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Perils of Randomized Controlled Trial Survival Extrapolation Assuming )
Treatment Effect Waning: Why the Distinction Between Marginal and [T

Conditional Estimates Matters
Angus C. Jennings, MSc, Mark J. Rutherford, PhD, Nicholas R. Latimer, PhD, Michael J. Sweeting, PhD, Paul C. Lambert, PhD

Objectives: A long-term, constant, protective treatment effect is a strong assumption when extrapolating survival beyond
clinical trial follow-up; hence, sensitivity to treatment effect waning is commonly assessed for economic evaluations.
Forcing a hazard ratio (HR) to 1 does not necessarily estimate loss of individual-level treatment effect accurately because
of HR selection bias. A simulation study was designed to explore the behavior of marginal HRs under a waning
conditional (individual-level) treatment effect and demonstrate bias in forcing a marginal HR to 1 when the estimand is
“survival difference with individual-level waning”.

Methods: Data were simulated under 4 parameter combinations (varying prognostic strength of heterogeneity and treatment
effect). Time-varying marginal HRs were estimated in scenarios where the true conditional HR attenuated to 1. Restricted
mean survival time differences, estimated having constrained the marginal HR to 1, were compared with true values to
assess bias induced by marginal constraints.

Results: Under loss of conditional treatment effect, the marginal HR took a value >1 because of covariate imbalances. Con-
straining this value to 1 lead to restricted mean survival time difference bias of up to 0.8 years (57% increase). Inflation of
effect size estimates also increased with the magnitude of initial protective treatment effect.

Conclusions: Important differences exist between survival extrapolations assuming marginal versus conditional treatment
effect waning. When a marginal HR is constrained to 1 to assess efficacy under individual-level treatment effect waning, the
survival benefits associated with the new treatment will be overestimated, and incremental cost-effectiveness ratios will be
underestimated.

Keywords: efficacy waning, hazard ratio noncollapsability, health technology assessment, survival extrapolation, treatment
effect waning.
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Care Excellence (NICE)? for HTAs in England. Because treatment
discontinuation due to stopping rules and loss of effectiveness

Extrapolation of a time-to-event treatment effect beyond
randomized controlled trial (RCT) follow-up is required to esti-
mate lifetime treatment benefits and is important for accurate
health technology assessment (HTA). Hazard ratio (HR) estimates
under randomization often assume proportional hazards (PHs)';
extrapolating survival based on this implies a constant reduction
in instantaneous event rate at all times to a lifetime horizon.

Treatment effect waning assumptions are implemented to es-
timate long-term treatment gains (eg, in quality-adjusted life-
years) assuming treatment effectiveness wanes over a given
period or to model the impacts of a treatment stopping rule.
Whether of direct interest or used to assess sensitivity to more
pessimistic outcomes with a paucity of long-term data, its
consideration is suggested by National Institute for Health and

happen at an individual level, analyses exploring these issues
imply the estimand, “time-to-event or survival difference under
individual-level efficacy waning.”

Waning assumptions are most commonly reported in
oncology® and multiple sclerosis’ HTAs. Further examples exist
across vaccination,® chronic illness,®” gene therapy,® cardiovas-
cular disease,” kidney disease,'°'? and skin conditions.*'* Their
use is often justified by an insufficiency of evidence to conclude a
maintained treatment effect into long-term follow-up or because
of the implementation of treatment-stopping rules. For many
clinical contexts, efficacy waning may not be relevant, eg, for a
curative therapy, or where long-term follow-up data may be suf-
ficient to conclude maintained efficacy. Discussion tends to focus
on the time point waning might be applied from and whether it

1098-3015/Copyright © 2024, International Society for Pharmacoeconomics and Outcomes Research, Inc. Published by Elsevier Inc. This is an open access article

under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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should be instantaneous or gradual, with discourse around co-
variate adjustment lacking.

In a time-to-event scenario, treatment effect waning is
commonly implemented by assuming a HR approaches 1 from a
specified time, often instantly or in predefined steps,'>° reflecting
NICE recommendations to explore scenarios assuming technology
does not provide further benefit after use, as well as more opti-
mistic outcomes eg, gradual diminution over time?.

