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ABSTRACT
Accurate survival predictions are crucial for cost-effectiveness evaluations in health
technology assessment (HTA). However, model selection remains a challenge. Flex-
ible survival models eliminate the need to identify the exact data-generating or
best-fitting parametric model, though informed choices are still required. Using the
Kaplan–Meier curve as a reference and selecting parametric survival models that
minimize the squared distance to non-parametric survival estimates provides an
objective approach to model selection for survival data extrapolation. This paper
extends this methodology by incorporating flexible parametric models and employs
resampling methods, which are described, evaluated, and illustrated using both sim-
ulated and real-world data. Our findings demonstrate that resampling-based model
selection enhances predictive accuracy, making it a valuable tool for survival extrap-
olation in HTA.
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1. Introduction

Accurate extrapolation of survival data is essential for Health Technology Assessments
(HTAs), as clinical trials frequently have limited follow-up periods [1, 2]. The selec-
tion of an appropriate survival model plays a pivotal role in determining long-term
cost-effectiveness; nevertheless, identifying the optimal model remains a challenge.
Traditional model selection methods, such as the Akaike Information Criterion (AIC)
and the Bayesian Information Criterion (BIC), emphasize goodness-of-fit rather than
predictive accuracy, which may result in suboptimal extrapolations when applied to
survival data [3]. Flexible parametric models, particularly spline-based approaches,
provide greater adaptability than conventional parametric models by allowing the haz-
ard function to vary dynamically over time [4, 5]. These models are able to capture
complex survival patterns without imposing a fixed parametric form, making them
especially valuable in the context of HTAs. Determining the appropriate number of
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spline knots is critical, as too few knots oversimplify the hazard function, whereas an
excessive number may cause overfitting and unreliable extrapolations [6, 7].

A commonly adopted method for evaluating model fit involves visually comparing
the estimated survival function to the non-parametric Kaplan–Meier curve. However,
visual inspection lacks formal statistical justification and may introduce subjectivity.
As an alternative, the Focused Information Criterion (FIC) has been proposed, se-
lecting models that minimize the mean squared distance between survival estimates
and the Kaplan–Meier estimator, thereby prioritizing accuracy in specific quantities
of interest [8, 9].

In this work, the FIC framework is extended to flexible parametric survival models
through the introduction of a resampling-based approach. This method estimates the
mean squared error (MSE) to facilitate selection of the optimal number of knots.
Performance is evaluated through simulation studies and a real-world application to
Diffuse Large B-Cell Lymphoma survival data. The findings indicate that resampling-
based model selection enhances predictive accuracy and improves the reliability of
long-term extrapolations in HTAs.

2. Survival data survival models

For a sample size n, let the survival times X1, . . . , Xn be independently and identically
distributed according to the distribution function F , which is assumed to be differen-
tiable for x > 0. Similarly, let C1, . . . , Cn be independently and identically distributed
according to the distribution function G, which is also assumed to be differentiable
for x > 0. The survival times and the censoring times are assumed to be independent.
The observable random variables are defined as Ti = min(Xi, Ci) and δi = I(Xi ≤ Ci),
where I() is an indicator function, taking the value 1 if the condition is fulfilled and
0 otherwise. The value ti is the observed follow-up time, and δi indicates whether the
survival time is uncensored or censored. The observed and ordered follow-up times
are denoted as t1 < . . . < tn, with δ1, . . . , δn being their corresponding unordered
indicators. Additionally, we define an at-risk process R(t) =

∑n
i=1 I(Xi ≥ t).

The non-parametric Kaplan–Meier or product-limit estimator of survival is given
by:

Skm(t) =
∏
ti≤t

{
1− δi

R(ti)

}
(1)

with the associated variance estimated using the Greenwood formula:

vkm(t) = S2
km(t)

∑
ti≤t

δi
R(ti) [R (ti)− 1]

(2)

where the subscript km indicates that the survival or associated variance estimate
refers to the non-parametric Kaplan–Meier estimator.

