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Abstract

Survival extrapolation often plays an important role in health technology assessment (HTA), and there are a range of different
approaches available. Approaches that can leverage external evidence (i.e. data or information collected outside the main
data source of interest) may be helpful, given the extent of uncertainty often present when determining a suitable survival
extrapolation. One of these methods is the multi-parameter evidence synthesis (MPES) approach, first proposed for use in
HTA by Guyot et al., and more recently by Jackson. While MPES has potential benefits over conventional extrapolation
approaches (such as simple or flexible parametric models), it is more computationally complex and requires use of specialist
software. This tutorial presents an introduction to MPES for HTA, alongside a user-friendly, publicly available operation-
alisation of Guyot’s original MPES that can be executed using the statistical software package R. Through two case studies,
both Guyot’s and Jackson’s MPES approaches are explored, along with sensitivity analyses relevant to HTA. Finally, the
discussion section of the tutorial details important considerations for analysts considering use of an MPES approach, along
with potential further developments. MPES has not been used often in HTA, and so there are limited examples of how it has
been used and perceived. However, this tutorial may aid future research efforts exploring the use of MPES further.

1 Introduction

Key Points for Decision Makers

Survival extrapolation often plays an important role in

Multi-parameter evidence synthesis (MPES) allows health technology assessment (HTA), and there are a range
for external evidence to be combined with trial data to of different approaches available that can be used to pro-
inform survival extrapolations. duce estimated survival curves [1, 2]. Approaches that can
This tutorial presents an introduction to MPES for health ~ leverage external evidence (that is, data or information
technology assessment (HTA), via two different specifi- collected outside the main data source of interest) may be
cations: Guyot’s MPES and Jackson’s MPES. helpful, given the extent of uncertainty often present when

determining a suitable survival extrapolation. The use of
external evidence to support extrapolation of survival out-
comes for HTA is recognised as an area requiring further
research but is not a new one [2, 3].

A recent systematic review conducted by some of the
authors identified methods leveraging external evidence
for survival extrapolation from as early as 2005 [4, 5]. One
of the methods identified in this systematic review was the

Despite their value in terms of methodological progress
and the ability to leverage multiple evidence sources in
one overall model, MPES approaches do not guarantee
accurate extrapolations, as different applications will
give different extrapolations, and so describing and justi-
fying assumptions is crucial.
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approach of Guyot et al. [6], which used a multi-parameter
evidence synthesis (MPES) approach to extrapolate sur-
vival over a lifetime horizon. This MPES approach brought
in evidence from multiple sources, and the authors used
a case study in squamous cell carcinoma of the head and
neck (SCCHN). More recently, Jackson presented an
alternative MPES approach [7]. Given that HTA involves
bringing together different sources of evidence to inform
decision making, an MPES approach would seem par-
ticularly relevant, given that the method itself directly
combines multiple sources of evidence, which was not a
feature of the other methods identified in the systematic
review.

A small number of other studies have applied an MPES
approach to address different research questions, using Guyot’s
MPES specifically (since Jackson’s MPES was only recently
published). Vickers (2019) explored a variety of extrapolation
techniques (including MPES) using a published database study
that provided data for a cohort of patients with non-small-cell
lung cancer (NSCLC) [8]. Chaudhary et al. [9] also explored
different extrapolation methods for an NSCLC population, but
made use of individual patient data (IPD) from two clinical tri-
als of nivolumab: CheckMate-017 (NCT01642004) and Check-
Mate-057 (NCT01673867). Despite the publication of these
more recent studies, the only statistical analysis code available
in the public domain from which to execute Guyot’s MPES is
provided in the original publication appendix, developed using
WinBUGS [10]. As the model fitting process may be considered
complex for non-programmers, this may have contributed (at
least in part) to the limited use of MPES for HTA.

In this tutorial, we introduce the MPES approach in general,
and explain the key features of Guyot’s and Jackson’s MPES
approaches. We then present a user-friendly, publicly avail-
able operationalisation of Guyot’s MPES using the R interface
for Stan: ‘rstan’ [11, 12]. Following this, we compare Guyot’s
MPES to Jackson’s MPES using two case studies, with the inten-
tion of providing researchers with further details of an MPES
approach when applied in different contexts (including where
the approaches can produce unexpected results). The main aim
of this tutorial is to introduce the MPES approach in general and
provide a means of running both Guyot’s and Jackson’s MPES
approaches in the same, readily accessible software so that it
can be more easily used for HTA purposes and further research.