The inherent selection bias in HRs with unmodeled frailty,
caused by consideration of only the at-risk population for cal-
culations (discussed by Hernan'’), complicates extrapolations.
Systematic post-randomization prognostic factor imbalances will
exist between survivors in different treatment groups, given that
a protective treatment effect will keep frailer individuals alive in
the experimental group compared with the placebo/comparator
group. Without adjustment, this will be reflected in hazard or HR
estimates and conditioning on prognostic factors will change the
value and interpretation of the HR.'® This is known as non-
collapsibility: a well-documented concept in causal literature
that is less commonly considered for survival extrapolation.
Because treatment effect waning happens at an individual level,
analyses exploring it should be based on conditional, rather than
marginal, HRs.

If individual-level treatment effects disappear completely,
having frailer individuals in the surviving treatment group means
the unadjusted (strictly speaking, marginal) HR will be >1. Con-
straining the marginal HR to 1 will not be equivalent to loss-of-
treatment effect within each participant. In a cost-effectiveness
setting, this means estimates of “survival difference under
individual-level treatment effect waning” can be less conservative
than intended, overstating long-term treatment effects and
underestimating incremental cost-effectiveness ratios (ICERs).
These issues are formalized below and explored through simula-
tion to demonstrate behavior of marginal HRs under true condi-
tional (individual-level) HR waning and the potential biases
induced by constraints.

Although, for simplicity, the following technical details and
proposed simulation study are described using survival termi-
nology, points made apply irrespective of the negative event (eg,
disease progression) modeled.

The marginal hazard rate at time t gives the population-level
instantaneous failure rate of those still at risk (ie, requiring sur-
vival time >t). Conditioning on covariates returns the hazard rate
for a subset of the population with given covariate values. The
latter is estimated through modeling or stratification. The former
can be obtained from an unadjusted analysis or using covariate-
adjusted marginal treatment effect estimators, covered by Mor-
ris et al.”®

A hazard rate may be conditional on some covariates and
hence marginal over all others (either measured/known or un-
measured/unknown). It will never be conditional on all predictors
of survival in a real-world context — for example, data on pre-
dictors such as full genome and entire dietary history are likely to
be impossible to include. This means that a conditional hazard
rate might not necessarily correspond to an individual participant,
but a subgroup. For simplicity, this is still referred to as an
individual-level hazard rate here.

In an RCT, hazards will be conditioned on treatment assign-
ment (X) for contrasts. Conditional versus marginal hazards in this

MARCH 2024
setting refer to conditioning on other prognostic covariates (Z), see
Eq. (1) versus (2), respectively.

Pt=T<t+ot|T=t, X=xZ=2)
ot

h(t\X:x,Z:z):altiT0 (1)

Pt=T<t+ot|T=t X=X)
ot

hn (X =x) = lim (2)

The condition on survival time T = t, as in Eq. (1) and (2), can
induce imbalanced comparisons for t > 0, even with perfect
randomisation at baseline. The overall “surviving” sample is
selected for healthier participants as the frailest, eg, oldest or with
more severe disease, die sooner. Assuming presence of a protec-
tive treatment effect reducing treatment-group mortality rates,
this will happen faster on the placebo arm than the treatment
arm. As such, the distribution of baseline prognostic factors in
treatment arm survivors for t > 0 becomes unhealthier than the
control group. This is referred to as HR selection bias."”

In these circumstances, marginal hazards or HRs over time would
reflect these systematic differences in post-baseline survivor prog-
nostic factor distributions. This leads to hazard and HR non-
collapsibility, whereby conditioning a hazard on any prognostic
factor changes the value and interpretation of HR, even if the factor is
unrelated to treatment assignment. This is introduced conceptually
here; refer to references'®?° for a complete discussion. Non-
collapsibility also holds for odds ratios but not for hazard differences
(assuming continuous time) or risk differences or ratios.’!

