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Key Messages
• Extrapolation is a fundamental part of many economic evaluations, though there are numerous 

methods of extrapolating the same dataset. The method that is most appropriate for the decision 
problem is contingent on several factors.   

• From the literature, recommendations for best practices when it comes to the extrapolation of clinical 
data have been identified. These pertain to validation of output, use of external evidence, treatment 
waning, proportional hazards, characterization of uncertainty, reporting of results, and choice of 
decision model.

• Gaps remain in the literature that require further research regarding what is the minimum amount 
of data to extrapolate reliably and how to robustly extrapolate relative effects for multiple treatment 
comparisons. 

Introduction
Guidelines for the economic evaluation of health care interventions recommend that the time horizon used 
should be long enough to capture all relevant differences in the future costs and outcomes associated with 
the interventions being compared. In most cases, this implies that a lifetime horizon should be adopted.1,2 
Analysts, however, frequently have to incorporate assumptions relating to the long-term clinical progression 
for a disease because of the limited length of follow-up in the available evidence base.3,4 Such assumptions 
allow characterization of the natural history of the disease beyond the duration of evidence.5

To overcome the limited duration of clinical data, methods for extrapolation are used to allow the estimation 
of unobserved data based on establishing the relationship between observed data for a parameter (e.g., 
probability of survival or event) and time.5-7 Extrapolation is typically required for both the long-term natural 
history of the disease and the effect of treatment on the disease course. As the price of new technologies 
is often either set or negotiated based on the margins of cost-effectiveness, minor changes with respect to 
extrapolation can have a major effect on the optimal decision.8

The current CADTH guidance document for economic evaluation specifies that appropriate methods for 
extrapolating estimated effectiveness parameters to longer-term effects should be adopted. The purpose 
of this report is to expand on the current guidance to provide more specific advice relating to the practice of 
extrapolation for clinical parameters such as transition probabilities and relative effects. However, there may 
be valid concerns relating to the extrapolation of cost and utility parameters outside of the original context 
that is not a focus of this report.9

This report will first provide a brief introduction of what is meant by extrapolation and its connected 
relationship with interpolation. Following this, the appropriate theoretical paradigm from which to base 
this discussion will be described and the current CADTH guidance relating to extrapolation based on this 
paradigm will be summarized. This foundation will allow a discussion of the current literature with respect to 
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extrapolation, which will provide the basis for updated guidance on extrapolation for economic evaluations 
within Canada.

What is Extrapolation?
Based on CADTH guidelines for economic evaluation, in most circumstances a lifetime horizon is required. 
As models need to reflect the change in health status of a cohort over time, consideration of how individual 
patients move from 1 health state to another within finite time periods are required. Models, therefore, 
require intervention-specific parameters, such as transition probabilities, with recognition that these values 
may not be constant with time.

Extrapolation refers to the need to adapt clinical data that relates to a specific limited duration to provide 
estimates for probabilities over the full length of the time horizon of the economic model. Extrapolation 
may include assumptions relating to how such probabilities vary with time or can assume that probabilities 
are constant with time. Within economic evaluations, parametric survival analysis is commonly adopted 
to estimate this relationship between time and the probability of an event.6,7 Survival analysis is an analytic 
method used to estimate the expected time duration until a specific event (often mortality) occurs. The more 
generic term of time-to-event analysis reflects that the expected time duration may relate to any well-defined 
end point (e.g., disease progression, incidence of event).

The object of primary interest with survival analysis is the survival function (denoted as St with t representing 
time). The survival function is the probability that an individual will not have an event by the specific 
timepoint t. The survival function is nonincreasing with t bound by 0 and ∞ and St bound by 1 and 0. Thus, 
by definition, S0 = 1 and S∞ = 0. If, the shape of the function was known for all values of t up to ∞, then life 
expectancy could be estimated as simply the area under the survival function. For economic evaluation, 
where we wish to estimate the proportion of a cohort in specific states at different time points, we can use 
the survival function to estimate the probability (P) of the event of interest occurring within a discrete period 
or cycle. This is simply the complement of the ratio of the survival function at the end of the period and the 
survival function at the beginning of the period; for example, if the cycle length of the model is 1 month, the 
probability of an event occurring in the fifth cycle is: 

 

It is necessary to be clear that parametric survival analysis estimates the mathematical relationship between 
time and survival only for the period for which we have data and not for the period beyond. Therefore, 
when discussing extrapolation, it is necessary to define 3 related concepts: regression, interpolation, and 
extrapolation.

