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Abstract
Background The immuno-oncologic (IO) mechanism of action may lead to an overall survival (OS) hazard that changes over 
time, producing shapes that standard parametric extrapolation methods may struggle to reflect. Furthermore, selection of the 
most appropriate extrapolation method for health technology assessment is often based on trial data with limited follow-up.
Objective To examine this problem, we fitted a range of extrapolation methods to patient-level survival data from CheckMate 
025 (NCT01668784, CM-025), a phase III trial comparing nivolumab with everolimus for previously treated advanced renal 
cell carcinoma (aRCC), to assess their predictive accuracy over time.
Methods Six extrapolation methods were examined: standard parametric models, natural cubic splines, piecewise models 
combining Kaplan–Meier data with an exponential or non-exponential distribution, response-based landmark models, and 
parametric mixture models. We produced three database locks (DBLs) at minimum follow-ups of 15, 27, and 39 months to 
align with previously published CM-025 data. A three-step evaluation process was adopted: (1) selection of the distribu-
tion family for each method in each of the three DBLs, (2) internal validation comparing extrapolation-based landmark 
and mean survival with the latest CM-025 dataset (minimum follow-up, 64 months), and (3) external validation of survival 
projections using clinical expert opinion and long-term follow-up data from other nivolumab studies in aRCC (CheckMate 
003 and CheckMate 010).
Results All extrapolation methods, with the exception of mixture models, underestimated landmark and mean OS for 
nivolumab compared with CM-025 long-term follow-up data. OS estimates for everolimus tended to be more accurate, with 
four of the six methods providing landmark OS estimates within the 95% confidence interval of observed OS as per the 
latest dataset. The predictive accuracy of survival extrapolation methods fitted to nivolumab also showed greater variation 
than for everolimus. The proportional hazards assumption held for all DBLs, and a dependent log-logistic model provided 
reliable estimates of longer-term survival for both nivolumab and everolimus across the DBLs. Although mixture models 
and response-based landmark models provided reasonable estimates of OS based on the 39-month DBL, this was not the 
case for the two earlier DBLs. The piecewise exponential models consistently underestimated OS for both nivolumab and 
everolimus at clinically meaningful pre-specified landmark time points.
Conclusions This aRCC case study identified marked differences in the predictive accuracy of survival extrapolation methods 
for nivolumab but less so for everolimus. The dependent log-logistic model did not suffer from overfitting to early DBLs to 
the same extent as more complex methods. Methods that provide more degrees of freedom may accurately represent survival 
for IO therapy, particularly if data are more mature or external data are available to inform the long-term extrapolations.
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Key Points for Decision Makers 

Estimating long-term survival for immuno-oncologic 
(IO) therapies may require different methods than esti-
mating survival for targeted therapies or chemotherapy.

Piecewise Kaplan–Meier plus exponential models signif-
icantly underestimated the survival benefit of IO mono-
therapy in this case study and should be discouraged for 
extrapolating IO monotherapy, unless robust contrary 
evidence for the use of this approach is presented.

In this case study of advanced renal cell carcinoma, a 
dependent log-logistic model provided accurate esti-
mates of survival across all database locks.

Extrapolation methods with more degrees of freedom 
may provide accurate estimates of survival if data are 
more mature or external data can be leveraged to aid 
model selection.

1 Introduction

Determining the long-term overall survival (OS) benefit 
offered by novel oncologic therapies is important for health 
technology assessment (HTA) agencies assessing the cost-
effectiveness of these drugs. Given the limited follow-up 
of many oncology trials at the time of HTA submission, 
survival extrapolation is usually necessary to assess long-
term health benefits and costs. However, the methods used 
to undertake this extrapolation are a main area of uncertainty 
for healthcare decision makers and merit further research 
[1].

This issue is particularly pertinent for immuno-oncologic 
(IO) therapies. Their mechanisms of action can produce 
responses that take time to achieve but that can be durable 
and persist long after treatment has stopped [2, 3]. Hence, 
the disease-related hazard may show an initial increase, fol-
lowed by a gradual decline that may tend towards a steady 
plateau. Given the complex hazard, there is growing evi-
dence that standard parametric extrapolation methods may 
provide insufficiently accurate estimates of long-term sur-
vival for IO therapy [4, 5].