If we assume that the survival distribution F belongs to a parametric family of
distributions with a parameter vector θ, then we can define the likelihood function as
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logL(θ) =

n∑
i=1

{δi log λ(ti|θ) + logS(ti|θ)} (3)

where

λ(t|θ) = ∂

∂t
H(t) (4)

is the derivative of the cumulative hazard function H(t).
We now introduce two competing approaches: a fully parametric model and a flexi-

ble parametric model, which we denote with the subscripts pm and fs, respectively. In
a fully parametric approach, it is necessary to identify F (t) and subsequently H(t).
The parametric survival estimator is then estimated as Spm(t) = 1 − F (θ; t). The
flexible parametric survival model does not require the specification of F (t) or H(t).
Instead, it utilizes splines to provide flexibility in modeling the baseline hazard (or log
cumulative hazard). Specifically, it employs restricted cubic splines to allow the hazard
function to vary smoothly over time without imposing strict parametric assumptions,
thus yielding

logH(t) = B(t)β, (5)

where B(t) represents a vector of spline basis functions evaluated at time t, and β
represents a vector of spline coefficients estimated from the data.

Flexible survival models also incorporate an additional parameter known as knots.
Knots represent points on the time axis where the spline transitions between different
shapes, allowing for flexible and smooth modeling of the baseline hazard (or log cumu-
lative hazard). The hazard functions estimated using restricted cubic splines closely
align with the true function across a variety of complex hazard patterns, provided that
a sufficient number of knots are used [6]. Typically, knots are positioned at quantiles of
the log-observed event times to ensure that the spline accurately captures the overall
shape of the hazard function [10]. The number and placement of knots significantly
impact model fit. Too few knots may result in the spline failing to capture the complex-
ity of the underlying hazard function [7], while an excessive number of knots can lead
to overfitting, especially in areas with limited events, causing the hazard function to
fluctuate excessively. Consequently, this overfitting could result in poor extrapolation
beyond the observed trial period. The optimal number of knots cannot be directly
estimated, so it is advisable to treat the number of knots as a tuning parameter,
which becomes an integral part of the model selection process. Once the number of
knots is determined and spline coefficients are estimated from the data, it becomes
straightforward to transform them into survival functions, Sfs(t) = exp [−H(t)].

For both fully parametric and flexible survival models, the Delta method is used to
approximate the variance. This method involves propagating the uncertainty in the
parameter estimates (from the variance-covariance matrix) through to the predicted
quantities using a Taylor series expansion, as follows:

vpm = ∂SpmTI−1∂Spm and vfs = ∂SfsTI−1∂Sfs (6)

3
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where ∂S is the vector of partial derivatives of the survival function with respect to
the parameter vector θ (for the fully parametric model) or β (for the flexible survival
model), and I is the information matrix. For more details on the Fisher matrix under
censoring, see [11]; for the model-agnostic information matrix used here, see [12].

Irrespective of the estimator, we assume that they are of the following form:

Ŝ(t) = S(t) +
1

n

n∑
i=1

υ(Ti) + ϵn (7)

where υ(Ti) are the influence components with expectation 0 if the correct distribution
is identified. In this setting, survival probabilities estimated from parametric and
flexible parametric models represent marginal probabilities, i.e., intercept-only models.

3. Mean Squared Error and the Focused Information Criterion

MSE calculations usually require the true survival function, which is unknown in
practical applications. Substituting the unknown true survival function with a consis-
tent, unbiased estimate is fundamental to the Focused Information Criterion [8, 13].
In this framework, the Mean Squared Error (MSE) of a parametric survival function
measures the average squared difference between the estimated survival probabilities
and the observed survival, which is estimated by the Kaplan-Meier estimator.