Consider a finite dataset of observations of 2 variables, X and Y. Regression involves estimating a 
mathematical relationship between 1 variable (X) and the value of the other variable (Y) by finding a shape 
that best fits the limited observations that you have. Interpolation is the process of using the results of the 
regression to estimate the value of Y from the value of X over the range of values of X you have already 
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observations, thus allowing estimates of Y for values of X with no observations. If the value of X is outside 
this range, then the process of estimating the associated value of Y is extrapolation.

The observations made within survival analyses are for specific individuals and are the observed period (t) 
for an individual (i) that relates to either the time until the last recorded observation for that individual or the 
time until an event (e.g., death). From the available observations, we can derive a plot of the Kaplan-Meier 
estimator (KM curve), which is a series of horizontal steps that decline over time: the X-axis will relate to 
time and the Y-axis to the survival probability. If we have a very large sample, the KM curve will closely 
approximate a “true” survival function. Given the typically limited sample size available, analysts can adopt 
parametric survival analysis as a regression-based approach to estimate the mathematical relationship 
between time and survival for the period we have data (from t0 to the maximum value of t within our sample 
[tmax]). Interpolation is, in this context, the process of using the results of the parametric survival analysis to 
estimate the survival function at a specific time for the range of t0 to tmax. The estimated survival function 
from the parametric survival analysis can differ from the actual KM estimator at this time point. Thus, the 
parametric survival function represents the underlying data-generating mechanism while the KM curve 
represents a single realization of this.

Survival functions can take different parametric forms. Analysis can adopt an exponential function where 
the rate of events is assumed constant or can adopt parametric forms of increasing complexity that allow 
for time-varying rates. The focus here is not to provide guidance on which parametric forms to adopt but to 
provide the basis by which the choice between parametric forms should be made.

Parametric survival analysis can then provide a means for extrapolation beyond the time horizon of the 
clinical trial evidence. By applying the results of the parametric survival analysis, it is possible to provide 
estimates of St for values of t greater than tmax.

Theoretical Paradigm
Before discussing best practices with respect to extrapolation, it is necessary to specify the theoretical 
paradigm that provides the basis for specifying such practices.

Given economic evaluation’s use in facilitating health care decisions within a publicly funded health 
care system in Canada, current CADTH guidance is based on a social decision-making viewpoint.1 This 
viewpoint is based on the premise that the decision-maker, acting on behalf of a socially legitimate higher 
authority, seeks to maximize the degree to which an explicit policy objective is achieved, subject to resource 
availability. For health-related decisions in the Canadian context, it is assumed the health care decision-
maker wishes to maximize a health-related outcome, such as population health, within an exogenous budget 
constraint; although this may not be the sole goal of the decision-maker or the populations they serve. This 
is generally aligned with the stated mandates of health authorities and payers that comprise the Canadian 
health system. Given that decision-makers require the social legitimacy of the higher authority (e.g., 
government in power), decisions should be reflective of what the general population considers to be socially 
valuable. It is these social values that the researcher should endeavour to reflect in the evaluation.
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Thus, further guidance related specifically to extrapolation must reflect the theoretical paradigm, with the 
aim of producing unbiased estimates of long-term costs and outcomes (e.g., life-years and quality-adjusted 
life-years [QALYs]) for alternative treatment options.

Current CADTH Guidance With Respect to Extrapolation
Current guidance with respect to extrapolation focuses heavily on survival (i.e., time-to-event) analysis.1

The guidance recognizes that economic evaluations frequently rely on parametric models to extrapolate 
from shorter-term parameter estimates to longer-term effects. In such situations, current guidance 
recommends that models follow the Survival Model Selection Process Algorithm developed by the Decision 
Support Unit commissioned by the National Institute for Health and Care Excellence (NICE).10

The guidance highlights 2 issues of central importance when considering the appropriateness of an 
extrapolation method: assumptions relating to the rate of events beyond the observed data for a base 
treatment and assumptions relating to the relative effects of other treatments beyond the treatment period.