Various alternative survival extrapolation methods are 
available to capture the IO survival pattern and would be 
relevant for consideration [6]. However, different methods 
may yield very different estimates of the long-term survival 
benefit [1]. Selecting and validating the most appropriate 
method is thus a key challenge given the importance in 

determining the cost-effectiveness of these drugs, but cur-
rent guidelines on this topic are limited [7]. Our study aimed 
to retrospectively identify the most appropriate extrapolation 
techniques for an IO monotherapy and a non-IO compara-
tor using long-term follow-up data in advanced or meta-
static renal cell carcinoma (aRCC) from CheckMate 025 
(CM-025).

2  Methods

We compared and validated six different survival extrapo-
lation methods: standard parametric models (SPM); natu-
ral cubic splines (spline); piecewise models combining 
Kaplan–Meier (KM) data with parametric forms, includ-
ing the exponential distribution (PieceW-exp and PieceW-
other); response-based landmark models (RBLM); and fully 
parametric mixture models (MM). These methods reflect 
survival extrapolation recommendations in the National 
Institute for Health and Care Excellence Decision Support 
Unit (NICE DSU) Technical Support Document 14 (TSD 
14) and those used in recent HTA submissions for IO ther-
apy [8–11]. An overview of the full study design is provided 
in Fig. 1 and further detailed in the following.

2.1  Data: CheckMate 025

The six extrapolation methods were applied to patient-level 
survival data from CM-025, a phase III, open-label, rand-
omized controlled trial comparing nivolumab with everoli-
mus for the treatment of aRCC in patients who had received 
one or two prior lines of antiangiogenic therapy [12]. The 
primary reason for selecting this dataset was that, at the time 
of the HTA submissions for nivolumab in pre-treated aRCC, 
only short-term follow-up data were available (approxi-
mately 15 months minimum) [12]. The total survival benefit 
associated with nivolumab was a main area of uncertainty 
for HTA agencies, with different agencies using different 
estimation methods [13–15]. As 64 months’ minimum fol-
low-up data from CM-025 have become available (termed 
herein as ‘5 year’), this dataset can be used as a case study 
to compare and validate different extrapolation methods to 
ascertain those most appropriate for IO therapies [16].

The intention-to-treat population comprised 821 patients, 
randomized to receive nivolumab 3 mg/kg once every 
2 weeks (n = 410) or everolimus 10 mg daily (n = 411). 
The median OS was 25.0 months (95% confidence inter-
val [CI] 21.8—not estimable) for treatment with nivolumab 
versus 19.6 months (95% CI 17.6–23.1) for treatment with 
everolimus. The hazard ratio for death was 0.73 (98.5% CI 
0.57–0.93; p = 0.002) for the initial database lock (DBL), 
which had 15 months’ minimum follow-up [12].
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Fig. 1  Study design overview. DBL database lock, Exp exponential, RBLM response-based landmark, RMST restricted mean survival time, SPM 
standard parametric model

Fig. 2  Overall survival from 
different database locks (DBLs) 
in CheckMate 025 for a 
nivolumab and b everolimus
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Based on the 5-year DBL of CM-025, three DBLs with 
varying degrees of maturity were created (Fig. 2). Hazard 
plots can be found in the Electronic Supplementary Material 
(ESM) (Online Appendix Fig. 1). The first DBL (15 months 
of follow-up between last subject’s randomization and DBL) 
reflected the initial original trial readout [12]. Two addi-
tional DBLs were produced with 1 and 2 years of additional 
follow-up after the initial DBL (termed ‘27-month DBL’ and 
‘39-month DBL’, respectively); these aligned with previ-
ously published CM-025 data [17, 18]. These three DBLs 
were used as a basis for fitting survival extrapolations and 
are collectively referred to as the ‘immature DBLs’.