The Kaplan-Meier estimator is uniformly consistent on intervals [0, t] for which
S(t) > 0 [14], and for any given t, the Kaplan-Meier estimator is almost unbiased

[15, 16], satisfying 0 ≤ S(t)−E[Ŝkm(t)] ≤ e−R(t). Asymptotically, the bias approaches
zero as n → ∞, making it effectively unbiased for large datasets. However, it is
advisable to limit estimation to intervals where R(t) ≥ 5, such that the small-sample
bias of the Kaplan-Meier estimator is at most 0.0067. Thus, for R(t) ≥ 5,

MSEkm(t) ≈
vkm(t)

n
. (8)

For the flexible parametric model,

MSEfs(t) =
vfs(t)

n
+ b2fs(t) (9)

with the bias estimated as b̂fs(t) = Ŝfs(t) − Ŝkm(t). Regardless of the estima-
tion method used, the survival estimates have a limiting normal distribution, and
E[b̂fs(t)] = bfs(t) [9].

The quantity of interest is not the bias but its square. While the estimate of the bias
is consistent, the squared bias may overestimate the quantity of interest by n−1vb(t)+
O(n−2) [17], where vb(t) is the variance of the bias at time t. Thus, estimation of MSE
requires a corrected squared bias estimate for both the fully parametric and flexible
parametric survival models by subtracting its variance. A caveat of this correction is
that occasionally we may obtain a negative squared bias estimate. Thus, following [8],
the correction is executed as
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max

{
0, b̂2fs(t)−

v̂bfs
(t)

n

}
(10)

leading to

MSEfs(t) =
vfs(t)

n
+max

{
0, b̂2fs(t)−

v̂bfs
(t)

n

}
. (11)

This correction requires an estimate for the variance of the bias, which is given by

vbfs
(t) = vkm(t) + vfs(t)− 2vkm,fs(t), (12)

where vkm,fs(t) is the covariance between the non-parametric Kaplan-Meier sur-
vival estimates and the flexible survival model estimates. The covariance between the
Kaplan-Meier survival estimate and fully parametric models can be estimated using
the influence function [9, 18]. However, extending this method to vkm,fs(t) is more
complex. Instead of relying on analytical estimates, we can turn to resampling meth-
ods, which will be described in the next section. There are two possible approaches:
either use resampling to obtain an estimate of vb(t), or estimate vkm,fs(t) directly and
use it as a plug-in to estimate vb(t).

If one or more of the quantities involved in estimating MSE are asymptotically
biased, the approximation has an error of order O(1/n), which can result in the
variance contributing relatively little to the expected squared error [19]. Daehlen et
al. [19] introduced a more precise bias estimate and a corrected MSE that is of order
o(1/n) by considering the error term of Equation 7 and estimating

c(t) = lim
n→∞

nE
[
Ŝ(t)− S(t)

]
= lim

n→∞
nE [ϵn(t)] (13)

and correcting the MSE estimator as

MSEfs(t) =
vfs(t)

n
+max

{
0, b̂2fs(t)−

v̂bfs
(t)

n
+

2b̂fs(t)ĉ(t)

n

}
. (14)

For correctly specified parametric models, the two formulations of MSE have the
same limit since c = 0 with increasing sample size. For flexible parametric models, we
cannot assume c = 0, as these models are, by definition, approximations of the true
model.
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4. Resampling survival models

4.1. Bootstrap

This section aims to provide the necessary background information for replicating the
numerical evaluations. It is not intended to be a comprehensive review, but instead
to offer the essential context for reproducing the specific calculations. For further
details, readers are referred to [20], specifically Sections 3.5 and 7.3. We did not eval-
uate resampling with replacement of the pairs (ti, δi) where i = 1, . . . , n. Although this
type of bootstrapping is widely used, it does not guarantee inclusion of the maximum
observed follow-up time in the bootstrapped samples. This limitation renders the esti-
mation of bootstrapped versions of key quantities impractical, as survival probability
projections from the flexible parametric model would be required for vb(t).

The conditional bootstrap method involves simulating failure times from the esti-
mated survival distribution. Subsequently, for each observation, its simulated censor-
ing time is set equal to the observed censoring time if the observation was censored. If
the observation was uncensored, the censoring time is generated from the estimated
censoring distribution, conditioned on it being greater than the observed failure time.