For illustration, consider a constant, conditional (individual-
level) treatment effect and a single frailty “score” for each
participant summarizing their overall hazard of death, excluding
treatment assignment (a combination of age, sex, disease severity,
etc.), with a lower score representing a lower risk of death. As time
progresses, the average score in survivors in the comparator group
will drop faster than in the treatment group, becoming less frail on
average; post-randomization comparisons will suffer from selec-
tion bias. Hazard rates stratified by treatment but marginal over
(eg, unadjusted for) this score will reflect this differential change
in frailty over time and marginal hazards will drop faster in the
control group than the treatment group. This induces non-PH
(proportional hazards) in the marginal HR, with the marginal HR
equal to the conditional HR at t = 0 but with the marginal treat-
ment effect attenuated (ie, HR closer to 1) for all t > 0, and leads to
HR noncollapsibility. If PH were assumed, the marginal HR esti-
mate would be closer to 1 than the conditional value; see
Appendix Figure 1 in Supplemental Materials found at https://doi.
org/10.1016/j.jval.2023.12.008. It is important to note the potential
for this behavior to be mistaken for treatment effect waning, even
under a time-invariant individual-level treatment effect.

For a simple, real-world example of this, consider the trial of le-
vamisole and fluorouracil (Lev+5FU) versus placebo in colon cancer
patients, reported by Laurie et al??> At baseline, mean ages were
balanced between treatment groups (59.5 vs 59.9 years). Lev+5FU
reduced the mortality rate and the surviving sample became selected
for healthier participants at different speeds in each treatment group:
8 years after randomization, the mean baseline age was 58.9 years in
the Lev+5FU group and 55.4 years in the placebo group.

In the context of treatment effect waning, diminution of a fully
conditional HR corresponds to the intervention losing effect at the
individual-level, across all covariate profiles. In this case, a marginal
HR may exceed 1 because of covariate imbalances between treatment
groups that occur over time, as previously discussed. Waning of a
marginal HR is a combination of changing conditional treatment
effect and prognostic factor distributions. In the presence of the
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expected distribution imbalances, this implies retention of some
individual-level treatment effect, offsetting distribution differ-
ences. Hence, constraining the marginal HR to 1 is not equivalent
to a scenario where there is no individual-level treatment benefit
after a specified time point, and such analyses do not directly
address the scenario recommended by NICE: that of no further
treatment benefit beyond treatment discontinuation. If, instead,
the intention behind treatment effect waning analyses is simply
to investigate the sensitivity of cost-effectiveness results to
scenarios where the treatment effect reduces by some substan-
tial, unspecified amount, constraining the marginal HR to 1 may
still be informative. However, for high-quality evidence-based
decision making, it seems reasonable to expect more accurate
and more precisely interpretable analyses. Exploring a scenario
where the individual-level treatment effect disappears at a
specified time point is much more precisely interpretable than a
scenario where the marginal HR is constrained to 1.

Effect modification of the conditional HR by a prognostic factor
could affect these arguments in various ways. The systematic
differences in selection effects between treatment groups may be
weakened, exacerbated, or potentially reversed entirely, depend-
ing on the type of effect modification present. The presence of
effect modification in RCTs complicate interpretation of estimates
far beyond implications for the work presented here; this is
covered in further detail in Discussion section.

It is possible to obtain marginal hazard rates from a model
incorporating covariates Z using regression standardization (co-
variate-adjusted marginal treatment effect estimation).! This is
important when conditioning is required but a marginal (popu-
lation-level) estimate is of interest. This estimate, Eq. (3), is an
average of the conditional hazards, weighted by the probability of

Time (years)

an individual with that covariate pattern still being at risk to
contribute to the marginal hazard. The equivalent estimator of
marginal survival probability is defined simply as the average of
conditional survival probabilities.

M=

N SEX =xZ=z)h(t]X =X,Z = z;)
A (61X =x) =

Il
—_

(3)

=

LNStX=x2Z =2)

1

Il
—_

A simulation study is proposed to describe behavior of marginal
HRs under conditional efficacy waning and to evaluate the impact
of forcing a marginal, instead of conditional, HR to 1.

This simulation study is presented using the Aims, Data-gener-
ating mechanisms, Estimands, Methods, Performance measures
(ADEMP) framework.>> Marginal herein refers to a HR conditioned
only on treatment assignment while conditional assumes all other
predictors of survival can be measured and are adjusted for.