2.2  Model Selection

Parametric models considered for the SPM were the expo-
nential, gamma, generalized gamma, Gompertz, log-logis-
tic, log-normal, and Weibull. These models were also used 
within the context of the PieceW, RBLM, and MM methods. 
For the spline methodology, splines included in the evalu-
ation had either one or two intermediate knots, equally dis-
tributed over log uncensored time, using a hazard, odds, or 
probit model for the transformed survival function, as para-
metrized by Royston and Parmar [19]. Further details on the 
methods can be found in the ESM.

For all DBLs evaluated, models were fitted for each of 
the six different extrapolation methods. Model selection 
followed NICE DSU recommendations described in TSD 
14 [10]. The first step within each DBL involved assess-
ing the proportional hazards (PHs) assumption using visual 
inspection of the log-cumulative hazard plot, Schoenfeld 
residuals plot, and a Grambsch–Therneau test [20]. Where 
the PH assumption could not be rejected, both dependent 
and independent SPMs and splines were fitted, as independ-
ent models could be relevant for scenario analyses. Where 
the PH assumption was violated, only independent SPMs 
and splines were fitted. For the PieceW, RBLM, and MM 
methods, only independent models were fitted.

The second step involved evaluating the fit to the imma-
ture DBL to identify the best-fitting model within each 
method. Models with a poor visual fit to the immature DBL, 
or that were deemed implausible—for example, those with 
a hazard below background mortality at 10 years—were not 
considered for selection. All extrapolations within a method 
that satisfied visual inspection were ranked according to 
statistical fit as assessed by Akaike’s information criterion 
(AIC) [21] and Bayesian information criterion (BIC), with 
BIC taking precedence in case of discordance [22]. The 
model with the best statistical fit within each method was 
then used in the internal and external validation steps. In 
addition, mean lifetime survival was evaluated.

For the PieceW method, the cut-off point for switching 
from KM data to the parametric extrapolation had to be 

identified a priori to the evaluation of the fit to each imma-
ture DBL. Selection of the cut-off point was empirical and 
based on visual inspection of the cumulative hazards plot; 
the inflection point of the cumulative hazard function was 
used as cut-off point for the KM data.

For the RBLM, a landmark timepoint to evaluate best 
overall response per Response Evaluation Criteria in Solid 
Tumors v1.1 had to be selected. Selecting a later landmark 
would capture more responses but yield a less robust model, 
as OS data after the landmark need to be evaluated sepa-
rately to avoid immortal time bias. Conversely, selecting an 
early landmark could under-identify responders. Median 
time to response in CM-025 was 3.5 and 3.7 months for 
nivolumab and everolimus, respectively [12]. Therefore, a 
landmark of 4 months was used in the base-case analyses.

For MMs, several additional criteria were evaluated to 
select the best-fitting model. First, convergence of the opti-
mization algorithms that maximize the likelihood function to 
a global optimum instead of a local optimum was required. 
Second, models estimating the weight of one of the latent 
subgroups less than 5% were ruled out, as they were consid-
ered to be more reflective of the SPM for the predominant 
group than a true MM.

2.3  Internal Validation

The 5-year minimum follow-up DBL of CM-025 was used 
for internal validation of the survival extrapolations of 
each method, using landmark survival and restricted mean 
survival time (RMST). Landmark survival at 60 and 72 
months, as predicted by each method, was compared with 
OS as observed at these landmark points in the 5-year DBL. 
RMST, also referred to as area under the curve, was evalu-
ated for the interval between the last events of the 39-month 
DBL and the 5-year DBL. This interval was the only seg-
ment not spanned by any of the three immature DBLs but 
was observed in the 5-year DBL, albeit including censor-
ing, thus allowing validation of predictions made from the 
immature DBLs. The limits of the aforementioned time seg-
ment for the RMST calculation were 55.0–78.7 months for 
nivolumab and 55.8–79.4 months for everolimus.