First, we consider the bootstrapped version of v∗b (t), where the superscript ∗ indi-
cates that this is a bootstrap variance estimate of the bias, given by

v̂b∗(t) =
1

B

B∑
j=1

{
b̂∗fs(t)− b̂fs(t)

}2
(15)

and the covariance is calculated as

v̂∗km,fs(t) = E
[
Ŝ∗
km(t)Ŝ

∗
fs(t)

]
− E

[
Ŝ∗
km(t)

]
E
[
Ŝ∗
fs(t)

]
, (16)

where B is the number of bootstrap resamples.
The bootstrapped version of the correction factor c is given by

ĉboot =
n

B

B∑
j=1

{
Ŝ∗(t)− Ŝ(t)

}
. (17)

4.2. Jackknife

The Jackknife is a resampling technique used to estimate the bias and variability of
a statistic. It works by systematically removing one observation at a time from the
dataset and recalculating the statistic for each reduced sample. The results are then
used to assess how much each individual data point influences the overall estimate.
This method is particularly useful for constructing confidence intervals and reduc-
ing bias, especially in small sample sizes [21]. It serves as a computationally simpler
alternative to other resampling methods, such as the bootstrap.

In our case, we aim to obtain jackknife estimates of either the covariance between
the Kaplan-Meier and flexible parametric estimates of survival or a jackknife estimate
of the variance for b̂fs(t).
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For both estimators, the jackknife estimate of survival is given by

Ŝjk(t) =
1

n

n∑
i=1

Ŝ(−i)(t), (18)

where the superscript jk indicates the jackknife estimate. Subsequently, standard esti-
mators are applied to compute the covariance and variance, respectively. The jackknife
estimate for the correction factor c is given by

ĉjack = (n− 1)

{
Ŝ(t)− 1

n

n∑
i=1

Ŝ(−i)(t)

}
. (19)

5. Model Selection and the Behavior of the Selection Criterion

Conventional practice suggests selecting the model with the lowest mean squared error
(MSE), which, in this context, is expressed asMSEfs(t) < MSEnp(t) or, equivalently:

RE(t) =
MSEfs(t)

MSEkm(t)
< 1, (20)

where RE denotes relative efficiency. This notation is chosen for pedagogical con-
venience and reflects that, when comparing two unbiased estimators, RE represents
the ratio of variances, aligning with the concept of asymptotic relative efficiency.
The limiting probability that RE is less than 1 is P (χ2

1 < 2) = 0.843 [8, 22]. This
criterion should be interpreted pointwise across different time points and can be eval-
uated graphically by plotting the event times against the ratio of mean squared errors
[22, 23]. If the time-indexed ratios are consistently below 1, the alternative models
should be favored over the Kaplan-Meier estimator.

It should be noted, however, that it is not expected for the entire curve to remain
below 1. The mean squared error (MSE) is estimated at the times when an event
occurs, meaning that a total of

∑
i δi assessments will be conducted. If we define an

indicator function Ii that takes the value 1 if RE(ti) < 1, each Ii represents a Bernoulli
trial with parameter p = 0.842. By the linearity of expectation:

E[I] = E

[∑
i

Ii

]
=

∑
i

E[Ii] = 0.842
∑
i

δi, (21)

Thus, if the true model is included in the set of competing models, it is expected
that approximately 84.2% of the RE(t) values will fall below 1. It should also be noted
that these represent dependent Bernoulli trials with a complex covariance structure;
since survival estimates are positively correlated, the variance of I will exceed 0.132,
which is the variance of an independent Bernoulli trial with probability 0.843. When
comparing competing models, preference should be given to those whose proportion
of the RE(t) curve below 1 is as close as possible to 84.2% (or higher), as this would
indicate a better alignment with the expected behavior for the true model.

7
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An alternative approach is to calculate the area under the RE(t) curve, normalized
by the maximum event time tmax, as follows:

AUCRE(t) =
1

tmax

∫ tmax

0

RE(u), du (22)

Heuristically, this area should be below 1 for the true model; however, no asymptotic
results are currently available to formally support this assumption.