2 Whatis MPES?

The term ‘MPES’ (multi-parameter evidence synthesis) can
be used to describe various methods to combine evidence
from multiple sources that may inform estimation of dif-
ferent model parameters that are linked in some way [13].
An MPES approach offers a means of combining multiple
sources of relevant evidence to inform estimates of survival
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outcomes. These sources of evidence could include, for
example, data collected from a clinical trial, a disease reg-
istry, and/or clinical expert opinion. In principle, produc-
ing a survival model that is informed by multiple sources
of evidence is likely to be valuable to decision-makers
faced with uncertainty in determining a plausible survival
extrapolation.

An MPES approach can be considered as a comprehen-
sive method that combines all inputs to produce a final sur-
vival model (with all key assumptions related to external
evidence ‘baked into’ the model itself, reflecting additional
‘ingredients’)—see Fig. 1. However, as with baking, it is
important that the ingredients are thoughtfully combined
and are not ‘lumped in” without due care and attention. Each
source of evidence is expected to tell us something specific
to that source, and therefore there needs to be careful con-
sideration for how it could be used in the model.

3 Guyot’s MPES

In their article, Guyot et al. present an illustration of how an
MPES approach could be undertaken, noting several possible
sensitivity analyses and some important assumptions [6]. Guy-
ot’s MPES uses four evidence sources: patient-level survival
data (e.g. from a clinical trial), conditional survival data (e.g.
from a disease registry), background mortality (BGM) data
(e.g. from population statistics), and expectation concerning
treatment effect over time (e.g. based on expert opinion). Full
details of Guyot’s MPES can be found in the original study [6],
but a brief overview is provided in this tutorial. More infor-
mation about the specific SCCHN case study that motivated
Guyot’s MPES, including the sources of each of the inputs,
is provided in theElectronic Supplementary Material (ESM).

Guyot’s MPES is estimated as a common model (i.e. one
overarching model that is informed by all relevant inputs
simultaneously). The starting point for the common model is
a cubic spline model fitted to the (‘true’ or ‘recreated’) patient-
level survival data with two components. One of these com-
ponents represents the log cumulative hazard of death for the
control group, and the other captures the effect of the active
intervention. The external sources introduced into the model
are data from a disease registry (for conditional survival) and
for BGM—both influence the estimation of survival for the
control group, i.e. the first component. Information is also
added for the treatment effect, expressed based on a hazard
ratio (HR), i.e. the second component. Knot locations for the
cubic spline model are specified by the analyst, and do not
need to be strictly located within the follow-up period of the
patient-level survival data.

To ‘add in’ these additional pieces of information,
Guyot et al., constructed likelihood functions for the exter-
nal evidence sources, which were expressed in terms of the
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Fig. 1 Illustration of the MPES
concept. MPES multi-parameter
evidence synthesis

Patient-level survival data
Target population for
inference. This is the ‘main’
input, which is supplemented
by the external evidence
Example: Clinical trial or
trials

parameters of the model, and also determined the likelihood
function for the patient-level data. This means that the authors
established a common model that can be estimated using all
the included evidence sources at the same time. While the
original study makes reference to the data being added incre-
mentally, it should be noted that the final model specification is
for a common model, so there is no particular ‘order’ in which
the evidence sources are added.

4 Jackson’s MPES

Like Guyot’s MPES, Jackson’s MPES involves fitting a
common model accounting for all input data and assump-
tions. However, Jackson’s MPES uses an M-spline func-
tion, rather than a cubic spline function, as used by Guyot
et al. A detailed explanation of Jackson’s MPES is pro-
vided in the original publication, which includes an appen-
dix that details the differences between M-splines and
natural cubic splines [7]. The full publication highlights
the availability of the ‘survextrap’ R package, which can
be used to execute Jackson’s MPES, and examples can be
accessed via this link: https://chjackson.github.io/surve
xtrap/articles/examples.html.

Jackson’s MPES assumes that the following evidence
sources are available:

e Either ‘true’ or ‘recreated’ patient-level survival data—
for example, from a clinical trial. The number of knots
and knot locations can be specified by the analyst, but
by default these are automatically selected by the ‘sur-

Conditional survival data
Conditional survival for the trial
cohort assumed to converge to

that of a cohort of patients

from an external source.
Example: Disease registry or
long-term historical study

Background mortality data
Survival assumed to be no
greater than a matched
general population cohort for
the full modelled time horizon

Treatment effect assumption
Assumption about how the difference
in the hazard of death between
treatment arms changes over time
Example: Expert opinion or
assumptions based on similar
treatments in the same class where

longer follow-up data are available

Example: Population
statistics

vextrap’ function within the ‘survextrap’ R package,
based on quantiles of the event times in the data.

e At least one aggregate-level external dataset, providing
counts of survivors over arbitrary time periods.