Aim 1 is to demonstrate behavior of the marginal HR under
scenarios where the conditional HR wanes. Aim 2 is to describe
the bias in “RMST (restricted mean survival time) difference
under loss of individual-level treatment effect” induced by
forcing the marginal HR to 1. This reflects the case in which
treatment effect waning constraints, intending to evaluate loss of
individual-level effect, are applied to marginal (rather than
conditional) HRs.
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Time-varying modeled conditional and marginal hazard ratios for 4 scenarios, 40-year censored data, compared with the true
conditional HR used for simulation. Baseline knots evenly spaced between minimum and maximum event times and treatment effect
knots spaced evenly between minimum event time and year 6 (including a knot at 6 years) with no further knots included between 6
years and the upper boundary knot (maximum event time <40).
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PBO indicates placebo; TRT, treatment. True values are largely obscured by modeled conditional estimates.

1 000 000 (neps) participants were generated with a random
binomial (p = 0.5) treatment assignment (X = 0/1 for placebo/
treatment) and a random standard normal heterogeneity measure,
z,. From these covariate values, survival times were generated
(using techniques outlined in reference’*?) based on (1) an
exponential distribution (1 = 0.15), implying constant individual-
level baseline (placebo) hazard, (2) a constant, protective
treatment effect from O to 3 years, linearly approaching no-effect
(HR = 1) between 3 to 5 years, maintained for the rest of follow-
up, and (3) a multiplicative impact of heterogeneity on hazards:
h(t) = 2 HRx(t) exp(f,z,), in which HRx(t) = 1 Vt for placebo par-
ticipants and represents the protective effect and subsequent
waning structure for treatment participants. Two effect sizes were
used for the conditional HR pre-waning: HR 0.8 or 0.5 for weak and
strong treatment effects, respectively, and 2 levels of heterogeneity
were chosen: §, = 04 or 1.2 for weak and strong prognostic
strengths, respectively. This led to 4 scenarios for comparison. Refer
to Figure 1 for hazard and HR structures used (for mean value of z,,)
and Appendix Figure 2 in Supplemental Materials found at https://
doi.org/10.1016/j.jval.2023.12.008, showing the impact of hetero-
geneity. A single large sample (ngy, = 1) was utilized because the
aim was to demonstrate the bias associated with using a marginal
estimate to assess individual-level waning, rather than investigating
issues such as coverage or relative precision. Although not the most
common approach used in simulation studies, this aligns with
standards for assessing large-sample bias.>> Appendix Figure 3, in
Supplemental Materials found at https://doi.org/10.1016/j.jval.2

023.12.008, includes a justification of these heterogeneity effect
sizes using a real data set.”®

In practice, survival estimates beyond the RCT time period
would be based on extrapolations; however, the aim of this work
was not to demonstrate complexities with extrapolation tech-
niques but with the assumptions made for extrapolation.

The estimands for aim 1 were time-varying 40-
year conditional and marginal HRs under each scenario.

Log-hazard-scale FPMs (flexible parametric
models),?’ fitted to simulated data with all event times over 40
years censored, were used to estimate time-varying HRs. The 40-
year cutoff approximates a lifetime horizon given the selected
parameters. FPMs involve the use of natural cubic splines of
log-time to model baseline hazards and time-varying
treatment effects, here using 2 and 5 internal knots,
respectively, and allow flexibility in the modeling of hazard
structures. They were used here such that time-varying HRs
could be accurately modeled, permitting an accurate exposition
of the conditional and marginal HRs in simulated scenarios.
Knots were chosen to achieve the maximum flexibility that did
not show signs of overfitting. Because survival estimates (on
full data) are known to be robust to hazard knot
specification,?® this decision is not expected to have undue
influence on results.



Ridgeline plots of survivor z, distributions, mean value
identified, 40-year censored data.
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For aim 2, the estimand was the marginal
(restricted mean survival time difference [ARMST]: treatment —
placebo) under loss of individual-level treatment effect.

True marginal, treatment-specific RMST values
were calculated via numerical integration (between 0 and
40 years) of treatment-stratified Kaplan-Meier®® curves fitted to
each of the 4 scenario data sets.

To constrain marginal HRs to 1, marginal hazards in the
treatment group, estimated in aim 1, were replaced by hazards
estimated for the placebo group for all t > 5. Marginal RMSTs were
derived using bounded (0 to 40) numerical integration of survival
curves calculated numerically from the altered marginal hazards.