6. Numerical evaluations

6.1. Data generating process

We conducted simulation studies to assess the feasibility of model selection using
bootstrap or jackknife resampling. In the first set of simulations, we generated sur-
vival times from an exponential distribution with a rate of 1/365, mimicking a scenario
with a mean survival of one year. To replicate conditions typical in clinical trials, we
incorporated low levels of random censoring, modeled using an exponential distribu-
tion with a rate of 1/1460, along with administrative censoring at day 365. For each
simulated dataset (with sample sizes n = 100, 200, 300), we fitted Kaplan-Meier sur-
vival curves and flexible parametric survival models. Additionally, we applied a fully
parametric exponential model as a benchmark. This process was repeated 1,000 times.

To provide a more realistic framework for testing the selection procedure, we con-
ducted a second set of simulations using a mixed distribution. In this scenario, we again
assumed sample sizes of 100, 200, and 300. The survival times were generated from
a mixture of three distributions: one-third followed a log-logistic distribution (shape
parameter 1.5, scale parameter 150), another third followed a uniform distribution be-
tween 0 and 1000 days, and the final third followed an exponential distribution with
a rate of 1/365. Censoring was modeled as in the first simulation set. This procedure
was also repeated 1,000 times. We used this second dataset to compare and assess knot
selection and its effect on extrapolation accuracy. For this purpose, we fitted flexible
survival models with 1 to 4 knots, extrapolating beyond the administrative censoring
at 365 days out to a maximum of 3,650 days. We then assessed these projections
against the actual observed survival probabilities as estimated by the Kaplan-Meier
estimator.

For each iteration in both simulation sets, we estimated the jackknifed and boot-
strapped covariance matrices between the competing estimators, along with the vari-
ance of the bias, and ultimately the corresponding MSE(t) and RE(t). This approach
allowed us to evaluate the performance of our model selection method under both
simple and complex survival scenarios, providing insights into its effectiveness and
potential limitations.

6.2. Criteria for evaluating the performance

To assess the performance of our model selection approach, we employed both point-
wise and global measures. For each iteration, we conducted pointwise assessments on
a predefined time grid ranging from 0 to 365 days, with increments of 5 days. At each
of these time points, we evaluated whether the relative efficiency RE(t) was less than

8
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Figure 1. Panel a) presents the pointwise selection probabilities for the four competing selection estimators, along

with the reference provided by the fully parametric model. Panel b) shows the percentage of the RE(t) curve that

falls below one, with a vertical reference line at 82.4%

1, indicating superior performance of the flexible parametric model compared to the
Kaplan-Meier estimator.

As a global measure, we calculated the percentage of the time-indexed RE(t) curve
that falls below 1. This metric provides an overall indication of the flexible model’s
performance across the entire follow-up period. Additionally, we computed the area
under the RE(t) curve, AUCRE(t), normalized by the maximum follow-up time, as
another summary measure of model performance.

For the second set of simulations, which involved extrapolation beyond the admin-
istrative censoring at 365 days, we extended our evaluation to assess the accuracy
of long-term projections. We fitted Kaplan-Meier and flexible survival models to the
time interval (0, 365] and then extrapolated these models to (365,min(tmax, 3650)]. To
evaluate the extrapolation performance, we calculated both bias and percent bias at
each observed event time beyond 365 days, averaging these measures across all such
time points.

To compare different knot selection approaches, we estimated RE(t), AUCRE(t),
AIC, and BIC for flexible survival models with 1 to 4 knots. This allowed us to assess
how different model selection criteria perform in identifying the optimal number of
knots for extrapolation.

These performance measures were aggregated across the 1,000 iterations for each
simulation scenario, providing a comprehensive summary of model performance and
selection accuracy.