2.4  External Validation

Two external clinical trial datasets including nivolumab in 
pre-treated aRCC were available: CheckMate 003 (CM-
003) and CheckMate 010 (CM-010). Patient baseline char-
acteristics are provided in the ESM. CM-003 was a phase 
Ib dose-escalation clinical trial in various solid tumours, in 
which 34 patients with pre-treated aRCC were enrolled [23, 
24]. Patients received nivolumab 1.0 or 10.0 mg/kg once 
every 2 weeks for up to 96 weeks until disease progres-
sion, unacceptable toxicity, confirmed complete response, 
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or withdrawal of consent. Median OS was 22.4 months (95% 
CI 12.5–48.6), and data with a minimum follow-up of 63.9 
months were available. CM-010 was a randomized, phase 
II, blinded, dose-ranging clinical trial in pre-treated aRCC, 
comparing nivolumab doses of 0.3, 2, and 10 mg/kg every 
3 weeks until disease progression or unacceptable toxicity 
[25]. Pooled 3- and 5-year OS rates across treatment arms 
were 41% and 34%, respectively [26]. Whilst dosing in 
CM-003 and CM-010 differed from that in CM-025, datasets 
from these trials were considered to be useful for external 
validation given their longer follow-up. Validation of the 
survival predictions was performed through visual inspec-
tion and evaluation of predicted landmark survival relative 
to the 95% CIs of survival in CM-003 and CM-010.

Further external validation was performed by soliciting 
input from a clinical expert in the area of aRCC. Based on 
a published elicitation framework [27], a clinical expert 
was requested to estimate mean, lower, and upper limits 
of expected landmark survival for each therapy at 10 and 
20 years, as well as expected mean lifetime survival. The 
expert’s answers defined the boundaries of clinical plausibil-
ity. Extrapolated landmark and mean survival estimates from 
each of the methods were compared with these clinically 
plausible boundaries.

3  Results

3.1  Model Selection

The PH assumption could not be rejected in any of the 
DBLs. The log-cumulative hazard plots showed curves that 
initially crossed in the first month but then remained rela-
tively parallel (Fig. 2 in the ESM). This was consistent with 
the Grambsch–Therneau tests, which showed that the PH 
assumption could not be rejected in any of the DBLs, with 

p > 0.05 in all cases (Fig. 3 in the ESM). Therefore, both 
dependent and independent SPMs and splines were fitted.

The best-fitting models per extrapolation method 
and DBL are displayed in Table 1 and visualized for the 
15-month DBL in Fig. 3 (and Fig. 4 of the ESM). Model 
selection within each method was mostly stable across 
DBLs. Exceptions included the independent SPMs, splines, 
and MM, where the best-fitting models deviated between the 
earlier and later DBLs. Additionally, the best-fitting model 
for the non-responders group of the RBLM was not stable 
across DBLs.

3.2  Survival Estimates

Figure 4 presents the mean lifetime survival estimates, with 
a time horizon of up to 40 years, generated by the best-fitting 
models for each method for each DBL. Survival estimates 
were adjusted for background mortality, applying the maxi-
mum of estimated mortality rates and general population 
mortality rates as per UK life tables [28]. Estimates for 
nivolumab showed an increasing trend with maturity of the 
DBLs for the independent SPM, independent spline, and 
PieceW-exp methods. The MM method showed a major 
decrease in estimated nivolumab lifetime survival from the 
39-month DBL onward. The other methods were relatively 
stable across DBLs for nivolumab. Estimates for everolimus 
mean lifetime survival were relatively stable across DBLs 
for all extrapolation methods.

3.3  Internal Validation

All but MM methods underestimated landmark survival for 
nivolumab at 60 and 72 months as compared with observed 
survival in the 5-year DBL. The MM methods overesti-
mated survival at those landmark timepoints (Fig. 5a–d). 
Nivolumab landmark survival estimates with the independ-
ent SPM, independent spline, PieceW-exp, and RBLM 

Fig. 3  Best-fitting models 
for the 15-month DBL for a 
nivolumab and b everolimus. 
DBL database lock, dep depend-
ent, exp exponential, indep inde-
pendent, MM mixture model, 
PieceW piecewise, RBLM 
response-based landmark, SPM 
standard parametric model
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methods, based on the 15-month DBL, were outside the 95% 
CI of survival as observed in the 5-year DBL. This was also 
the case with the PieceW-exp and RBLM methods for pre-
dictions based on the 27-month DBL. For everolimus, land-
mark survival estimates were, on average, closer to survival 
as observed in the 5-year DBL than those for nivolumab. 
More explicitly, only the PieceW-exp and RBLM estimates 
based on the 15- and 27-month DBLs fell outside the 95% 
CI of survival as observed in the 5-year DBL.