Jackson’s MPES includes three ‘special mechanisms’
that may be useful for analysts to consider; these are as
follows: relative survival, mixture-cure modelling, and
incorporation of treatment effect waning. Importantly,
these special mechanisms can be considered together — in
fact, the relative survival option should be included if a
cure model is fitted (so that the end model does not reflect
cured people as immortal).

e The relative survival mechanism allows the user to focus
the model fitting process on excess mortality (that is,
mortality specifically related to the disease of interest,
rather than all-cause mortality). This means that BGM
data can be included in Jackson’s MPES, but this is not
mandatory.

e Mixture-cure modelling may be useful for estimating sur-
vival for potentially curative (or ‘functionally curative’)
treatments associated with a survival plateau.

e Treatment effect waning may be helpful to explore the
relationship between modelled survival estimates for
multiple treatment groups, though as discussed later in
this tutorial, Jackson’s MPES considers treatment effect
waning as a post hoc adjustment, rather than an input to
the MPES model itself.
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5 How do Guyot’s and Jackson’s MPES
approaches compare?

Table 1 summarises the main similarities and differences
between Guyot’s MPES and Jackson’s MPES. For more
details, please refer to Jackson’s article (see ‘Additional
File 17).

6 Implementation of Guyot’s and Jackson'’s
MPES

6.1 Preparing the Programming Code for Guyot’s
MPES

The statistical analysis software package R is recognised as
one of the most popular software packages for the purpose

Table 1 Comparison of Guyot’s and Jackson’s MPES

of producing survival extrapolations for HTA (alongside
others, such as Stata and SAS [14-16]). There is increased
interest in the use of R for a variety of analyses associated
with HTA, advocated by the ‘R for HTA’ academic consor-
tium, given that R is freely available and open source [17].
Unlike Guyot’s MPES, the more recent MPES approach
of Jackson has been developed with a corresponding R
package: ‘survextrap’ [7]. Without an R interface, many
HTA analysts may struggle to execute Guyot’s MPES, and
understand how it compares to Jackson’s MPES.

Using the original code and input files, Guyot’s MPES
was re-programmed into R using the ‘rstan’ package [11].
The re-programmed code was used to run the original
model specification and the outputs were verified, both via
digitisation (comparing the plotted survival curve outputs
from the original study versus the re-programmed code)

Guyot

Jackson

A restricted cubic spline model is used to represent the log-cumulative
hazard over time. This can, theoretically, produce a negative hazard

Knot locations are specified by the analyst. The original case study
describes the approach taken to select knot locations, though no
formal process is provided or included as part of a statistical software
package

An M-spline model is used to represent the hazard over time. This can-
not produce a negative hazard

Knot locations are determined by default in the statistical software
package, though these can be overridden by user inputs

Both methods rely on there being one source of patient-level data, usually from a clinical trial, which could be ‘true’ or ‘recreated’ data. While
it may be possible to leverage meta-analysed results to inform some other aspects of the model (such as combining external data sources in
Jackson’s MPES, or combining expert opinion sources for Guyot’s MPES), neither method is explicitly designed to evaluate a context where

there are multiple clinical trials of interest

The external data set is inputted as conditional survival count data, denoting start and stop times, and associated sample sizes

Guyot’s MPES approach assumes there is only one external data set
providing conditional survival data in the population of relevant (i.e.
outside of BGM)

BGM is introduced based on a specific time point, at which time con-
ditional survival for the control arm is expected to be the same as the
age- and sex-adjusted general population

An informative prior is included as part of the model fitting to describe
the HR (i.e. this is considered probabilistically). This can be used, for
example, to impose the expectation that the HR could be close to 1 at
a time point after the end of follow-up for the clinical trial. The HR
setting in Guyot’s MPES is crucial to link the conditional survival
and general population constraints applied to the ’control” arm to the
‘active’ arm

There is no formal constraint included within the model fitting process
related to the risk of overfitting for many knots (though no more than
three knots have been explored in this tutorial)

Guyot’s MPES does not include any formal or specific methodology
related to the possibility of a cured proportion of patients. This could,
however, be implied based on the external conditional survival data
used to inform the common model

Jackson’s MPES approach allows for one or more external data sets for
conditional survival