6.3. Numerical Results

Figure 1 summarizes the results from the simulation with exponential survival times,
providing a detailed comparison of the different estimators across the follow-up period.
The patterns of model selection were largely consistent across the different types
of estimators. However, selection procedures based on jackknifed or bootstrapped
covariance estimates exhibited lower selection probabilities compared to those based
on the jackknifed or bootstrapped estimates of the variance of the bias.

The proportion of the relative efficiency, RE(t), curve that fell below 1 consistently

9
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Table 1. Agreement in knot selection between the four competing selection criteria, average number of knots and

observed average bias and percent bias of the extrapolated survival curves.

AUCRE(t) AIC BIC Knots Bias %Bias

P (RE(t)) < 1 84% 24% 25% 2.31 -0.00095 12.2%

AUCRE(t) - 25% 27% 2.09 0.00568 19.7%

AIC - - 97% 2.58 0.0310 44.8%

BIC - - - 2.49 0.0297 43.5%

favored estimation of the variance of the bias over the covariance between the two
survival estimators (Figure 1b). This finding was further corroborated by the area
under the RE(t) curve. The variance of the bias estimate, whether using the jackknife
(0.923, SD 0.061) or bootstrap (0.925, SD 0.612), was closest to the area under the
curve for the fully parametric exponential estimator (0.812, SD 0.368).

For the second set of simulations using the mixed distribution, the results obtained
from jackknifing and bootstrapping were largely similar. Thus, we present only the
results for the jackknifed estimators. These results further confirmed the superiority of
the selection procedure based on the resampled variance of the bias (Figure 2). Both
the pointwise selection probabilities and the percentage of the RE(t) curve falling
below 1 improved as the sample size increased, indicating better performance of our
method with larger datasets.

The results of the extrapolation analysis are presented in Table 1. The two MSE-
based measures (AUCRE(t) and P (RE(t) < 1)) agreed on the optimal number of
knots, just as the two likelihood-based criteria (AIC and BIC) demonstrated similar
agreement. However, these two types of measures generally disagreed with each other.
The likelihood-based criteria tended to select models with a higher number of knots,
which resulted in reduced accuracy of the projections. The MSE-based knot selection
method that used the jackknifed variance of bias demonstrated better extrapolation
performance.

Additionally, we applied a correction to the mean squared error (MSE) as proposed
by [19]. The results were largely identical to our original formulation, with only a minor
decrease in selection probabilities (< 0.01) when using bootstrapping. This difference
is statistically insignificant and may be attributed to the use of bootstrapping for the
additional bias correction [24].

Overall, these numerical results demonstrate the effectiveness of our proposed
resampling-based model selection approach, particularly when using the variance of
the bias estimate. The method exhibits improved performance with increasing sam-
ple size and appears to be more robust in selecting models that provide accurate
extrapolations compared to traditional likelihood-based criteria.

7. Applied example

Accurately modeling survival in diseases with complex hazard functions, such as Dif-
fuse Large B-Cell Lymphoma (DLBCL), presents a significant challenge. Survival pat-
terns in DLBCL often exhibit periods of high risk (e.g., during treatment), followed
by remission phases, and potentially increasing risk due to late-stage recurrence or
metastasis. Such variability makes it difficult to identify a standard parametric model
that effectively balances bias and variance.

The dataset from [25] provides an example in which traditional parametric survival
models—such as exponential, Weibull, gamma, and log-logistic distributions—struggle
to accurately capture survival dynamics. Previous analyses suggest that these models

10
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Figure 2. Panels (a) and (b) show the pointwise selection probabilities for the jackknifed covariance-based and

variance of bias-based selection procedures as a function of sample size. These panels illustrate how the likelihood

of selecting the correct model changes with increasing sample size. Panels (c) and (d) display the percentage of the

RE(t) curve that falls below 1, with a vertical reference line at 84.2%, representing the expected proportion.

tend to either over-smooth or misrepresent key features of the survival function [22].
We applied our flexible parametric model selection approach to evaluate whether these
models could offer a better alternative to the Kaplan-Meier estimator.