RMST for nivolumab was consistently underesti-
mated by all but MM methods, which led to minor 

overestimations of RMST (Fig. 5e, f). The MM based on 
the 39-month DBL was the most accurate predictor of 
RMST for nivolumab. RBLM method estimates fell out-
side the 95% CI, even if the 27-month DBL was used as a 
basis for extrapolation. PieceW-exp method estimates fell 
outside the 95% CI, irrespective of which DBL was used 
as a basis for extrapolation. RMST estimates for everoli-
mus were, on average, closer to observed RMST than 
for nivolumab. The SPM, PieceW-other, and MM meth-
ods tended to overestimate everolimus RMST, whereas 

Table 1  Best-fitting models per 
method

DBL database lock, MM mixture model, PieceW piecewise, RBLM response-based landmark, SPM stand-
ard parametric model, S1 latent subgroup 1, S2 latent subgroup 2

Method 15-month DBL 27-month DBL 39-month DBL 5-year DBL

Nivolumab
 SPM
  Dependent Log-logistic Log-logistic Log-logistic Log-logistic
  Independent Gamma Log-logistic Log-logistic Log-logistic

 Spline
  Dependent 1-knot normal 1-knot normal 1-knot normal 1-knot normal
  Independent 1-knot normal 1-knot odds 1-knot odds 1-knot odds

 PieceW
  Exponential Exponential Exponential Exponential Exponential

 PieceW
  Other Log-logistic Log-logistic Log-logistic Log-logistic

 RBLM
  Responders Log-normal Log-normal Log-normal Log-normal
  Non-responders Exponential Exponential Log-logistic Gamma

 MM
  S1
  S2
  Weight  S1
  Weight  S2

Exponential
Weibull
25.0%
75.0%

Exponential
Weibull
25.7%
74.3%

Exponential
Weibull
42.7%
57.3%

Exponential
Gamma
45.1%
54.9%

Everolimus
 SPM
  Dependent Log-logistic Log-logistic Log-logistic Log-logistic
  Independent Log-normal Log-logistic Log-logistic Log-logistic

 Spline
  Dependent 1-knot normal 1-knot normal 1-knot normal 1-knot normal
  Independent 2-knot odds 1-knot normal 1-knot normal 1-knot normal

 PieceW
  Exponential Exponential Exponential Exponential Exponential

 PieceW
  Other Log-normal Log-normal Log-normal Log-normal

 RBLM
  Responders Exponential Exponential Exponential Exponential
  Non-responders Exponential Exponential Log-logistic Exponential

 MM
  S1
  S2
  Weight  S1
  Weight  S2

Log-normal
Log-normal
7.3%
92.7%

Log-normal
Log-normal
10.1%
89.9%

Log-normal
Log-normal
9.9%
90.1%

Gamma
Log-normal
8.7%
91.3%
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the other methods tended to underestimate RMST. The 
observed RMST gain of nivolumab relative to everolimus 
of over 2 months in the 5-year DBL was underestimated 
by all methods based on the 15-month and 39-month DBLs 
(Fig. 6).

3.4  External Validation

Comparison with CM-003 demonstrated that most meth-
ods, except for dependent SPM and MM, predicted survival 
for nivolumab to be significantly lower than observed in 
CM-003, when basing extrapolations on the 15- or 27-month 
DBLs (see the ESM for a full overview). Comparison with 

Fig. 4  Mean lifetime survival estimates from the best fits of each 
extrapolation method for a nivolumab, b everolimus, and c nivolumab 
relative to everolimus. DBL database lock, dep dependent, exp expo-

nential, indep independent, MM mixture model, PieceW piecewise, 
RBLM response-based landmark, SPM standard parametric model
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CM-010 demonstrated that most extrapolation methods 
yielded survival estimates within the 95% CI of OS as 
observed in CM-010, based on the 15- and 27-month DBLs. 
All estimates from the 39-month DBL fell within the 95% 
CI of CM-010.