BGM is introduced by fitting a relative survival model (i.e. including
data for the background expected hazard for each observed survival
time based on patient characteristics, via an ‘additive hazards’ model)

While Jackson’s MPES can be specified as a proportional hazards
model, there is no specific input that would allow for quantifying
uncertainty about how the HR changes after the clinical trial. Instead,
a post hoc adjustment can be applied to adjust for possible treatment
effect waning (i.e. this is considered deterministically)

A prior smoothness constraint is included as part of the model fitting
process, which aims to avoid overfitting in the presence of many
knots

Jackson’s MPES includes the ability to fit a mixture-cure model, to
reflect the possibility of a proportion of long-term survivors

BGM background mortality, HR hazard ratio, MPES multi-parameter evidence synthesis
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and through verification with the original study authors.
However, it should be noted that our re-programming of
Guyot’s MPES does not provide the full suite of func-
tionality afforded by the survextrap package for Jackson’s
MPES (e.g. it does not immediately easily extract haz-
ard estimates alongside credible intervals, which may be
a helpful tool to guide model specification as shown by
Jackson; see Figure 2 of Jackson [2023]) [7].

The original SCCHN case study has been documented
previously both by Guyot et al. and Jackson. Therefore, we
considered two other case studies to demonstrate how an
MPES approach can be executed from first principles. The
first of these considers a population with advanced mela-
noma, which was the subject of an HTA by the National
Institute for Health and Care Excellence (NICE) (TA319)
[18]. The second case study considers a population with
NSCLC, which is the same cancer type used in the previ-
ous applications of an MPES approach by Chaudhury et al.
and Vickers, and also formed the main clinical evidence
base for NICE TA531 [8, 9, 19].

The case studies explored within this tutorial are intended
to be illustrative of the methodology, rather than examples
of where an MPES should have been used. We encourage
readers to revisit the original case study by Guyot et al., in
the context of SCCHN for a full description of how they
identified relevant evidence, sought clinical expert opinion,
and determined the MPES model specification [6].

6.2 Modifications of Guyot’s MPES and Sensitivity
Analyses

MPES allows for a flexible approach to model specification,
as different settings and assumptions will be appropriate for
different applications. The original WinBUGS version of
Guyot’s MPES is somewhat limited with respect to varying
model settings, restricting the extent to which sensitivity
analyses can be conducted around model assumptions. In
our R version, we allowed more settings to be varied by
the user, similar to how Jackson’s MPES has been devel-
oped allowing different settings to be easily explored. For
example, important sensitivity analyses could involve vary-
ing the number of knots, knot locations, HR adjustment in
the long term, and BGM adjustment time points. Further
details around sensitivity analyses using model settings are
provided in the ESM.

7 Melanoma Case Study

For this case study, (re-created) patient-level data from the
CA184-024 study were used, along with published long-
term survival data from the American Joint Committee on
Cancer (AJCC) [20, 21]. The CA184-024 study has three

published Kaplan-Meier (KM) estimates of survival, reflect-
ing 3, 4, and 5 years of minimum follow-up [20, 22, 23].
The AJCC data provide a KM estimate of survival for n =
1158 people with stage IV melanoma, which can be used to
extract estimates of survival at 12-month intervals.

We used the earliest (3-year) data-cut from CA184-024 as our
primary ‘IPD’ data source, and obtained survival estimates from
the AJCC data between 4 and 15 years to represent our external
data source. For the AJCC data, we derived numbers at risk over
time based on the starting sample size, assuming no censoring
(to provide the necessary input data for conditional survival).
The AJCC data were used to inform the survival model only for
the control arm. We initially did not include any BGM adjust-
ment or make any assumption regarding the treatment effect.
For model specification, we placed two internal knots at 3 years
and 7 years (broadly in keeping with the rationale used by Guyot
et al., in their original case study), with a boundary knot at 20
years (a time point after the end of the AJCC data) for Guyot’s
MPES and allowed Jackson’s MPES to automate knot selection
(i.e. allowing the survextrap function to determine where there
appeared to be changes in the hazard function over time that
would warrant additional knots to improve model fit).