Current guidance argues that researchers should report and justify the percentage of the estimated effect 
that occurs beyond the observed data. This can be measured as the ratio of the estimated incremental 
QALYs over the period for which clinical effectiveness data are available to the estimated incremental QALYs 
over the entire time horizon of the model. For example, consider the situation where a clinical trial had a 
duration of 3 years. The model predicts an incremental benefit in terms of QALYs of 0.2 over a 3-year period 
and 0.5 over the lifetime horizon. The percentage of the estimated effect that occurs during the observed 
data is 40% (0.2 out of 0.5). Therefore, the remaining 60% of the estimated effect occurs outside of the 
observed data. 

Guidance also suggests that researchers should report and justify the percentage of the estimated 
incremental benefit that is accumulated after treatment is stopped. This can be measured as the ratio of 
incremental QALY gains during the period on treatment to the estimated incremental QALYs over the entire 
time horizon of the model. If in the previously provided example treatment is given for a maximum of 2 years 
and the estimated QALY gains at 2 years was 0.18, then only 36% of the incremental benefit is incurred while 
the patient is on treatment (0.18 out of 0.5). The remaining 64% of incremental benefit from the treatment is 
incurred after the patient comes off treatment. 

Providing a justification regarding whether both values are clinically realistic will help researchers and 
decision-makers assess the suitability of the extrapolation methods. Expert judgment may be helpful in 
this regard.

The guidance also covers the choice of parametric model for extrapolation, the consideration of parameter 
uncertainty through probabilistic analysis, and assumptions relating to the duration and magnitude of the 
clinical effect beyond the study — often referred to as consideration of the waning of treatment effect. 
Although appropriate, the current guidance is limited in the extent to which it provides detailed guidance with 
respect to extrapolation. This report will provide enhanced guidance on these topics and incorporating the 
current literature on this topic within the theoretical paradigm.
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Review of Current Literature
A targeted review of the literature relating to methodology for extrapolation was conducted.

Almost Complete Data
When data are complete, authors have argued there is little if any incentive to model the relationship between 
the survival function and time as an empirical distribution as the period of observation is available and the 
period for which data need to be extrapolated is limited.11 This logic may similarly be applied where data are 
almost complete.

In this context, when a parametric survival analysis is conducted to allow extrapolation, the standard 
measures of fit typically advocated for such analyses (Akaike information criterion [AIC] and Bayesian 
information criterion [BIC]) may have value.5 A more useful approach to adopt in situations where data are 
almost complete, however, is to compare the modelled estimates of life-years and QALYs for the specific 
intervention with estimates from the trial data (this is referred to as the restricted means approach).12,13 The 
restricted means approach involves estimating survival time empirically based on the area under the survival 
curve from time 0 to a specified time point t*. Ideally, t* is prespecified, with further analysis assessing data 
maturity potentially leading to a revised value, t*

final. Thus, a comparison with the modelled estimates of 
life-years and QALYs up until t*

final provides a useful validation check.

In progressive diseases, the probabilities of disease progression and the probability of death need to be 
estimated. The time without progression or death is often referred to as progression free survival (PFS) and 
the time to death is often referred to as overall survival (OS). For advanced cancer models, PFS data may 
be mature enough to be considered complete, but this may not hold for OS. Thus, comparing the modelled 
estimates of both PFS and OS up to t*

final with the restricted means estimate, as previously described, would 
be pertinent. However, methods will be required to obtain longer-term probabilities relating to mortality 
through extrapolation.14

Sufficient Data to Extrapolate
When data, with respect to the timing of events, are incomplete it is necessary to recognize that estimates of 
the survival function post the period for which data are unavailable are unreliable no matter what approach 
is adopted for modelling the relationship between time and the survival function.15 Discussion relating to 
methods of extrapolation for short-term clinical data tend to focus on whether there are sufficient data 
from which to meaningfully extrapolate for long-term outcomes and, if so, the appropriate basis for such 
extrapolation.

With respect to the former issue, the need to consider whether there is sufficient data to extrapolate may 
be obvious. Authors state that for there to be a degree of confidence in the predicted shape of a survival 
function, there needs to be a sufficiently large proportion of the survival function that relates to the period 
of observation.15,16 However, there is no suggested definition for how to determine what constitutes a 
sufficiently large proportion. Simulation studies exploring this issue may be highly beneficial in determining 
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when there is sufficient data to attempt extrapolation. It is likely that what amounts to sufficient data will be 
context specific, varying by factors such as disease and treatment effect size.