The clinical expert estimated landmark survival for 
nivolumab to be 15% and 10% at 10 and 20 years, respec-
tively. For the same timepoints, the expert estimated sur-
vival for everolimus to be 7% and 5%, respectively. Based 
on the 15-month DBL, the independent SPM, PieceW-exp, 
and RBLM all provide survival estimates that fell below 
the lower limit provided by the clinical expert at 10 and 20 

years, respectively. In general, most models underpredicted 
the estimated nivolumab 20-year survival versus 10-year 
survival. The MMs on the other hand, overestimated a 
clinically plausible nivolumab landmark survival based on 
the 15- and 27-month DBLs. For everolimus, differences 
were smaller between the methods, though a similar pattern 
could be detected in which the PieceW and RBLM methods 
delivered results that could be deemed implausible from the 
perspective of the clinical expert.

The clinical expert also estimated mean lifetime survival 
with respective lower and upper limits. For nivolumab, this 
was estimated as 4 years (lower limit 3 years, upper limit 5 

Fig. 5  Comparison of predicted and observed survival (based on 
5-year DBL). 60-month landmark survival, deviation from KM data 
in a nivolumab and b everolimus, 72-month landmark survival, devi-
ation from KM data, in c nivolumab and d everolimus, and RMST 
(solid black line indicates observed RMST, dashed line indicates 95% 

CI) in e nivolumab and f everolimus. CI confidence interval, DBL 
database lock, dep dependent, exp exponential, indep independent, 
KM Kaplan–Meier, MM mixture model, PieceW piecewise, p.p. per-
centage point, RBLM response-based landmark, SPM standard para-
metric model
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years) and for everolimus it was 3 years (lower limit 2 years, 
upper limit 4 years). The independent SPM and PieceW-
exp methods provided mean lifetime survival estimates for 
nivolumab in some cases that were deemed too short to be 
clinically plausible. The MM method estimates from the 15- 
or 27-month DBLs could be considered too long to be clini-
cally plausible. For everolimus, it was noticeable that none 
of the methods provided clinically unreasonable estimates 
for mean lifetime survival.

4  Discussion

This study revealed that all methods, with the exception of 
MM, underestimated survival for nivolumab in pre-treated 
aRCC. The magnitude of underestimation depended on the 
extrapolation method used and the maturity of the dataset 
but varied between 2.9 and 0.3 months of underprediction 
for RMST. Based on the initial 15-month DBL, the inde-
pendent SPM, independent spline, PieceW-exp, and RBLM 
methods substantially underestimated nivolumab survival at 
the 60- and 72-month landmarks, to the point of becoming 
clinically implausible. Using DBLs with a longer follow-up 
resulted in lower underestimation.

In contrast, all methods except PieceW-exp and RBLM 
provided reasonable estimates of everolimus OS. A possi-
ble explanation for this observation is that nivolumab and 
everolimus have notably different mechanisms of action, 
which may lead to differences in survival patterns over time.

An unexpected finding, given the differences in mecha-
nism of action between nivolumab and everolimus, was that 
the PH assumption held for all DBLs. A potential explana-
tion may be the use of IO agents as subsequent treatment 
in patients randomized to everolimus. Because nivolumab 
was approved by the US FDA and the European Medicines 

Agency for use in second-line renal cell carcinoma approxi-
mately 3 years before the 5-year DBL [29, 30], 26.0% of 
patients in the everolimus arm received nivolumab as a sub-
sequent therapy or had crossed over to nivolumab in the 
5-year DBL. This may be considered reflective of real-world 
circumstances but may have led to similarities in the tail 
behaviours of both arms [31].

