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ABSTRACT

Introduction: Clinical trials often have short
follow-ups, and long-term outcomes such as
survival must be extrapolated. Current extrap-
olation methods often produce a wide range of
survival values. To minimize uncertainty in
projections, we developed a novel method that
incorporates formally elicited expert opinion in
a Bayesian analysis and used it to extrapolate
survival in the placebo arm of DAPA-CKD, a

phase 3 trial of dapagliflozin in patients with
chronic kidney disease (NCT03036150).
Methods: A summary of mortality data from 13
studies that included DAPA-CKD-like populations
and training on elicitation were provided to six
experts. An elicitation survey was used to gather
the experts’ 10- and 20-year survival estimates for
patients in the placebo arm of DAPA-CKD. These
estimates were combined with DAPA-CKD mor-
talityandgeneralpopulationmortality (GPM)data
in a Bayesian analysis to extrapolate long-term
survival using seven parametric distributions.
Results were compared with those from standard
frequentist approaches (with and without GPM
data) that do not incorporate expert opinion.
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Results: The group expert-elicited estimate for
20-year survival was 31% (lower estimate, 10%;
upper estimate, 40%). In the Bayesian analysis,
the20-year extrapolated survival across the seven
distributions was 14.9–39.1%, a range that was
2.4- and 1.6-fold smaller than those produced by
the frequentistmethods (0.0–56.9%without and
0.0–39.2% with GPM data).
Conclusions: Using expert opinion in aBayesian
analysis provided a robust method for extrapo-
lating long-term survival in the placebo arm of
DAPA-CKD. The method could be applied to
other populations with limited survival data.

Keywords: Bayesian methodology; Chronic
kidney disease; Expert elicitation; Survival
modelling

Key Summary Points

Why carry out this study?

Health technology assessment agencies
recommend standard parametric
frequentist methods for extrapolating
survival data from randomized controlled
trials beyond the trial duration.

However, these methods can produce a
range of survival values, particularly
where limited data are available, as can be
the case for patients with chronic diseases.

What was learned from the study?

We developed a method that combines
patient data from clinical trials with a
formal expert elicitation using Bayesian
methods to estimate long-term survival in
cases where limited survival data exists.

The method produces estimates that are
plausible, robust, and aligned with
informed clinical opinion.

The survival extrapolations produced by
this method could provide additional
evidence for use in various situations,
including clinician–patient conversations
and in regulatory and reimbursement
decision-making, for many chronic
disease areas.

INTRODUCTION

Most randomized controlled trials (RCTs) of
new therapies have maximum follow-up dura-
tions of less than 5 years [1], and they do not
provide data on outcomes beyond this period.
These time frames may be considered short for
the purposes of clinical, reimbursement, and
policy decision-making. Therefore, to obtain
information about the impact of new therapies
on long-term outcomes, the short-term results
of RCTs are often extrapolated. Real-world evi-
dence (RWE) can supplement RCT data in these
decision-making processes, but RWE studies can
have their own drawbacks: they are generally
retrospective; they often have heterogeneous
patient populations; and they are prone to bia-
ses such as performance bias and selection bias.

One outcome with important clinical and
regulatory implications is patient survival.
Standard parametric frequentist methods are by
far the most commonly used methods for
extrapolating survival data from RCTs beyond
the trial duration. However, these frequentist
methods can produce a wide range of survival
values for a given time point, particularly where
limited data are available, as can be the case for
patients with chronic diseases that have low
mortality. This variability introduces uncer-
tainty into the survival projections and expert
opinion is often sought on which parametric
frequentist survival model is the most realistic.
Health technology assessment (HTA) agencies
have also expressed the need for methods that
improve the accuracy of long-term survival
predictions, such as Bayesian methods that
incorporate expert judgment [2].