Choice of Survival Model
When data with respect to the timing of events is incomplete, but judged to be sufficiently mature to consider 
extrapolation, the key issue is how to choose between alternative survival functions. Standard guidance is 
that models for survival extrapolation should be parsimonious but not too parsimonious, however, this is not 
the basis for choosing between alternative functions.11

The different parametric methods that are commonly used to estimate survival functions (e.g., exponential, 
Weibull, Gompertz, Generalized gamma, log-logistic, and log-normal distributions) differ in terms of 
assumptions relating to the shape of the distribution of survival times. More complex but more flexible 
functional forms such as restricted cubic spline model and cure models have been suggested; these avoid 
some of the restrictive assumptions related to the more typically used models.7,17-20 A purported advantage 
of such complex models is improved model fit.21 While spline models may be attractive in recognizing the 
nonstandard shape of both hazards and hazard ratios for the period covered by the trial duration, there is the 
potential that the modelling of long-term outcomes is based on extrapolation from the tail of the KM curve 
and thus derived from a lesser volume of data.

NICE has developed a model selection process algorithm that was referenced in the CADTH economic 
evaluation guidelines.1,5 The algorithm refers to exponential, Weibull, Gompertz, log-logistic, and log-normal 
as “standard” parametric models and suggests that they should be used unless they are found to be 
unsuitable. The suitability of models should be assessed through statistical fit and plausibility. The need to 
balance statistical fit and clinical plausibility is advocated by other authors.19,22

The algorithm is a useful basis to further explore the issue of model selection. Criticisms of the algorithm 
relate to the reliance on statistical fit as a criterion for model selection, too much focus on ”standard” 
models, and lack of detail on what is meant by plausibility.11,23

For the purposes of extrapolation, comparisons of the statistical fit (e.g., Akaike information criterion [AIC] 
and Bayesian information criterion [BIC]) are of questionable value.11,24 Given that the tails of a survival 
function are not routinely covered by clinical trials, models with equally good fit can give very different 
(especially extrapolated) survival estimates and thus impact estimated cost-effectiveness ratios.24-27 The 
measures of fit merely provide estimates of how well the potential survival function fits the data for which we 
already have information (i.e., they relate to interpolation not extrapolation).

The algorithm states that standard survival models should be considered first, and only if they are unsuitable 
should other models be explored. This follows the general guidance that models should be parsimonious but 
not too parsimonious, but little detail on what determines suitability is provided.

The NICE algorithm suggests that the choice of function should be based partially on plausibility and partially 
on the coherence of the modelled survival function with external data.5,10 However, limited guidance on what 
this involves is provided. Given the limited applicability of statistical fit measures in this context, external 
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evidence should provide the basis for either informing the choice of long-term survival function or informing 
the parameters within the function.15,28 This approach is argued to allow consideration of the entirety of the 
available data.29 External evidence can relate to the formal inclusion of expert opinion, adopting established 
elicitation techniques such as SHELF.15,23,30 Inclusion of external evidence can also focus on external data; for 
instance, registry data relating to long-term survival for the specific disease of interest can guide the shape 
of the long-term survival curve.31 Similarly, general population data can guide both the shape of the long-
term curve and provide upper bounds to the survival function.15,25 In circumstances where disease-specific 
mortality is low, extrapolation can be based on the shape of the curve of age-specific mortality. In addition 
to providing more valid estimates of long-term survival, studies have demonstrated that combining short-
term trial data with external data better reflects uncertainty.24 Furthermore, in situations where a large and 
continued treatment effect is assumed, the need to use external data becomes paramount.31

Uncertainty Around Extrapolation
Parametric survival analysis allows for estimation of both the survival function and the uncertainty 
around it. A further issue of importance is how to specify uncertainty around the extrapolation from 
short-term data. Within the period for which data are available, the uncertainty around the parameters of 
the parametric survival model is a function of sample size. The uncertainty estimates obtained, however, 
relate to interpolation and not extrapolation. Within the extrapolated period, uncertainty must also relate 
to the predictive accuracy of the survival model given that the purpose of extrapolation in this context 
is to provide unbiased estimates of incremental effects beyond the time horizon of the clinical evidence 
base. Thus, there is increasing uncertainty as the survival function is estimated for time points beyond the 
period for which data are available.32 The typical approach adopted is to use the same expected values 
and uncertainty for the parameters of the survival function (which is used to derive hazards and transition 
probabilities) for all time points; implicitly assuming that the uncertainty for the extrapolated period can be 
derived from the uncertainty around the interpolation. This approach is inappropriate in that the uncertainty 
around unobserved data should be considered both separately from and greater than the uncertainty around 
observed data.