The resultant models, using both MPES approaches, are
shown in Fig. 2, panel A. Based on these results, there is a
clear issue with Guyot’s MPES that we had not anticipated—if
the model for the active arm is not linked to the control arm
in any way, the resultant extrapolations could be completely
implausible. We added in an informative prior that the HR
would be approximately 1 from 5 to 20 years to determine if
this resolved the issue for Guyot’s MPES, and left Jackson’s
MPES unchanged, which produced the models shown in Fig. 2,
panel B and resolved the increasing survival over time issue.
We then sought to demonstrate the impact BGM may have on
results. For Jackson’s MPES, this was facilitated by enabling
the relative survival option (which means that the model itself
represents excess hazard, instead of overall hazard); whereas
for Guyot’s MPES, we chose a time point of 30 years where
conditional survival between the control arm and the general
population were expected to be similar (though in keeping
with Guyot’s original case study, no equivalent constraint was
imposed on the intervention arm). These changes resulted in the
models shown in Fig. 2, panel C (which were similar to those in
panel B without BGM, though Guyot’s MPES was affected to
a greater extent, which may be due to the specific incorporation
of BGM at 30 years).

8 NSCLC Case Study

Results from the KeyNote-024 study of pembrolizumab
for patients with previously untreated, programmed death-
ligand 1 (PD-L1)-positive, advanced NSCLC (NCTO02
142738) were used to generate re-created patient-level data
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Survva propabiy (%)

‘Survival probanitty (%)

Survva pobailty (%)

First MPES model fit for the melanoma case
study, which shows an issue for Guyot's MPES
when no formal link between the two treatment

Second MPES fit for melanoma case study,
which includes an informative prior for the HR
between the two treatment arms.

Third MPES fit for melanoma case study.
Background mortality was added, which had a
small impact on extrapolations.

arms is specified and the survival probabilities
start to, impossibly, increase.

— Fitted model (active, Guyot) — Fitted model (active, Jackson) — Original KM (active) - -
Fitted model (control, Jackson) — Updated KM (active) — - Updated KM (control)

- - Fitted model (control, Guyot) — -

Original KM (control)

Fig.2 Melanoma case study. ‘Original’ refers to the earliest published data-cut from the pivotal study. ‘Updated’ refers to the latest published
data-cut from the pivotal study. HR hazard ratio, KM Kaplan-Meier, MPES multi-parameter evidence synthesis

[24]. Around the same time, pembrolizumab was being
studied in a separate study in a previously treated popula-
tion (KeyNote-010, NCT01905657) [25]. For this tutorial,
a later data-cut from KeyNote-010 was used as the external
evidence source, despite there being an important difference
in the patient populations based on treatment history [26].
While this means the case study represents an artificial situ-
ation where the external data (KeyNote-010) were published
later than the initial data-cut from KeyNote-024, it otherwise
represents a possible use case for MPES. In addition, for
the purposes of this tutorial, our objective is to demonstrate
how these kinds of evidence sources could be used within
an MPES.

We used the earliest data-cut from KeyNote-024 (median
follow-up of 11.2 months) as our trial population of inter-
est [24]. We extracted reported numbers at risk in 6-month
intervals from KeyNote-010, for the pembrolizumab arm,
between 2 and 7 years, based on the granularity of reporting
in the study publication [27], and applied these data per the
melanoma case study. For Guyot’s MPES specifically, we
assumed (arbitrarily) that the HR would be approximately
1 after 5 years of follow-up and included the same BGM
assumptions as per the final melanoma models (relative
survival for Jackson’s MPES, BGM applied at 30 years as
conditional survival for Guyot’s MPES). For model specifi-
cation, we placed two internal knots at 3 years and 7 years,
with a boundary knot at 20 years for Guyot’s MPES, and
allowed Jackson’s MPES to automate knot selection.

The resultant models, using both MPES approaches, are
shown in Fig. 3, panel A. While Guyot’s MPES appeared
to work well, Jackson’s MPES did not. We believe that
this was due to the HR link between the arms in Guyot’s
MPES, which does not apply to Jackson’s MPES, which
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may dampen the effect of the potentially optimistic exter-
nal conditional survival data derived from KeyNote-010
(i.e. by establishing a formal link between the treatment
arms wherein the HR is expected to be approximately 1
after 5 years, the intervention arm is ‘forced’ to not project
too optimistic estimates of survival in the long term). To
explore this further, we repeated the analysis by disabling
the HR adjustment in Guyot’s MPES and applied the BGM
constraint to both arms (i.e. not just the control arm), while
leaving Jackson’s MPES unaffected—see Fig. 3, panel B.
This confirmed our expectation that the KeyNote-010 data
may not be an appropriate source of conditional survival
estimate, as when the models are not constrained via the
HR, we obtain extrapolations that are unrealistically opti-
mistic (assessed through visual inspection of the overall
survival data from the updated data-cut from KeyNote-024
versus the KeyNote-010 conditional survival data). Given
that we identified that survival in KeyNote-010 appeared
to be too optimistic compared to the KeyNote-024 popula-
tion, we re-ran the analyses with conditional survival prob-
abilities reduced by 10% for both MPES approaches (while
leaving the HR adjustment in Guyot’s MPES disabled), and
obtained the results shown in Fig. 3, panel C.