Expert elicitation is a well-established
method for obtaining and synthesizing unbi-
ased expert judgments that can provide valu-
able quantitative information when empirical
data are lacking. The aim of expert elicitation is
to develop a probability distribution for an
uncertain parameter by combining a set of
probabilistic expert judgments. Initially devel-
oped in the 1950s [3, 4], expert elicitation has
received renewed attention, partly owing to
endorsement by HTA agencies like the National
Institute for Health and Care Excellence (NICE)
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and scientific advisory bodies like the National
Academies of Sciences, Engineering, and Medi-
cine [2, 5, 6]. It has previously been applied to a
variety of health research areas, including the
extrapolation of long-term survival [7–9].

We describe a method that uses the expert
clinical judgment of practising physicians
within a Bayesian framework. We hypothesized
that long-term survival extrapolations derived
through this methodology would provide more
robust and unbiased results than current stan-
dard methods for extrapolating RCT survival
data. To test this and provide an example, we
applied the method to patients with chronic
kidney disease (CKD) in the placebo arm of the
DAPA-CKD trial (NCT03036150) [10]. Patients
with chronic cardiometabolic diseases, like
CKD, generally receive treatment over a much
longer period of time than the duration of a
typical RCT and, while RCTs can demonstrate
the short-term benefits of such treatments,
often little is known about their potential long-
term benefits. Therefore, robust methods for
extrapolating outcomes are needed for these
populations to aid clinical decision-making and
to reduce uncertainty in regulatory and cost-
effectiveness decision-making. Additionally, a
large proportion of patients in these popula-
tions remain alive at the end of trials. Expert
elicitation can be used to supplement the short-
term mortality data available for these
populations.

DAPA-CKD was a randomized, double-blind,
placebo-controlled, multicentre clinical trial
that investigated the effects of the
sodium–glucose cotransporter 2 inhibitor on a
composite outcome of kidney function decline,
progression to end-stage kidney disease, and
death from renal or cardiovascular causes in
patients with CKD and elevated albuminuria,
with and without type 2 diabetes. Death from
any cause was a secondary outcome. DAPA-CKD
was the first RCT in patients with CKD to show
a statistically significant improvement in all-
cause mortality compared with placebo [11].
After a regular review meeting, the independent
Data Monitoring Committee recommended
that the trial be discontinued because of clear
efficacy, on the basis of 408 primary outcome
events [10].

We performed an expert elicitation to obtain
long-term survival estimates for patients in the
placebo arm of DAPA-CKD. These estimates
were used with general population mortality
(GPM) data and survival data from DAPA-CKD
in a Bayesian analysis to estimate long-term
survival. The results of this method were com-
pared with those from standard frequentist
methods.

METHODS

General Approach

The generalizable method for projecting long-
term survival had three steps (Fig. 1). First, lit-
erature survival data for populations similar to
the population of interest were collated in a
data book. Second, survival estimates for the
population of interest were gathered using an
expert elicitation. Finally, RCT survival data,
survival estimates from the experts, and GPM
data were combined in a Bayesian analysis. This
approach was applied to the placebo arm of
DAPA-CKD. See the Supplementary Material for
full methodology. Ethics committee approval,
consent to participate, consent for publication,
and accordance with the Helsinki Declaration of
1964 were not required for this study because it
did not involve human participants.

Data Book Creation: Literature Searches
and Data Extraction

Literature searches were performed to identify
peer-reviewed articles published during
1990–2020 in English that reported the results
of RCTs, observational cohort studies, meta-
analyses, and national renal registry reports in
populations similar to that of DAPA-CKD
(Fig. S1 in the Supplementary Material). The
resulting articles were screened for those that
reported all-cause mortality incidence rates or
Kaplan–Meier (KM) estimates for survival or all-
cause mortality, included patients at least
18 years of age with non-dialysis-dependent
CKD and elevated albuminuria, and had more
than 500 patients per study arm. Studies with
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fewer than 500 patients per study arm were
excluded, prioritising larger, landmark studies
with bigger sample sizes and therefore more
accurate outcome measures.