The dependent log-logistic model performed well across 
all DBLs. In this case study, it did not suffer from overfitting 
to short-term trends as much as the more complex methods. 
The log-logistic distribution can be characterized by an arc-
shaped hazard profile, with hazards that increase initially fol-
lowed by a monotonically decreasing hazard. When imple-
mented in a relative survival framework, accounting for 
background mortality, the hazard will at some point increase 
again. Within this case study, the maximum of log-logistic 
mortality rates and general population mortality rates were 
applied, leading to a similar hazard profile. Irrespective of 
the method applied to account for background mortality, the 
underlying assumption is that patients with aRCC may in the 
long term have mortality that is similar to that of the general 
population. Some HTA agencies have previously challenged 
the use of the log-logistic distribution [14, 32], but our study 
shows that it seems to be a reasonable candidate for extrapo-
lating long-term survival data for IO monotherapy agents.

The PieceW-exp method performed poorly in predict-
ing OS irrespective of DBL maturity; this was particularly 
evident for nivolumab. This is an important finding given 
the recommendation that the exponential function should 
be considered the default parametric function for long-term 
survival extrapolations [33] and has been chosen as the pre-
ferred method in a number of IO HTA submissions [8, 9, 
34, 35]. Note also that the cut-off point chosen for switching 
from the KM data to the exponential distribution can have 
a substantial impact on the survival estimates. However, 

Fig. 6  Restricted mean survival 
time gain (based on 5-year 
DBL) and estimations based 
on the 15-month, 27-month, 
and 39-month DBLs. DBL 
database lock, dep dependent, 
indep independent, MM mixture 
model, PieceW piecewise, 
RBLM response-based land-
mark, RMST restricted mean 
survival time, SPM standard 
parametric model
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exploratory post hoc analyses did not alter the conclusion 
that PieceW-exp consistently underestimated long-term 
survival.

In contrast to the 39-month DBL, the RBLM method 
failed to provide accurate estimates of survival for the 15- 
and 27-month DBLs. Performance on these earlier DBLs 
was similarly poor as for the PieceW-exp method. Inter-
nal validation and lifetime survival results showed that 
this could have been caused by the change in selection of 
functional form. In the 15- and 27-month DBLs, the curve 
with the lowest AIC for the non-responder group for both 
nivolumab and everolimus was an exponential curve. For 
the 39-month DBL, a log-logistic model performed better 
on both arms, which, according to the interval validation, 
provided more accurate estimates than the exponential mod-
els. This indicates that the hazards for the non-responder 
group were poorly represented by the exponential curve. 
Furthermore, heterogeneity among the non-responders, 
which consisted of those with stable disease, progressed 
disease and non-evaluable patients, may be a factor. Given 
these uncertainties, further research on the applicability of 
the RBLM method for IO therapies is warranted, particularly 
when follow-up is limited.

Although the MM method provided relatively accurate 
survival estimates for nivolumab based on the 39-month 
DBL, it significantly overestimated mean survival based on 
the 15- or 27-month DBLs. This may be due to the degrees 
of freedom provided by the MM method, which can lead to 
a potential overidentification of short-term trends in imma-
ture datasets even though inclusion of each parameter to be 
estimated is penalized in the definitions of AIC and BIC dur-
ing the statistical fit. Future research could explore whether 
extrapolations using the MM method can be restrained when 
data maturity is low, for example by using external data. 
A quantitative approach with a Bayesian framework would 
avoid introducing subjectivity into the parametrization or 
selection of the models.

Within these analyses, the more complex methods—those 
with more degrees of freedom and a higher flexibility such 
as the RBLM and MM—did not have greater predictive 
accuracy than the SPM when fitted to the 15- and 27-month 
DBL. This may partly be explained by the PH assumption 
being maintained in this case study and the limited follow-up 
of these DBLs, as previously discussed. Further, it is impor-
tant to be aware that more complex methods are typically 
associated with more uncertainty around their estimates.

Another consideration is the selection process for the 
best-fitting model. For the RBLM and especially the MM, 
many of the model parametrizations provided a virtually 
identical fit to the observed immature data. Absolute AIC 
and BIC differences among several of the best-fitting mod-
els were below one, implying none of the models signifi-
cantly outperformed the others [36, 37]. Long-term survival 

estimates from these models were substantially different, 
though, and post hoc exploratory analyses showed that sev-
eral of the models that were not selected did in fact pro-
vide close estimates of long-term survival. This suggests 
that thorough guidance on model selection for more com-
plex methods is crucial and that current procedures may be 
improved.