To be consistent with the nature of the data available, and to mirror related disciplines such as sociology, 
reliability, and environmental analysis, parameters related to the probability of events in the extrapolated 
period should be considered distinct from similar parameters for the interpolated period; furthermore, the 
uncertainty with respect to the probability of events occurring should be assumed to increase with time away 
from the observed period.33-35

Economic evaluations that incorporate value of information analyses frequently conclude that the greatest 
information value relates to estimates of transition probabilities and clinical effectiveness.36,37 However, if 
such analyses do not distinguish between observed and unobserved periods, they may be reaching incorrect 
conclusions. When uncertainty regarding parameters based on unobserved versus observed data are 
considered distinct, a more accurate value of repeating short-term studies versus studies of longer duration 
will be obtained.
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Proportional Hazards Assumption
Most survival models make the assumption of constant proportional hazards between treatment 
alternatives, although few if any test the validity of this assumption.5,8,24 Adoption of the proportional hazards 
assumption is likely due to its current preponderance within the medical literature and its favour within such 
entities as the CONSORT statement.8,38 This is despite consistent concerns over its adoption within the 
statistics literature.39,40

Within economic evaluation, however, we need to consider the relevance of constant proportional 
hazards over the lifetime horizon of the model and not the short term of a clinical trial.11 The assumption 
of proportional hazards is unlikely to hold long term in most cases.24 Caution has been expressed with 
assuming proportional hazards with new interventions and this assumption seems particularly unconvincing 
when comparing treatments with different mechanisms of action.11,41 Furthermore, in situations where the 
study population is heterogeneous and the relative treatment effects vary by patient characteristics, the 
proportional hazards cannot hold because the characteristics of the alive population will change with time.11

In most circumstances, the relative hazard ratio will vary by time.24,42 The relationship between the relative 
hazard ratio with time will likely take a U shape.24 In the immediate posttreatment commencement stage, 
treatment choice will have little effect on hazards and in some cases possibly a negative effect (e.g., 
surgery). For the next period, the relative hazard ratio is likely to decline monotonically — this is referred to 
as the acceleration phase and is frequently the main period covered by randomized controlled trials. After 
this period, the relative hazard ratio is likely to trend toward 1, which represents the deceleration phase. 
Thus, in such circumstances, the estimated hazard ratio within a trial is a function of follow-up duration, 
not a measure of the true effect size. To address this issue, it may appear relevant to ask analysts to test 
whether the proportional hazards assumption holds in the short (trial) term with the focus of providing 
evidence that it holds — not the typical approach for this analysis. In a review of submissions to NICE, no 
studies were found to directly test for the proportional hazards assumption.8 Even if conducted, testing for 
nonproportional hazards within a trial setting may be uninformative.43 A test for nonproportionality may fail 
with short-term data but be significant if longer-term data were available.17 Thus, testing for proportional 
hazards for the trial period is not relevant to the assumption relating to the exploration of the relative 
treatment effects long term, as it only confirms if the assumption cannot be rejected for the trial duration.

The hazard ratio within a clinical trial can be seen as the “average” of time-dependent hazard ratios within the 
trial.13 One approach that has been previously adopted in the literature is to assume no relative effect during 
the initial period but then model a constant hazard ratio after a specific time point.44 This will lead to an 
estimated hazard ratio applied in the long-term that will be larger than the “average” hazard ratio if estimated 
for the whole trial period. This is analogous to assuming the trial period is reflective of the previously 
discussed initial and acceleration periods but with no assumed deceleration period. This approach is likely to 
lead to greater bias than the standard approach of adopting trial-based hazard ratios.