For relevant articles, study and patient
characteristics and all-cause mortality incidence
rates were extracted and recorded in a standard
form. KM estimates were extracted as JPEG
image files and digitized. A model was fitted to
the individual level data, which was then used
to produce extrapolations to 20 years by calcu-
lating standard mortality ratios (SMRs) using
age- and sex-adjusted general-population life
table data (United States Life Tables 2017, US
Department of Health and Human Services) and
the internal additive hazards approach of
van Oostrum et al. [12, 13]. Extracted data were
summarized in a data book, which was provided
to the participants of the expert elicitation
before the elicitation to inform and support
their judgments when providing survival esti-
mates (Table S1 and Fig. S2 in the Supplemen-
tary Material).

Expert Elicitation Survey

A formal expert elicitation was used to gather
long-term survival estimates for the population
of interest from six leading nephrologists using
an Excel-based elicitation survey (Fig. S3 in the
Supplementary Material). Participants were
trained on how to complete the survey and the
impacts of common cognitive biases on judg-
ment [14]. Participants then received the survey
to be completed independently and at a con-
venient time. The survey consisted of 10 cali-
bration questions about CKD and related
medical topics with known answers from the
scientific literature (Table S2 in the Supple-
mentary Material) and three survey questions
about the parameters of interest (10- and
20-year survival of patients in the DAPA-CKD
placebo arm), which participants answered
using their expertise and knowledge of the field,
with support from the data book (Table S3 in
the Supplementary Material).

Fig. 1 Summary of the novel and generalizable method for projecting long-term survival using Bayesian methodology with
randomized controlled trial survival data, expert-elicited values, and general population mortality data
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Each participant’s responses to the calibra-
tion questions were used to assess their perfor-
mance on the survey questions (based on
accuracy and information) and to assign per-
formance-based weights to their responses for
use when combining the individual judgments
(Table S4 in the Supplementary Material)
[14–17]. For all questions, participants provided
low (P10), high (P90), and medium (P50) esti-
mates for each parameter, where P10 represents
the value they are 90% confident that the true
value is higher than, P90 represents the value
they are 90% confident that the true value is
lower than, and P50 represents the value they
believe it is equally likely that the true value is
either lower or higher than.

Survival Extrapolation

For all analyses, parametric survival estimates
were generated using exponential, gamma,
generalized gamma, Gompertz, loglogistic, log-
normal, and Weibull survival distributions, as
recommended by NICE, the Pharmaceutical
Benefits Advisory Committee (PBAC), and
the Canadian Agency for Drugs and Technolo-
gies in Health (CADTH) [2, 6, 18, 19]. Survival
estimates to 40 years, point estimates for sur-
vival at 20 years, and median survival were
determined for each distribution. Where rele-
vant, GPM was accounted for using age- and
sex-adjusted general-population life table data
[12], according to the internal additive hazards
method of van Oostrum et al. [13].

Bayesian Analysis
Elicited survival estimates and GPM data were
used in a Bayesian method to extrapolate sur-
vival in the placebo arm of DAPA-CKD
(Tables S7 and S8 in the Supplementary Mate-
rial). Bayesian statistical methods determine the
probability of an event based on both data and
previously held beliefs about the event or con-
ditions associated with the event; the probabil-
ity of an event occurring can be updated as
more evidence is obtained. Parametric Bayesian
analysis was used to extrapolate the DAPA-CKD
placebo arm KM survival estimate using the

elicited survival estimates and accounting for
GPM.

Frequentist Analysis
We hypothesized that survival extrapolations
derived through the Bayesian methodology
would be more robust and unbiased than those
derived through current standard methods.
Therefore, for comparison, survival was extrap-
olated using frequentist methods, as is currently
recommended by HTA agencies for estimating
long-term survival. In frequentist methods, the
probability of an event occurring is determined
using the frequency of that event in a repeat-
able, objective test, and model parameters and
hypotheses are considered fixed. Frequentist
analyses were used to extrapolate the DAPA-
CKD placebo arm KM survival estimate. Two
analyses were run, one accounting for GPM and
one not accounting for GPM. Elicited survival
estimates were not used in this analysis.

