALYs) based on medication
or medical service use. This limited our ability to match on
observed characteristics, to investigate additional subgroup ef-
fects, and to accurately identify the QALY impacts of the new
treatments. The dataset also did not capture most hospital costs,
which may be considerable at the end of life and it is thus un-
known how these would have differed across the groups. More
detailed patient data would have allowed for a more compre-
hensive analysis that could better explain differences between
the trial and practice settings due to treating broader pop-
ulations versus changes in how the treatments are used. It was
also necessary to extrapolate survival and healthcare use in
censored patients, however, in this case it only accounted for
30% of patient‐months in the analysis. This extrapolation
required a number of modeling assumptions. The discrete event
simulation and the Kaplan‐Meier sample average estimator
methods both assume no fundamental differences between
censored and uncensored patients in terms of healthcare use
over time. We do not expect significant differences between
these patients, but they may differ by a small amount. Com-
parison to the funding committee's reference point was also
made difficult as not all of the evidence relied on for the deci-
sion was made publicly available.

Despite these limitations, our empirical analysis addressed
several uncertainties that the funding committee could not
resolve prior to making their decision. A key question is, if the
committee had this evidence in 2015, when it could have been
produced,20 what would their policy response have been? Given
that there was no particular subgroup which had a relative low
value use compared to others, tightening up eligibility criteria
based on patient characteristics did not seem particularly
worthwhile. Consideration could have been given to making
extended use more difficult (e.g. restricting hormonal treat-
ments to a maximize number of doses or provide guidelines on
when treatments should be ceased) and/or threaten to withdraw
the current subsidy and re‐negotiate the unit price with the
companies involved. Even if the decision based on this new
evidence was to do nothing, such an analysis may still have
value. If this analysis was planned from the start, then the
funding committee may have been more inclined to fund these
treatments earlier and able to assess the real‐world evidence
sooner as well. In this example, the funding committee delayed
their final decision for more than a year—partly related to the
uncertainty on how the new treatments would be used in
practice. In addition, the evidence provided here may have
helped the committee to consider the likely behavioral conse-
quences when considering similar medicines.
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More broadly, analyzing the comparative impact of funding
decisions on costs and outcomes can provide valuable insights
for funding committees. Variations across subgroups may reveal
areas of low value use or issues such as low uptake and reduced
benefits in specific populations. It may also highlight where
further interventions are needed to change behavior, such as the
implementation and dissemination of clinical guidelines or
requiring written or verbal approval from the insurer to
encourage efficient and equitable use. While the evidence pro-
duced may also lead to re‐negotiating price and coverage
agreements with pharmaceutical companies, such negotiations
may be complex due to political pressures and the involvement
of multiple stakeholders. Governments may also face challenges
in isolating the benefits of individual treatments, especially
when multiple treatments are funded simultaneously, as in the
empirical example.

Before conducting a post‐market comparative analysis, insurers
must first consider the feasibility of the study and whether
meaningful effects could be estimated (ENCePP 2018). Careful
planning is necessary to estimate robust causal effects from
observational data, which depends on the quality of available
data and comparisons of interest. Considerations include the
assumptions necessary to identify reliable control patients, the
duration of follow‐up to observe a sufficient number of health
events, and the potential that other practice changes unrelated
to the new treatment(s) have occurred. Insurers must also
consider the likely value of conducting a post‐market compar-
ative analysis and compare this against other options, such as,
pragmatic trials (Garrison Jr et al. 2007). The concept of “value
of information” may be useful, even when unexpected factors
might complicate a formal analysis. Additional research may
have limited value in several scenarios. First, when new evi-
dence is unlikely to change the decision because the current
option is already clearly more or less cost‐effective than alter-
natives, and behavioral uncertainties are unlikely to alter this
conclusion. This is unlikely for new innovative treatments as
unit prices are often approved close to the insurer's funding
threshold. Second, when any change in decision would likely
only lead to small improvements in outcomes or modest cost
savings. This may be difficult to determine a priori but would be
more likely when the potential for moral hazard is low. Finally,
when changing a decision is politically difficult and unlikely to
occur irrespective of any new evidence. This is more likely when
the funding decision is driven by equity considerations, when
alternative treatments are unavailable, or when the treatment
targets a priority disease.

This paper has added to the current policy landscape aimed at
utilizing real‐world data to improve healthcare funding de-
cisions (NICE 2022; Pratt et al. 2024). When translating RCT
evidence to practice for healthcare funding decisions, more
attention is needed on how providers and patients may
respond to supply conditions in the local healthcare system.
There is a wealth of existing economic research to draw upon
that underscores the importance of supply conditions, insur-
ance coverage, guidelines, and co‐payments on healthcare use
and outcomes (Arrow 1963; Brot‐Goldberg et al. 2017; Card
et al. 2008; Cutler and Zeckhauser 2000; Einav and Finkel-
stein 2018; Guthrie et al. 2016; Irving et al. 2020; Manning
et al. 1987; Pauly 1968; Zeckhauser 1970; Zweifel and