Bias in ARMST induced by mar-
ginal constraints under each scenario (“constrained marginal HR”
ARMST — true ARMST, where true ARMST was calculated under
simulated attenuation of the conditional treatment effect).
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All analyses were carried out in R Statistical Software (v4.1.2).%°
Data were simulated using simsurv’' and FPMs fitted using
survPen.*?

Figure 2 shows the 40-year true conditional and estimated
marginal and conditional HRs for the 4 parameter combinations.
The estimated marginal HR approaches 1 over the first 3 years,
despite constant conditional HRs, before increasing more rapidly
as the conditional treatment effect wears off. It takes a value >1
from around the point that the true conditional HR reaches unity.
After peaking, it then becomes closer to the conditional estimate
with increasing follow-up time. This reflects changes in both
conditional hazards and prognostic distributions. The amount by
which the marginal treatment effect is attenuated (or equivalently
the HR increases toward 1) from 0 to 3 years and the value the
marginal HR reaches following this point is highly dependent on
the initial conditional treatment effect size and prognostic
strength of z,,, with maximum value just over 1.2.

Figure 3 shows empirical distributions of z, values in surviving
participants from the strong treatment, strong prognostic effect
scenario. Over 0 to 3 years, the mean z, value of survivors in the
placebo group approaches healthier, more negative values faster
than in the treatment group, despite near perfect balance at
baseline. After 3 years, the rate at which the mean z, value in
treatment-group survivors approaches healthier values acceler-
ates, and by the 40-year time point mean values of z, are almost
identical between survivors in each treatment group.

Figure 4 shows the unconstrained marginal HRs versus those
that are constrained to 1 from 5 years for the 4 scenarios. When a
marginal HR is constrained to 1, the HR is reduced, removing the
expected marginal HR estimates exceeding 1 and constraining
marginal treatment-group hazards lower than their uncon-
strained values, see Figure 5.

Table 1 shows true versus constrained 40-year marginal RMST
estimates for the 4 scenarios.

For the strong treatment and strong prognostic effect case, the
true marginal ARMST was 1.4 years, whereas ARMST from the
constrained model was 2.2 years. This constitutes a 40-year
ARMST increase of 0.8 years (57%) due to artificial reduction in
treatment-group hazards. Bias increased with initial treatment
effect strength and prognostic strength of z,, with the smallest
ARMST bias observed in the weak treatment and weak prognostic
effect scenario.

For completeness, bias in ARMST was calculated after con-
straining fully conditional estimates, matching the mechanism
used for generating the data. As expected, this led to low bias
(<0.04 years under all scenarios). Because of the practical
impossibility of deriving an estimate conditioned on all prognostic
covariables these results are not included in Table 1.

In this simulation exercise, a marginal HR was shown to take a
value >1 from the point that a protective, individual-level treat-
ment effect disappeared. This can be attributed to systematic
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Time-varying non-constrained versus constrained marginal hazard ratios for 4 scenarios, 40-year censored data.
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Marginal 40-year placebo and treatment (A, treatment — placebo) restricted mean survival time truths and estimates for the 4
scenarios and increase in ARMST attributable to constraining the HR to 1, 40-year censored data.

Weak/Weak 7.1/7.7 (0.6) 7.1/7.8 (0.7) 0.1 (17)
Weak/Strong 9.5/10.0 (0.5) 9.5/10.2 (0.7) 0.2 (40)
Strong/Weak 7.1/8.8 (1.7) 7.1/9.0 (1.9) 0.2 (12)
Strong/Strong 9.5/10.9 (1.4) 9.5/11.7 (2.2) 0.8 (57)

ARMST indicates treatment RMST-placebo RMST; HR, hazard ratio; PBO, placebo; RMST, restricted mean survival time; TRT, treatment.

differences in prognostic factor distributions in surviving partici-
pants over time. Over the first 3 years of a protective conditional
treatment effect, survivors in the treatment group are selected for
healthier covariate patterns at a slower rate than in the placebo
group. Upon conditional treatment effect loss, the marginal haz-
ards in the treatment group are greater than in the placebo group
and the marginal HR is >1, reflecting the unhealthier covariate
patterns. This higher mortality rate in the treatment arm means
that, having diverged, the covariate distributions in survivors in
each treatment group become more similar with increasing
follow-up time and the marginal HR converges toward the
conditional HR. Over time, the rate of convergence in covariate
patterns slows; therefore, small differences and marginal HRs >1
can persist into long-term follow-up.