RESULTS

Expert Elicitation: Calibration Results

Results from the calibration questions showed
that all experts provided responses that are
accurate (i.e. the realizations of the calibration
questions are likely to correspond statistically
with an expert’s assessments) and informative
(i.e. the expert can articulate that some values
are more likely than others) (Tables S2 and S4 in
the Supplementary Material). The group average
responses to the calibration questions demon-
strated greater accuracy than the individual
responses (Table S2). Calibration results were
used to weight participant responses to the
survey questions (Table S4).

Expert Elicitation: Survival of Patients
in a DAPA-CKD-Like Population

The weighted P50, P10, and P90 10-year survival
predictions were 59%, 47%, and 75%, respec-
tively for patients in a DAPA-CKD-like popula-
tion. The 20-year survival predictions were 31%,
10%, and 40% (Fig. 2 and Table S5 in the
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Supplementary Material). The predictions were
in line with the highest and lowest extrapolated
literature KM estimates (Fig. 2).

Survival Extrapolation for Patients
in a DAPA-CKD-Like Population

The 20-year survival values for patients in a
DAPA-CKD-like population for the seven para-
metric distributions were 0.0–56.9% in the fre-
quentist analysis, and 0.0–39.2% in the
frequentist analysis accounting for GPM

(Fig. 3a, b, Table 1). Median survival was 6–-
27 years and 6–17 years, respectively (Table S6
in the Supplementary Material).

The Bayesian analysis using survival data
from DAPA-CKD, expert-elicited survival esti-
mates, and GPM resulted in good agreement
with both the expert-elicited values and the
DAPA-CKD KM survival estimate for all seven
distributions (Fig. 3c, Table 1). The 20-year sur-
vival values for patients in the placebo arm of
DAPA-CKD for the seven distributions were
14.9–39.1%, which was in line with the expert-
elicited 20-year survival estimates of 10–40%
(Figs. 2, 3c). Median survival was 11–17 years
(Table S6 in the Supplementary Material).

Of the three extrapolation methods, the fre-
quentist analysis without GPM produced the
greatest variability across the seven distribu-
tions over time relative to the SMR-extrapolated
KM survival estimate from the DAPA-CKD pla-
cebo arm, followed by the frequentist analysis
accounting for GPM, followed by the Bayesian
analysis (Fig. S4 in the Supplementary Material).

DISCUSSION

We describe an innovative and generalizable
method that uses expert opinion to inform
long-term survival extrapolations in patient
populations for which only limited survival
data from RCTs or RWE studies are available. It
uses an expert elicitation method that incor-
porates a data book summarizing data relating
to the uncertain parameters of interest, partici-
pant training on the potential effects of cogni-
tive biases on their responses, and a remote
elicitation survey. The method was applied to
data from patients in the placebo arm of DAPA-
CKD to generate long-term survival estimates
for this population, for which little is known
about long-term survival. While only the pla-
cebo arm was considered here, in the future
treatment effects could be dealt with as indi-
cated in NICE, PBAC, and CADTH guidelines
[6, 18, 19].

Survival data from DAPA-CKD were initially
extrapolated using a frequentist approach, as
recommended by various HTA agencies
[2, 18, 19]. This method produced a wide range

Fig. 2 Group weighted estimates for survival percentage at
10 and 20 years for patients in the placebo arm of DAPA-
CKD compared to KM survival estimates from DAPA-
CKD placebo and active arms. Trial data and highest and
lowest literature KM estimates (solid portions of lines)
were extrapolated (dashed portions of lines) using SMRs
using age- and sex-adjusted general-population life tables.
KM Kaplan–Meier, SMR standard mortality ratio
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of long-term survival estimates, potentially
because approximately 90% of the trial popu-
lation were still alive at the end of DAPA-CKD,
and these survival extrapolations are therefore
based on few instances of death. Furthermore,
at later time points, survival for the DAPA-CKD-
like population was predicted to be higher than
that of the general population for the lognor-
mal, exponential, loglogistic, and gamma dis-
tributions, which is clinically implausible. Also,
some of the distributions were not aligned with
the expert elicitation—the generalized gamma,
Gompertz, lognormal, and exponential distri-
butions did not fall within the credibility
intervals defined by the elicited survival esti-
mates, indicating that they would be considered
unlikely by the experts.