These results are aligned with recent previous studies into 
survival extrapolation methods [4, 5, 38]. In a case study of 
ipilimumab in melanoma, Bullement et al. [4] found that 
complex flexible methods were more reflective of complex 
survival patterns but had poor predictive accuracy if not 
informed by external data. In this case study, similar chal-
lenges were found for the RBLM and MM methods.

A case study investigating survival of patients receiv-
ing durvalumab for pre-treated non-small-cell lung cancer 
found that RBLM, MM, and cure methods provided long-
term survival estimates that were closer to observed OS 
rates in a later DBL than the SPM and spline methods [5]. 
However, the estimates from various RBLM, MM, and cure 
models differed considerably from each other, thus retaining 
uncertainty about future survival benefit. Similar variations 
between models, even within a single method, were also 
observed in our case study of pre-treated aRCC.

A review and validation study of 11 single technology 
appraisals of IO therapies demonstrated that, although the 
SPM and PieceW methods performed reasonably well at 
predicting long-term survival, the long-term survival esti-
mates tended to be underestimated [38]. This is in line with 
our findings, where the SPM and PieceW methods consist-
ently underestimated nivolumab survival, though at varying 
degrees.

A limitation of this case study is the limited external vali-
dation. Expert validation involved a single clinical expert, 
and the trials used for comparison used different doses of 
nivolumab. Involvement of multiple experts could increase 
the robustness of the survival estimates provided, though it 
is not clear how many experts would be required to obtain 
a robust estimate. To partially mitigate this limitation, the 
expert was asked to provide lower and upper limits to the 
survival estimates, a method derived from the Sheffield elici-
tation framework [27]. Furthermore, the expert opinion was 
only used for validation purposes and not for parametriza-
tion of the models, as Bayesian analyses were not within the 
scope of this study. Investigating the robustness of clinical 
expert opinion and evaluating formal frameworks for elicit-
ing such input is an area of ongoing research [27, 39].

To ensure consistency of the analysis, external data 
were not used in determining the best performing distribu-
tions beyond a visual assessment of face validity. In prac-
tice, the plausibility of the survival extrapolation receives 
substantial scrutiny. An additional important point of 
future research would be the evaluation and validation 
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of using external data, such as real-world data, to inform 
survival extrapolations. External data may be leveraged in 
multiple ways, ranging from inputs for model parametriza-
tion to model validation, but there is a paucity of evidence 
on which methods are robust and valid in the context of 
survival extrapolations in oncology. Given the potential 
value of external inputs such as real-world data, especially 
for the more complex survival extrapolation methods, fur-
ther research is warranted.

5  Conclusion

This case study in pre-treated aRCC found that the accu-
racy of OS predictions for nivolumab differed consider-
ably between extrapolation methods, whereas predictions 
for everolimus were generally accurate. Furthermore, all 
methods underestimated survival for nivolumab, except 
for MM. This adds to the growing evidence that suggests 
that the extrapolation method required for IO therapies 
may need different considerations than for therapies with 
other mechanisms of action, such as targeted therapies or 
chemotherapies.

Of special note is the poor performance of the PieceW-
exp method, irrespective of the maturity of the dataset. 
Thus, use of the PieceW-exp method should be discour-
aged for extrapolating IO monotherapy, unless robust con-
trary evidence for the use of this approach is presented.

Methods providing more degrees of freedom in the 
extrapolation, such as RBLM and MM, provided accu-
rate survival estimates based on the 39-month DBL but 
did not outperform the dependent log-logistic SPM in this 
case study. The dependent log-logistic SPM performed 
better than the RBLM and MM, based on the 15-month 
and 27-month DBLs. This may be due to the use of subse-
quent IO therapies, which could have biased survival in the 
everolimus arm. As data matured, the survival estimates 
from the RBLM and MM methods changed considerably, 
partly driven by a change in the selection of the best func-
tional form. This highlights the need to include external 
evidence to inform the parametrization of these extrapola-
tion methods that allow for more degrees of freedom.
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