Given this, proportional hazards can only be assumed if a credible argument based on the epidemiology of 
disease and the mechanism of action of the interventions is provided. If a proportional hazards assumption 
is made, then comparison of the differences in life-years and QALYs from the restricted means approach 



CADTH Methods and Guidelines

Extrapolating Clinical Evidence Within Economic Evaluations 14

(using the previously detailed approach) and the modelled differences up until t*
final will provide a useful 

validation check; providing insight into by how much the approach to extrapolation may impact estimates 
of long-term outcomes. Furthermore, if proportional hazards are to be assumed, then the estimated hazard 
ratio must be consistent with the survival function (i.e., it must come from the parametric model and not 
from the clinical trial as these will not have the same numerical value).8

Alternatives to the Proportional Hazards Assumption
Given the previously discussed concerns related to the proportional hazards assumption, analysts may 
choose to estimate the survival functions for each treatment independently. In such cases, analyses should 
plot the relationship between relative hazards over time to check the plausibility of the implied relative 
effects. A U-shaped relationship would be expected and deviations from this would require a coherent 
argument. Furthermore, if a U-shaped relationship is found, then there must be face validity with respect to 
the duration of the acceleration and deceleration periods.

In this circumstance, comparison of the differences in life-years and QALYs from the restricted means 
approach using the previoulsy described approach and the modelled differences up until t*

final will again 
provide a useful validation check.

Waning of Treatment Effects
Given the short-term nature of clinical trial data, in circumstances where either treatment will be delivered 
for a time horizon of longer than the trial duration, or that a treatment is assumed to have a continued effect 
on event rates postdelivery, assumptions relating to the continuation of long-term treatment effect must be 
considered carefully.14,28

It has been suggested that the change in proportional hazards over time within a trial could be modelled 
to determine the likely change over an extended time period.24 However, such modelling is unlikely to be 
helpful as trials are unlikely to cover a sufficient period to model the time dependence of the estimate of 
proportional hazards from which to extrapolate long-term clinical effects.

Both CADTH and NICE have suggested 3 alternative scenarios to consider with respect to waning of 
treatment effect: no waning of effect, no effect beyond trial duration, and a decline of effect up to a specified 
time period — the time to cessation of effect (Tcessation).

1,45

The first 2 options are unlikely to be the case as it is unlikely that there is the same continued effect 
long-term or that there is no effect beyond the trial duration. A further suggestion is to assume that Tcessation 
is uncertain.28,31 With appropriate bounds around this variable, this suggestion will mimic the other 3 
approaches with Tcessation = 0 representing no effect beyond trial duration, Tcessation = ∞ representing no waning 
of treatment effect, and all other values of Tcessation representing the third scenario.

Multiple Treatment Comparisons
There is little guidance in the literature with respect to extrapolation of treatment effects when considering 
multiple treatment options, and there appears to be limited alternatives to adoption of the proportional 
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hazards assumptions.24 It is also unclear how such analyses can adequately consider waning of treatment 
effects. Thus, given the validity concerns relating to these assumptions, analyses with multiple treatment 
comparisons requiring extrapolation of treatment effects must be considered with caution. A scenario 
analysis comparing a new treatment explicitly to the treatment(s) that it is compared to in a randomized 
controlled trial that adheres to all the previously outlined recommendations would be highly informative.

Allowance for Causal Relationships
When extrapolating event rates beyond the duration of clinical evidence, economic models need to ensure 
that the statistical modelling techniques explicitly consider causal relationships between time, health status, 
treatment, and mortality.29 Techniques such as Markov models can, but do not always, account for this 
explicitly; techniques such as partitioned survival models do not account for this explicitly.29 Partitioned 
survival models are often argued to be advantageous as they can be created with less data than what 
is required for Markov models46 and they are a more straightforward approach.47,48 The choice of model, 
however, should be based on statistical appropriateness and not on data availability and simplicity of 
analysis.49

The need to consider causal relationships is especially pertinent to progressive diseases such as cancer. 
In such cases, if long-term data are unavailable, alternative scenarios should be considered. For example, 
if treatment is stopped postprogression, then event rates (such as mortality) postprogression should be 
considered equal across treatments unless a plausible and coherent argument for an alternative assumption 
is made. Thus, it should be expected that for treatments that are shown to delay progression, outcomes 
postprogression such as estimated QALYs should be equal to or worse than the treatment alternatives 
unless justification is provided.14 It is recommended that estimated outcomes for both the preprogression 
and postprogression phases for each treatment alternative be reported and that any differences in the latter 
be justified.