In real-life situations, data beyond trial follow-up will not be
available. Thus, assumptions are required for extrapolation. Aim-
ing to estimate the survival difference that would be observed
under individual-level treatment effect waning, analysts may
derive survival estimates from treatment-stratified (and otherwise
marginal) hazards that are forced to be equal from a specific time
point. However, this constitutes the artificial removal of post-
baseline differences in patient characteristics between treatment
arms that would cause, with true individual-level treatment effect
waning, the unconstrained marginal HR to surpass 1.

When marginal HRs were constrained to 1, with marginal
treatment-group hazards hence constrained to a value that was
lower than the true marginal treatment-group hazard given a loss
of individual-level treatment effect, survival difference (ARMST)
was inflated by between 0.1 and 0.8 years (or by between 12 and
57%). This implies that if the loss of individual-level treatment
effect is incorrectly modeled by setting a marginal HR to 1, the
long-term survival benefits associated with the new treatment
will be overestimated and ICERs will be underestimated,
sometimes substantially.

The range in ARMST bias observed was due to varying prog-
nostic strength of z, and treatment effect strength over years 0 to
3. Appendix Figure 3 in Supplemental Materials found at https://
doi.org/10.1016/j.jval.2023.12.008 indicates that the strong prog-
nostic effect case may be comparable with a disease with
reasonable separation in participant prognosis (ie, by age or dis-
ease stage). Diminished biases for weak prognostic effect cases
show that, with low prognostic strength in covariates over which
the HR is marginal, setting the marginal HR to 1 may closely es-
timate effects under loss of individual treatment. The scope for
bias associated with setting the marginal HR to 1 to approximate
an individual-level loss-of-treatment effect is larger when
strongly prognostic covariates exist. In practice, conditioning on
important prognostic factors before enforcing treatment effect

waning assumptions may more closely mimic the “weak prog-
nostic effect of heterogeneity case” presented here, and bias in
survival benefit estimates would be minimized.

We hence suggest that HRs used to model treatment effect
waning are conditioned on all possible prognostic factors and
conditional survival estimates under efficacy waning calculated.
The extent of adjustment possible will depend on clinical context,
participant burden, and data collected in trials, but often the most
important prognostic factors generating significant heterogeneity
between participants would be collected routinely, eg, age, sex,
disease severity, and factors used for randomization stratification.

As economic models used in HTA are used to inform
population-level decision making, marginal estimates are gener-
ally preferable. Hence, we propose the use of regression stan-
dardization, introduced previously, to derive survival estimates
stratified only by treatment. This conserves precision gains asso-
ciated with covariate adjustment and allows marginal estimates to
be used in the economic model. Full reporting of covariate
adjustment applied to HRs being waned is important such that
potential bias can be assessed.

Implementation of these recommendations ultimately falls on
those with access to individual participant data). The best way for
groups without individual participant data access to assess
individual-level treatment effect waning for HTA, beyond just
acknowledging the scope for bias, is not clear. A plausible way
might be to constrain a marginal HR to several values between 1
and 1.2 and assess impacts; however, because the true marginal
value is time-varying and highly dependent on many factors, this
is by no means ideal and would require further research to
confirm validity.

Our findings have important implications for HTA economic
modeling, irrespective of the structure of the economic model
implemented; whether in partitioned survival models or state-
transition or multistate models, if treatment effect waning is
modeled by setting marginal HRs to 1, bias will result. To assess
the potential impact of these findings, all NICE HTAs published
between June 2022 and June 2023 reporting waning were
considered. We reviewed summary guidance documents for each
appraisal and all available appraisal documents for the 5 most
recent appraisals.’>>” None made reference to covariate adjust-
ment in economic models in summary guidance documents. In 1
of the 5 recent appraisals, waning was applied to a HR calculated
using inverse probability of censoring weighting from an indirect
comparison, whereas the rest appeared to wane fully marginal
HRs.