Incorporating GPM into the frequentist
analysis, as indicated by NICE and implemented
by van Oostrum et al. [2, 13], reduced the vari-
ability in the survival estimates and made the
projections more plausible because survival of
the disease population could, by definition, no
longer be higher than that of the general pop-
ulation. However, this approach still produced a
wide range of long-term survival estimates. The
generalized gamma and Gompertz distributions
were not aligned with expert opinion and pre-
dicted higher mortality than expected based on
the expert-elicited survival estimates.

As expected with the Bayesian approach that
incorporated expert opinion, the values for
survival at 20 years from the seven distributions
converged and the method provided more

bFig. 3 Long-term survival extrapolations for patients in
the placebo arm of DAPA-CKD. Results for a frequentist
methods, b frequentist methods accounting for GPM, and
c Bayesian methods are presented for seven distributions
(exponential, gamma, generalized gamma, Gompertz,
loglogistic, lognormal, and Weibull). The DAPA-CKD
placebo arm KM survival estimate, SMR extrapolation,
GPM, and expert-elicited values are also presented in
a–c for reference. GPM general population mortality, KM
Kaplan–Meier, SMR standard mortality ratio. aResults for
the Weibull and generalized gamma distributions for the
Bayesian analysis overlap
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consistent survival estimates across a lifetime
horizon than the frequentist analyses.

The estimates produced using the Bayesian
approach can be used by patients, clinicians,
and those making decisions about the regula-
tion of new therapies. These estimates could
lead to reduced uncertainty for patients and
healthcare professionals (HCPs) and help with
HCP–patient conversations about life expec-
tancy, disease trajectory, and long-term out-
comes. HCPs also require accurate survival
estimates to help them make decisions about
patient care and evaluate the long-term risk/
benefit profiles of newly approved therapies.
Reliable survival estimates may also provide
encouragement to patients to continue treat-
ment by demonstrating long-term positive
outcomes associated with treatment compli-
ance, thereby optimizing patient management.
Additionally, validated long-term survival pro-
jections with reduced uncertainty are funda-
mental to HTA agencies for making balanced
assessments of the long-term benefits of new
treatments. Clinical trial sponsors should

consider factoring this analysis approach into
primary statistical analysis plans.

The expert elicitation method was designed
to reduce the impacts of cognitive biases that
can influence the formation of judgments. The
data book aimed to mitigate the availability bias
by presenting participants with studies they
may not have been familiar with and by pre-
senting the studies consistently without
emphasizing the results of any one particular
study. Training about cognitive biases was pro-
vided to the experts before the elicitation sur-
vey. Training about the statistical significance
of the P10 and P90 estimates and guidance on
making these assessments helped mitigate the
overconfidence bias. Participants were instruc-
ted to consider extreme (P10 and P90) outcomes
first, which helped mitigate the anchoring bias.
Participants completed the survey indepen-
dently, which also helped mitigate the anchor-
ing bias by reducing the risk that individual
responses were influenced by other participants.