Restricted Means Analysis
The restricted means approach involves estimating survival time empirically based on the area under the 
survival curve from time 0 to a specified time point t*.13,17 Ideally, t* is prespecified, with further analysis 
assessing data maturity potentially leading to a revised value (t*

final). Comparison of restricted means has 
been suggested as a more appropriate measure of treatment effects than assumptions of proportional 
hazards.13,17 In progressive diseases, when time-to-event curves relating to both survival and PFS are 
available, the restricted means approach can be extended to allow measurement of QALYs during the period 
up to t*

final.
50

In the presence of near complete data, the restricted means approach can be used as a validation check 
if analysts choose to adopt a parametric model because the estimates of life expectancy and QALYs from 
both approaches should be near identical. However, the determination of what represents near complete 
data remains unclear. When data are incomplete, a comparison with the modelled estimates of life-years and 
QALYs up until t*

final provides a useful validation check both for individual treatment estimates and estimated 
differences. Thus, in all circumstances, the restricted means approach provides a useful validation for 
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the interpolated period but not for the extrapolated period. One further advantage of the restricted means 
approach is that methods have been developed to allow the conduct of meta-analyses across clinical 
trials, with the potential that methods of evidence synthesis with multiple treatment comparators may be 
possible.51

Recommendations and CADTH Guidance
Based on the review of the literature, the following recommendations have been proposed as additions to the 
CADTH guidelines for economic evaluation. Alongside each recommendation CADTH has outlined guidance 
on how each issue should be addressed.

Table 1: Recommendations and CADTH Guidance
Recommendation CADTH guidance

Recommendation 1: Estimates of modelled outcomes should 
be compared to empirical estimates using the restricted means 
approach.
A comparison of the restricted means estimates with the 
modelled estimates of life-years and quality-adjusted life-years 
for the period where data are available provides a useful 
validation check both for individual treatment estimates and 
estimated differences in all circumstances. However, this is not 
a validation check relating to extrapolation.

Analysts should ensure that restricted mean estimates of 
modelled outcomes replicate the period where clinical data are 
available; this is a key aspect of model validation.

Recommendation 2: Further research should be conducted 
to provide guidance on the minimal data required for 
extrapolation.
If there are incomplete data with respect to the timing of events, 
then estimates of the survival function will be unreliable. For 
there to be a degree of confidence in the predicted shape 
of a survival function, there needs to be a sufficiently large 
proportion of the survival function that relates to the period of 
observation. Simulation studies exploring this issue may be 
highly beneficial in determining when there is sufficient data to 
attempt extrapolation.

Extrapolation predictions have sometimes been poor when 
relying on clinical trial data. Further research is needed to note 
when clinical trial evidence is sufficient to provide accurate 
extrapolations of future benefit. CADTH notes this as an 
important research gap moving forward.

Recommendation 3: Consideration of external evidence 
should be the main criteria for choice of survival function (not 
statistical fit).
Given the limited applicability of statistical fit measures with 
respect to extrapolation, external evidence should provide 
the basis for either informing the choice of long-term survival 
function or for informing the parameters within the function. 
External evidence can relate to the formal inclusion of expert 
opinion and to external data either specific to the disease of 
interest or relating to the general population.

Analysts should provide evidence outside of their clinical 
studies to justify the choice of survival function used (e.g., from 
long-term epidemiological studies or administrative databases). 
This should relate to what is known about the condition 
modelled, and be supplemented by evidence known about the 
technology(ies) under review (i.e., disease modifying, delaying 
disease, symptom improvement, curative).
Uncertainties with associated external evidence should be 
thoroughly explored.
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Recommendation CADTH guidance

Recommendation 4: Uncertainty with respect to the hazards 
derived from the survival function should be assumed to 
increase with time away from the period for which data are 
available.
Parameters related to the probability of events in the 
extrapolated period should be considered as distinct from 
similar parameters for the interpolated period and the 
uncertainty with respect to the probability of events occurring 
should be assumed to increase with time away from the 
observed period.

Analysts should account for the increasing levels of uncertainty 
of effect the further the model extends beyond the time 
frame for which data are available; that is, uncertainty in 
the interpolated (observed) period is not reflective of the 
uncertainty that exists when no evidence is available (the period 
for which data are extrapolated).

Recommendation 5: When modelling the hazards of 2 
comparators, proportional hazards should only be assumed if 
a credible argument can be made that this will hold in the long 
term.
In most cases, the assumption of proportional hazards is 
unlikely to hold in the long term. Thus, proportional hazards 
can only be assumed if a credible argument based on the 
epidemiology of the disease and the mechanism of action of 
the interventions is provided.