9 Discussion

Using the software developed for this tutorial, and Jackson’s
‘survextrap’ R package, MPES can be applied in other con-
texts with relative ease. Through presenting two case studies,
we show how different inputs can be prepared, how these
could theoretically be altered, and consequently how they
can change the survival extrapolations, demonstrating the
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Survva prbabiity (%)

‘Survival provatity (%)

Survva probabity (%)

First MPES model fit for the NSCLC case
study, which shows a relatively poor
performance for Jackson’s MPES versus
Guyot's MPES.

Second MPES fit for NSCLC case study, which
disabled the HR adjustment in Guyot's MPES
and applied the background mortality
constraint to both arms (i.e., not just the control

Third MPES fit for NSCLC case study. External
conditional survival estimates were reduced
arbitrarily by 10% to establish magntiude of
impact on results.

arm), while leaving Jackson’s MPES

unaffected.
— Fitted model (active, Guyot) — Fitted model (active, Jackson) — Original KM (active) — - Original KM (control)
— - Fitted model (control, Guyot) — - Fitted model (control, Jackson) — Updated KM (active) — - Updated KM (control)

Fig.3 NSCLC case study. ‘Original’ refers to the earliest published data-cut from the pivotal study. ‘Updated’ refers to the latest published data-
cut from the pivotal study. HR hazard ratio, KM Kaplan-Meier, MPES multi-parameter evidence synthesis, NSCLC non-small-cell lung cancer

importance of justifying assumptions and sensitivity analy-
sis. We also demonstrate how results can differ when using
different MPES approaches, and compare the outcomes of
these two different specifications (i.e. Guyot’s and Jackson’s
MPES approaches).

From a practical perspective, we show that it is possible
to run both MPES approaches in the same software package
(R), which should make using both methods more straight-
forward to an audience less familiar with programming.
While the purpose of this tutorial was not to establish which
approach is better than the other, we have presented results
using both MPES approaches to demonstrate where they
appear to produce similar and different results.

9.1 When Should MPES be Used?

Before using MPES, it is first important to assess why it
is being considered. In general, the decision to use MPES
should be based on an expectation that the added complexity
of this type of method (versus other, ‘standard’ approaches)
is warranted given the expected survival profile for a given
intervention within a specific disease area. This same logic
applies to any complex method. It is therefore necessary to
first substantiate (either via empirical evidence or clearly
reasoned argument) that standard approaches do not, or will
not, yield appropriate survival estimates for decision mak-
ing. That being said, if there is useful external evidence,
it would generally be sensible for this to be used in some
way for survival analysis, and MPES provides one possible
method to do this (though other methods are available—see
Bullement et al. [4]). General guidance for MPES is pro-
vided in Fig. 4.

9.2 Advantages of MPES Approaches

To the best of the authors’ knowledge, MPES is one of the
few methods available to simultaneously leverage evidence
from multiple sources to inform estimates of survival for
HTA. Given that evidence synthesis plays a critical role in
HTA, a clear advantage over ‘standard’ extrapolation tech-
niques is the ability to make use of multiple relevant sources
of evidence in the survival estimation process. Nevertheless,
determining how to inform an MPES model is challenging,
since there will doubtlessly be an element of heterogene-
ity between the data source representing the population of
interest and supporting external evidence. In the NSCLC
example, we assumed that the conditional survival for a
previously treated cohort may be similar in the long term to
the survival for a previously untreated cohort. This may be
inappropriate if, for example, subsequent therapies influence
long-term survival markedly or indeed if a large difference in
patient characteristics is expected in the longer term.