Although survival and hence heterogeneity in life expectancy
have been referred to throughout, this work also applies more
widely to any efficacy waning applied to a HR. For an alternative
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negative event, such as disease progression, heterogeneity would
be redefined appropriately, eg, corresponding to between-patient
heterogeneity in risk of progression. In multiple sclerosis,
disability progression according to the Expanded Disability Status
Scale may be the event, and factors prognostic of progression
(from involvement of multiple systems to sex) would jointly
define heterogeneity. In these cases, failure to condition HRs on
sufficient prognostic factors before implementing treatment effect
waning would also lead to estimates far from the true time-to-
event (eg, progression) under loss of individual-level efficacy.

Our use of a simulation study with a large sample facilitates
clear exposition of differences between conditional and marginal
HRs and the impacts of applying constraints to marginal HRs
when treatment effect waning works on an individual level.
However, limitations are associated with this design. We consid-
ered a limited number of scenarios, and the biases reported are a
function of the choice of absolute hazards, the duration, magni-
tude, and waning structure of protective effects, the heterogeneity
modeled, and the way this was assumed to influence survival. For
each parameter, values were selected to approximate real-life
situations, with appropriateness of the prognostic strength of
heterogeneity used in simulations demonstrated; however, alter-
native values may be similarly valid, limiting generalizability of
these results to some extent. Utilizing a single sample of 1 million
observations departs from real-life approximation and means that
sampling effects could not be assessed. The increased variability in
bias observed in samples of a more moderate size is not clear.
Nonetheless, using a simulation study conferred advantages and
allowed us to achieve the primary objective of this article — to
demonstrate the potential for bias because of misspecification of
estimates when implementing treatment effect waning scenarios
to inform healthcare decision making.

An assumption in this simulation study is that of no treatment
effect modification of the conditional HR. With effect modifica-
tion, the selection effect and hence the amount by which the
marginal HR exceeds 1 under loss of individual-level treatment
effect could be exacerbated or attenuated (or potentially reversed,
with marginal HRs < 1), depending on which participants benefit
most from treatment. The existence of treatment effect modifi-
cation in RCTs introduces additional challenges to healthcare de-
cision making than the treatment effect waning scenarios focused
on in this article. However, even under treatment effect modifi-
cation, biases in estimates of “survival difference under individual
loss-of-treatment effect” are still highly likely if the marginal HR is
constrained to 1.

There are a variety of possible effect modification scenarios and
investigation of these is beyond the scope of this work. Addi-
tionally, the wider discussion on circumstances when covariate
adjustment is appropriate in RCT analyses and HTA, requiring
modeling choices for conditional relationships (eg, interactions
with continuous covariates or nonlinear effects), is beyond the
scope of this article. Thus, the discussion here was limited to how
to appropriately model individual-level treatment effect waning in
an RCT setting.

In summary, treatment effect waning can garner a great deal of
discussion in HTA. There is often little evidence as to whether
waning truly occurs across different disease areas, much less on
appropriate time periods for modeling. However, scenarios
including treatment effect waning are commonly considered in
HTAs, and a common approach used has been shown to induce
bias. In HTA, discussion primarily focuses on if, when, and how (ie,
instantaneously or gradually) treatment effect waning happens'®;
these are important points, but we highlight another issue related
to efficacy waning that has so far been overlooked.
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We reiterate that a fully conditional, individual-level HR for
constraint is not achievable in practice and that the bias induced
by anything less is impossible to quantify in a real-life scenario.
However, it is possible to minimize this bias through the adjust-
ment of HRs used in waning analyses. What actually constitutes a
real-life case where unadjusted scovariates are such that bias is
negligible is less clear, depending on clinical context and level of
heterogeneity in the patient population (and how much of this
can be modeled).

Important differences exist between extrapolations that as-
sume marginal versus conditional treatment effect waning. When
a marginal HR is constrained to 1 to assess efficacy under
individual-level treatment effect waning, the survival benefits
associated with the new treatment (assuming it prolongs life) will
be overestimated and ICERs will be underestimated. We propose
HRs are adjusted for all possible prognostic covariates before use
in treatment effect waning scenarios, with regression standardi-
zation used to return to marginal estimates for use within
economic models to inform healthcare decision making.
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