Analysts must assess whether there is a credible argument 
(based on the epidemiology of the disease or the mechanism 
of action of the interventions) to justify the assumption of 
proportional hazards beyond the period of time for which trial 
data exists.
Alternative assumptions regarding the size of the HR should be 
considered within scenario analyses.

Recommendation 6: In instances where proportional hazards 
are not assumed and survival functions for treatment 
alternatives are estimated independently, analysts should 
report the relationship between relative hazards and time to 
check plausibility.
If analysts choose to estimate the survival functions for each 
treatment independently, it is important to provide a plot of 
the relationship between relative hazards from the individual 
survival curves and time (throughout the model’s time horizon), 
to check the plausibility of the implied relative effects. A 
U-shaped relationship would be expected and deviations from 
this would require a coherent argument.

Where proportional hazards are not assumed and survival 
functions for treatment alternatives are estimated 
independently, it is important to provide a plot of the 
relationship between relative hazards from the individual 
survival curves and time (throughout the model time horizon), 
to assess the plausibility of the implied relative effects. A 
U-shaped relationship would be expected, consistent with 
waning of treatment effect.
If deviations from the U-shaped relationship are used, details 
and analyses must be provided for justification.
If the relative hazards suggest an increasing relative 
effect beyond the trial horizon, the model must allow for 
the examination of similar or attenuating effects in the 
extrapolation period.

Recommendation 7: Analysis should incorporate an explicit 
consideration of the waning of treatment effect with a plausible 
and coherent argument provided for the method chosen within 
the base case.
Waning of treatment effect should be incorporated into the 
analysis and a plausible and coherent argument should be 
provided for the choice of approach. Three alternative scenarios 
with respect to waning of treatment effect are routinely 
advanced: no waning of effect, no effect beyond trial duration, 
and a decline of effect up to a specified time point. Given the 
improbability of the first 2 scenarios, the latter approach is likely 
the most valid. A revision to this third approach is to assume 
that the duration of effect is uncertain. Models should be 
flexible enough to allow analysts to consider all 4 approaches, 
with appropriate scenario analyses provided.

Analysts should ensure that models allow for the consideration 
of waning of treatment effect, with justification for assumptions 
made.
At a minimum, analysts should ensure that 3 scenarios can 
be considered: no waning of effect (i.e., proportional hazards 
or increasing HR over time), no additional effect beyond trial 
duration (HR is 1 thereafter), and a decline of effect up to a 
specified time point (HR decreases either to 1 or below 1); this 
time point should be modifiable.
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Recommendation CADTH guidance

Recommendation 8: Given the concerns over extrapolation 
and the limited options with respect to extrapolation of relative 
treatment effects when considering multiple mutually exclusive 
treatment options, in such circumstances, the results of 
analysis should be treated with extreme caution.
There is little guidance in the literature with respect to 
extrapolation of treatment effects when comparing multiple 
treatment options. Thus, analyses with multiple treatment 
comparisons requiring extrapolation of treatment effects must 
be considered with caution. A scenario analysis comparing a 
new treatment explicitly to the treatment(s) that it is compared 
to in a randomized controlled trial is useful.

When multiple relevant comparators exist, given the complexity 
of assessing relative treatment effects, analysts should ensure 
that a comparison that reflects the clinical data (e.g., trial) can 
be conducted to ensure validity and that it is reported as a 
scenario analysis.
CADTH notes this is an area where further research is needed.

Recommendation 9: Analyses incorporating extrapolation must 
appropriately consider causal relationships between event 
rates and time-varying parameters. Thus, models that directly 
consider these relationships should be adopted.
When extrapolating event rates beyond the duration of clinical 
evidence, economic models need to ensure that the statistical 
modelling techniques explicitly consider causal relationships 
between the probability of events and time, health status, and 
treatment. Models that cannot directly consider such causal 
relationships should be used only as scenario analyses.

Models should directly incorporate the probability of events 
and how they change over time and with changes in patients’ 
statuses.
A partition survival model structure is not recommended as 
it relies on an assumption of independence between curves. 
Given the inflexibility in their approach, this could preclude 
CADTH from conducting a robust assessment of the evidence.

HR = hazard ratio. 
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