Participants completed the survey remotely,
avoiding potential scheduling and geographical
constraints and allowing experts to be recruited

Table 1 Long-term survival extrapolations for patients in the placebo arm of DAPA-CKD

Population Distribution/source Estimated survival at 20 years (%) (95% CI)

Frequentist Frequentist 1 GPM Bayesian

Placebo arm of DAPA-CKD [10] Exponential 52.8 (46.9–58.2) 39.2 (35.6–42.3) 39.1 (35.3–43.0)

Gamma 28.9 (16.2–41.6) 17.5 (5.0–29.0) 18.1 (11.3–29.7)

Generalized gamma 1.0 (0.0–96.3) 0.0 (0.0–58.2) 16.5 (3.4–33.1)

Gompertz 0.0 (0.0–0.0) 0.0 (0.0–0.1) 14.9 (0.2–39.5)

Loglogistic 37.1 (25.5–47.2) 15.8 (9.4–23.0) 20.8 (13.9–30.5)

Lognormal 56.9 (47.4–63.7) 33.8 (21.1–40.6) 32.0 (21.6–39.9)

Weibull 21.3 (7.1–35.8) 9.9 (0.2–27.4) 16.7 (9.2–28.7)

SMR extrapolation 21.1

General population Life table data [12] 58.2

Estimated survival percentages at 20 years are presented for Bayesian, and frequentist methods and frequentist methods
accounting for GPM for seven distributions (exponential, gamma, generalized gamma, Gompertz, loglogistic, lognormal, and
Weibull). Estimated survival percentages at 20 years are also presented for SMR extrapolations and for general-population
life table data
CI confidence interval, GPM general population mortality, SMR standard mortality ratio
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from across the world. Previous expert elicita-
tions have required lengthy in-person inter-
views. However, in the approach described here,
participants completed the remote survey suc-
cessfully. Although face-to-face elicitations are
generally preferred to virtual ones [7, 20], the
average accuracy and information scores for the
participants in this virtual elicitation were
higher than those from some face-to-face elici-
tations [21–23], demonstrating that virtual
elicitation can be highly effective.

Finally, in contrast to existing Bayesian
methods, the use of conditional survival per-
centages in the method described here meant
that 20-year survival could not be higher than
10-year survival in any Markov chain Monte
Carlo iteration. As a result, the method is more
clinically plausible than methods in which a
higher survival percentage can be sampled at
20 years than at 10 years or, in other words, in
which the analyzed patients are allowed to be
resurrected.

This study has certain limitations. The liter-
ature review that was performed to create the
data book was not systematic, which may have
influenced the responses of some experts par-
ticipating in the elicitation since some were also
authors of the studies included in the data
book. In addition, the literature review only
included papers published in English. However,
it included 13 relevant RCTs and observational
studies. Furthermore, the populations of the
trials presented in the data book were not
identical to the population of DAPA-CKD. In
the future, the data book could be enriched
using data from electronic health records or
from risk equations. The extrapolations of the
literature survival data provided in the data
book were intended to help the experts in their
assessments; however, it is possible that the
inclusion of these extrapolations may have
biased the experts’ assessments. We also did not
account for differences in background mortality
between countries represented in the literature
survival data and the USA (which was used as
the reference population to generate the
extrapolation). Finally, the DAPA-CKD popula-
tion may not accurately reflect the general
population of patients with CKD, and survival
estimates made for patients in the DAPA-CKD

placebo arm may not be applicable to a broader
population.

CONCLUSION

We describe a method for obtaining long-term
survival estimates in cases where RCTs provide
limited data. This method combines the results
of an expert elicitation with short-term RCT
mortality and GPM data in a Bayesian analysis.
It was applied to extrapolate survival of patients
in the placebo arm of DAPA-CKD to produce
long-term survival estimates that were plausi-
ble, robust, and aligned with expert clinical
opinion. The approach is versatile and general-
izable. Beyond the initial application to CKD,
we propose it could be applied to a wide range
of patient populations in which a lack of long-
term survival data makes the use of conven-
tional statistical methods challenging, includ-
ing chronic disease populations and
populations expected to have long remaining
lifespans, such as paediatric populations or
those undergoing gene therapy. The method
provides consistent long-term survival extrapo-
lations that are in line with clinical opinion,
which could provide additional evidence for use
by HCPs, patients, cost-effectiveness and HTA
decision-makers, and more broadly by policy,
regulatory, and reimbursement agencies.
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