9.3 Pitfalls Associated with MPES Approaches

Compared with standard frequentist approaches (i.e. fit-
ting a parametric model to only the trial data, with informal
comparisons with longer-term evidence), the model fitting
process can take some time, which introduces challenges
when considering the need to implement the outputs within a
cost-effectiveness analysis. For example, on the lead author’s
computer, each of the case studies took just over 5 min to run
for Guyot’s MPES. Jackson’s MPES is notably faster, taking
less than 1 min for each case study. When considering the
need to perform similar analyses across different endpoints,
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Fig.4 B-A-K-E: Recommenda-
tions for analysts. MPES multi-
parameter evidence synthesis

Basis: A clear rationale

*Due to its complexity, it is recommended that analysts carefully consider the
expected benefits of specifying a more complex model like an MPES approach,

and how any losses (e.qg., the risk of ‘over-fitting’) are warranted, and obtain
clinical input of the plausibility of the assumptions underpinning the model.
Analysts should provide results alongside a detailed justification for why the
MPES method was deemed suitable. In addition, when relying on any parametric
model for extrapolation, the rationale for the pattern of long-term hazards should
be made clear (e.g., do we expect to see constant/increasing/decreasing/complex
hazards after the end of trial follow-up?).

Alternative: Consider other specifications

*The approach of Guyot et al. is one possible specification of an MPES approach,
and survextrap by Jackson is another. Both of these should be considered, as
MPES is not a single method - it is a bespoke approach to estimating survival
using multiple sources of evidence. Other modifications, such as accounting for a
treatment effect over time, relative survival and/or cure proportions, may also be
relevant. Be aware that alternative specifications can yield drastically different
results, including for Guyot's MPES potentially implausible extrapolations.

Knots: Avoid getting tied up

*Seemingly small changes in the number of knots and the knot locations can have
a profound impact on survival estimates (particularly for Guyot's MPES). Guyot's
MPES requires user-specification of the number of knots, unlike Jackson's M-
spline implementation where the number of knots can be determined
automatically. Analysts should ideally explore alterantive knot positionings before
settling on a final model. Inspection of hazard plots may help determine optimal

knot locations.

Evidence: Garbage In, Garbage Out

*An MPES approach is only capable of generating plausible long-term estimates of
survival if the inputs are sensible. It is eminently possible to generate unrealistic
extrapolations using an MPES approach, but this does not mean an MPES
approach is itself flawed. Analysts are therefore urged to carefully consider the
inputs used to inform an MPES model (e.g., using established data quality and/or

risk of bias checklists).

subgroups, and to inform sensitivity analyses (within the
confines of HTA process timelines), run time may impose
challenges when attempting to use an MPES method for
HTA.

A further potential issue with using MPES approaches
for HTA is how the outputs of this analysis should be com-
bined with all other inputs in a cost-effectiveness analysis.
For example, the MPES approach may need to be used as a
baseline survival estimate to then combine with some form
of indirect treatment comparison (ITC), such as a network
meta-analysis. There are some time-varying ITC methods,
such as those that use fractional polynomials, that are incom-
patible with the current forms of both MPES approaches
proposed by Guyot et al. and Jackson. It may also be nec-
essary to consider how estimates of survival interact with
other model features, such as treatment discontinuation over
time, and how to appropriately integrate survival extrapola-
tions within probabilistic sensitivity analysis (taking into
consideration the relationship with other cost-effectiveness
model inputs).
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9.4 Choosing Between MPES Approaches

As noted previously, Jackson’s MPES was developed more
recently than Guyot’s MPES, and is a different specification
of an MPES. Jackson’s MPES uses an M-spline, whereas
Guyot’s MPES uses a restricted cubic spline. Perhaps one
of the most notable differences between these methods, as
Jackson explains, is that M-splines have more favourable
properties when considering that hazards should always take
a positive value (see the Appendix of Jackson’s paper for
details) [7]. Jackson’s MPES also includes ‘special mecha-
nisms’ that may be useful for HTA (e.g. relative survival).
However, it should also be noted that Jackson’s MPES typi-
cally specifies a relatively large number of knots, versus
Guyot’s MPES. For the base-case analyses presented in this
tutorial, the default settings of the ‘survextrap’ package fit-
ted models with nine knots (for all three case studies).
There are also some notable differences between Guyot’s
and Jackson’s MPES approaches with respect to capturing
treatment effect. Guyot’s MPES allows the user to specify an
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informative prior on the long-term treatment effect as part of
the model fitting process, whereas Jackson’s MPES does not.
Treatment effect waning is a topic frequently raised as part
of HTA decision making [28]. Hypothetically, both MPES
approaches could be repeated using different long-term
effect assumptions, to understand how much this influences
survival extrapolations, and by extension, cost-effectiveness
results.