Manning 2000). Utilizing administrative and other health data,
such as patient registries, can provide valuable insights into
current behaviors, resource use, and outcomes. Similarly,
stated preference research may also help to predict behaviors.
Despite efforts to address this important source of uncertainty,
there is likely to be an ongoing need for post‐market
comparative analyses to inform adjustments to the supply
conditions or prices paid for new treatments. More research is
needed to further develop and refine such methods, poten-
tially building on the approaches pioneered in this paper.
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Endnotes
1 The three RCTs were conducted at a similar time (enrollment from
2007 to 2010), and so each new treatment was compared to best
supportive care (no life‐extending treatment) in the second‐line
setting.
2 The funding criteria excluded use in patients confined to bed and
required patients to stop treatment at disease progression, but did not
define explicit stopping criteria.
3No economic evidence was presented to support the more flexible use
of the new treatments.
4Other exclusion criteria used in the RCTs (such as, ECOG status,
expected survival > 6 months, and specific comorbidities) were not
available in the administrative data.
5 Linked data from the Pharmaceutical Benefits Scheme, the Medicare
Benefits Schedule and the Australian Death Registry. Linkage to the
Medicare Benefits Schedule was only available for 82% of patients in
the sample who had at least one claim of chemotherapy administra-
tion. The failure to claim administration costs for subsidized
chemotherapy is likely due to clerical oversight or some use in state‐
government outpatient clinics. We assume patients with complete
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data are representative of the whole population and impute health-
care use on the Medicare Benefits Schedule for the 18% of patients
with missing data.
6 For our sample of prostate cancer patients, the dataset likely misses
changes to behaviors related to hospitalizations at the end of life. We
expect these behaviors would likely mirror the use of palliative
chemotherapy.
7 Changes in unobservable factors over time related to outcomes would
also reduce the performance of our matching approach, as it may not
be possible to match untreated patients to untreated‐controls using
outcomes when their outcomes are not similar. In this empirical
example, we included a time variable in all regression models to test
this assumption and found no evidence of either survival or resource
use changing over time due to unobserved factors.
8 Baseline characteristics included age, private patient, PBCI, prior
GnRH, prior anti‐androgen, prior long‐acting opioid, prior chemo-
therapy, and treated in a private hospital.
9 Our matching weights are based on patient characteristics and out-
comes of untreated patients, but not on prior healthcare use.

10 Chemotherapy administration is claimed as a separate cost category to
chemotherapy treatments and it is not always clear what type of
chemotherapy is linked to which administration cost. Therefore we
include this as a separate category.

11Medicines and medical services in the dataset are classified by a
unique item code specific to the medicine or type of service. Nearly all
of the item codes (> 98%) in the dataset were common to both
comparison groups, indicating few changes in the available healthcare
over time. Most new items in the post‐funding period either replaced
deleted items or were direct substitutes with other items (i.e. same
cost) in the pre‐funding period. The main exception was a rarely used
but high cost palliative medicine for bone pain related to prostate
cancer (denosumab, funded in December 2011), which was available
in the post‐funding period but unavailable in the pre‐funding period.
For simplicity, we exclude costs for this treatment from the analysis
given use does not impact on survival (the main clinical outcome).

12 Given we only had access to administrative data, QALYs were esti-
mated based on likely health states given their medication use.

13 The Australian government routinely negotiates confidential special
pricing arrangements and risk‐sharing agreements for high cost
pharmaceuticals, which obscure the unit price paid by government
(Robertson et al. 2009).

14 The committee considered that each treatment (vs. placebo) improved
average survival by 0.36 life years (or 4.3 months) with an average
utility weight of 0.77 for non‐progressed disease (Australian
Government 2011b, 2012; Sandblom et al. 2004). The incremental 0.27
QALYs estimated from the literature was therefore consistent with
these statements, assuming that the majority of survival gain was
spent without disease progression. In practice, if patients with more
progressed disease were treated, more of the survival gains may have
been spent in a worse health state.

15 The base case analysis assumes no change in background or net costs,
but the funding committee could have considered various factors that
may have influenced costs or QALYs. For example, there may be a net
cost in terms of routine care from improved survival or a net cost savings
associated with a reduction in supportive treatments or delays to end of
life care. A similar model in the United Kingdom included a weekly
survival cost of £87 (approx. A$170) after progression but treatment was
estimated to result in a net cost savings of £452 (approx. A$875)
(Connock et al. 2011). The net direction of these factors is unclear,
however, either alone or combined we expect their impact to be small
and therefore not to affect the overall conclusions drawn in this case.

16 Because the new treatments may have also displaced the use of
palliative chemotherapy (see Supporting Information S1: Appendix

Table A4), it is hard to distinguish between this and the role they had
in delaying the “need” for palliative chemotherapy.

17 Early stopping of docetaxel also likely reduced chemotherapy
administration costs but this was more than offset by the adminis-
tration costs related to the new chemotherapy.

18 General practitioner visits did not display the same pattern, instead
there was a stable use of general practitioner visits, suggesting a
supporting role rather than active role in treatment decisions.

19 The overall impact on chemotherapy administration costs was driven
by a combination of reduced docetaxel use, use of the new chemo-
therapy, and delayed palliative chemotherapy.

20 Ideally, such an analysis would have been planned in advance, such
that data extraction and data cleaning issues had already been
resolved, and the evidence could have been produced as quickly as
possible to inform future decisions.
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