Figure 3(a) presents survival estimates obtained using the Kaplan-Meier method
(stepwise function) and flexible parametric models (continuous curves). The flexible
parametric models closely follow the Kaplan-Meier estimates, suggesting a favorable
bias-variance trade-off. Model selection using the mean squared error (MSE) criterion
indicated that flexible parametric models outperformed the non-parametric Kaplan-
Meier estimator, as shown in Figure 3(b), though not at the extremes of the follow-up
time.

Table 2 compares different model selection approaches for determining the optimal
number of spline knots. Both AIC and BIC agreed on a two-knot solution, aligning
with the jackknife-based MSE selection. However, the bootstrap-based MSE selection
process struggled to distinguish between different knot numbers.

Interpreting these results in conjunction with the relative efficiency (RE) curve sug-
gests that extrapolation should be approached with caution. Approximately 65% of

11
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Figure 3. Panel (a) presents the survival probabilities estimated by the Kaplan-Meier estimator (stepwise func-

tion) and by flexible parametric models (continuous smooth curve) for mortality associated with Diffuse Large

B-Cell Lymphoma. Panel (b) depicts the pointwise probability of selecting the flexible parametric models over the

Kaplan-Meier estimator, accounting for the bias-variance trade-off.

Table 2. Knot number selection for flexible parametric survival model applied to Diffuse Large-B-Cell Lymphoma

survival
Knots AUC P (RE < 1) AIC BIC

1 2.489 0.269 745.48 752.40

2 0.933 0.655 710.38 720.76

3 0.961 0.646 711.84 725.67

4 0.983 0.553 713.18 730.48

5 0.979 0.507 713.69 734.45

the RE curve falls below 1. However, deviations at the extremes of follow-up indicate
potential discrepancies between the modeled and observed survival probabilities. No-
tably, early deviations may have minimal impact on extrapolation, but discrepancies
at longer follow-up times suggest a risk of inaccurate survival projections.

This analysis underscores the importance of combining graphical assessments with
scalar selection criteria when applying flexible parametric survival models. The results
indicate that flexible models can provide robust survival estimates for diseases like
DLBCL, but careful consideration of bias-variance trade-offs and the reliability of
extrapolations is essential.

8. Discussion

Flexible parametric survival models, introduced by [26], have gained significant atten-
tion because these models are adept at handling complex hazard functions without the
challenge of needing to specify the parametric family of distributions that generated
the data. Choosing the right model is crucial, as extrapolated survival probabilities
can vary significantly depending on the model selected.

The FIC framework [8, 9, 19], which uses the Kaplan-Meier curve as a reference,
provides an objective mechanism for determining the appropriate number of knots
and quantifies the trade-off between bias and variance. This ensures that the selected
model not only outperforms alternatives but also aligns closely with the underlying
data. Although this additional step introduces some complexity, the trade-off is justi-
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fied by its potential to improve long-term extrapolations. Applying this framework to
flexible parametric survival models requires several decisions, including the selection
of the MSE variant and the methods used for its estimation. The original FIC/MSE
framework introduced by [8, 9] does not account for the inherent (small-sample) bias
of estimators. However, the updated framework proposed by [19] offers a more precise
bias estimate and ensures that variability is given adequate weight in the calculated
FIC/MSE. The updated procedure eliminates bias in maximum likelihood estima-
tors, which helps reduce the MSE of parameter estimates [27]. Such bias estimation
and correction are inherently “corrective” [28], yet these adjustments are typically not
applied to extrapolated survival models. Moreover, in the context of flexible paramet-
ric survival models, the bias in survival estimates is often small enough that additional
correction may have little practical impact.

Regardless of the chosen MSE/FIC approach, using jackknifing instead of boot-
strapping, and estimating the variance of the bias directly rather than through the
covariance of competing estimators, offers both numerical and practical advantages.

While the increased complexity of this method may pose challenges, integrating
the FIC/MSE framework into extrapolation-based HTA assessments enables re-
searchers to achieve a better balance between bias and variance, thereby improving
model selection and subsequent extrapolation.
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