9.5 Limitations of Our Study and Avenues
for Future Research

In this tutorial, we made some modifications to Guyot’s
MPES to account for a range of contexts where MPES may
be considered. If only single-arm study data are available, a
single-arm version of Guyot’s MPES could be used, though
suitable long-term data for the relevant treatment may be
difficult to identify. We also explored models without speci-
fying an informative prior for the HR and/or including a
BGM adjustment. Across the scenarios explored, results
can be greatly affected by these settings (and may be clini-
cally implausible). Alternative specifications of both MPES
approaches (via bespoke programming for Guyot’s MPES, or
using the pre-built functionality of Jackson’s MPES) would
also be helpful avenues of further research to provide further
information on inputs that have a substantial impact on the
predictions made by this alternative application of MPES.

As part of this tutorial, we developed the B-A-K-E recom-
mendations to help guide analysts looking to use MPES for
survival extrapolation in HTA (Fig. 4). However, it should
be acknowledged that we were not able to follow all of the
guidance set out in these recommendations using the two
example case studies to demonstrate the two MPES meth-
ods. For practical reasons, we did not seek clinical input
to determine the model specifications, but accepted those
proposed in original publications. Despite this, we believe
the recommendations are important to follow if an MPES
approach is considered to inform HTA decision-making,
particularly given the lack of examples where it has been
used in practice.

There are several potential further modifications and
refinements to ‘off-the-shelf” MPES programs that may be
avenues for further research. Firstly, Guyot’s MPES includes
a somewhat crude approach to accounting for BGM to
address implausible long-term estimates of survival. Re-
specifying Guyot’s MPES as a relative survival model may
get around this issue (and is a feature of Jackson’s MPES).
In addition, the ability to combine multiple sources of evi-
dence within the model fitting process may be relevant under
some circumstances (e.g. meta-analysed data from multiple
clinical trials), though this is not currently possible in the
default specifications of either MPES approach (without, for
example, introducing a number of customised informative

priors). Similarly, there may be cases where an adjustment
to external evidence could be warranted (e.g. adjusting the
external study data in our NSCLC case study to account
for important differences in patient characteristics). Finally,
both the original specification and our re-specification of
Guyot’s MPES are not currently capable of evaluating com-
parisons of more than two treatment groups simultaneously,
which may be relevant under some circumstances, particu-
larly when considering overlap with methods for deriving
ITCs, which would require additional coding.

In HTA, it is commonplace for companies to assume
that the trial population is generalisable to that of the ‘real-
world’ population for whom reimbursement is sought.
Simultaneously, it is also generally recognised that clinical
trial populations tend to be relatively fitter compared to real-
world populations, due to eligibility criteria often excluding
people with comorbidities, receiving concomitant medica-
tions, or otherwise having vulnerabilities due to age [33].
Consequently, it is important to reflect upon the relevance of
each data source to the decision problem population for any
survival analysis. In the original SCCHN example, Guyot
et al. assumed that the Bonner et al. [34] population was
directly relevant to the decision problem population, and
adjusted the external Surveillance, Epidemiology, and End
Results (SEER) Program data to ‘match’ this population [6].

The current implementation of both MPES approaches
does not allow for the analyst to directly control the extent
to which external evidence influences survival extrapola-
tions, beyond an arbitrary scaling of the sample size inputs
for the external evidence. For example, while the sample
size of an external data source may be related to how uncer-
tain estimates of survival derived from these data may be,
this is distinct from the concept of how similar the survival
experience of the external data is to that of the decision
problem population. Ideally, an MPES method would allow
for a user-specified control for how much the model is influ-
enced by external evidence (akin to a Bayesian power prior
approach [35]), but this is both conceptually and practically
difficult, and so remains an area for further research. There
is also a range of emergent literature concerning examples
of eliciting and incorporating expert opinion for survival,
which would also be relevant to consider for MPES [29-32].

10 Conclusion

Several survival analysis guidance documents comment that
incorporating external evidence into extrapolations is likely
to be helpful and important, but methods for doing so have
been lacking. In this tutorial, we demonstrate the use of two
specifications of an MPES approach that allow this to be
done. However, use of these approaches does not guarantee
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accurate extrapolations, different applications of MPES will
give different extrapolations, and therefore describing and
justifying assumptions is crucial. And investigating how suc-
cessful these methods are is an important area for further
research. Nevertheless, these two MPES approaches repre-
sent valuable progress in methods for survival modelling
that incorporate multiple evidence sources. This tutorial
facilitates further exploration of these methods, aligned with
the sentiment raised by Jackson in the presentation of the
M-spline MPES: “to improve confidence in [flexible Bayes-
ian evidence synthesis methods], more work to demonstrate
their use in a wide range of applications would be helpful”
(Jackson, 2023, p.13) [7].

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s40273-024-01425-4.
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