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Abstract
Background  The Dutch Committee for the Evaluation of Oncological Drugs evaluates the effectiveness of new 
oncological treatments. The committee compares survival endpoints to the so-called PASKWIL-2023 criteria for 
palliative treatments, which define if treatment effects are considered clinically relevant. A positive recommendation 
depends on whether the median overall survival (OS) is below or above 12 months in the comparator arm. If the 
former applies, an OS benefit of at least 12 weeks, and a hazard ratio (HR) smaller than 0.7 are required. If the latter 
applies, an OS or progression free survival (PFS) benefit of at least 16 weeks, and an HR smaller than 0.7 are required. 
Nonetheless, the median survival time may not be reached and the proportional hazards (PH) assumption, quantified 
by the HR, is likely violated for immuno-oncology (IO) therapies, deeming these criteria inappropriate.

Methods  We conducted a systematic literature review to identify statistical methods used to represent the clinical 
effectiveness of IO therapies based on trial data. We searched MEDLINE and EMBASE databases from inception to 
August 31, 2022, limited to English papers. Methodological studies, randomized controlled trials, and discussion 
papers recognising key issues of survival data analysis of IO therapies were eligible for inclusion.

Results  A total of 1,035 unique references were identified. After full paper screening, 17 publications were 
included in the review. Additionally, 43 papers were identified through ‘snowballing’. We conclude that the current 
PASKWIL-2023 criteria are methodologically incorrect under non-PH. In that case, single summary statistics fail 
to capture the treatment effect and any measure should be interpreted in combination with the Kaplan-Meier 
curves. We recommend ’parameter-free’ measures, such as the difference in restricted mean survival time, avoiding 
assumptions on the underlying survival.

Conclusions  The HR is commonly used to assess treatment effectiveness, without investigating the validity of the PH 
assumption. This happens with the application of the PASKWIL-2023 criteria for palliative oncology treatments, which 
can only be valid under a PH setting. Under non-PH, alternative treatment effect measures are suggested. We propose 
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Background
Over the past two decades, immuno-oncology (IO) 
has re-emerged as a promising approach to treat can-
cer, resulting in improved patient survival and quality 
of life [1]. The biological mechanism of action of novel 
IO agents, targeting the immune system to indirectly 
induce antitumor response, often poses unique statisti-
cal challenges in the determination of their effectiveness 
compared to conventional targeted therapies and/or che-
motherapies, aiming to directly destroy cancer cells. One 
of the challenges is related to the statistical analysis of 
survival endpoints, such as overall survival (OS) or pro-
gression-free survival (PFS). Usually, in randomized clini-
cal trials (RCTs) with survival endpoints, the ratio of the 
hazard functions of two different treatments is assumed 
to be constant over time. This assumption is commonly 
referred to as the proportional hazards (PH) assumption, 
and this constant ratio of the hazard functions is referred 
to as hazard ratio (HR). If this assumption is satisfied, 
this single HR is used to express the relative difference 
in survival benefit of two treatments. As a result of the 
IO mechanism of action, it is not uncommon to observe 
a delayed effect associated to IO therapies. This delayed 
effect is characterized by a late separation in the Kaplan-
Meier (KM) curves, often combined with a plateau in the 
tail of the survival curve (often referred to as “cure”). As 
a consequence, the PH assumption is likely to be violated 
for IO therapies [2–4], since assuming PH implies imme-
diate treatment effects (survival curves separate from the 
start) which are maintained over time in a constant fash-
ion (no waning in treatment effects and no plateau in the 
survival curves).

Despite being commonly assumed; evidence suggests 
that the PH assumption is often violated. The study by 
Rahmadian et al. 2020 showed that from a total of 94 
oncology clinical trials, the PH assumption was violated 
in 45 of them (48%); in particular, 9 out of 13 (69%) of the 
IO trials and 36 out of 81 (44%) of the non-IO trials [5]. 
Although the invalidity of the PH assumption seems to 
be more evident for IO therapies [6–10], it is noteworthy 
that many non-IO therapies do not comply with the PH 
assumption either [11–16]. In general, in the presence of 
a delayed separation of the survival curves or a survival 
plateau, a constant HR over time cannot be assumed. 
Estimating the HR in such cases may lead to biased and 
erroneous treatment effect estimates [17].

In the Netherlands, the Committee for the Evalua-
tion of Oncological Drugs (cieBOM) evaluates a new 

oncological drug after the results of a randomized and 
comparative study have been published as a full paper in 
a peer-reviewed journal and after it has been approved 
by the European Medicines Agency. The cieBOM com-
pares the endpoints of the study to the so-called PASK-
WIL-2023 criteria [18]. The name of the criteria is 
derived from the words Palliatief (palliative), Adjuvant, 
Specifieke bijwerkingen (specific side effects), Kwalit-
eit van leven (quality of life), Impact van behandeling 
(impact of treatment), and Level of evidence, which are 
mostly in Dutch language. According to the PASK-
WIL-2023 criteria for palliative oncology treatments, a 
positive recommendation regarding the effectiveness of 
a therapy depends on whether the median OS is below 
or above 12 months in the comparator arm. If the for-
mer applies, an OS benefit of at least 12 weeks, and an 
HR smaller than 0.7 are required. If the latter applies, 
an OS or PFS benefit of at least 16 weeks, and an HR 
smaller than 0.7 are required. Note that the thresholds 
applied reflect a minimum clinically relevant difference 
[18]. Whether the OS or PFS benefit is assessed depends 
on the primary endpoint of the randomized clinical trial 
[19]. A negative recommendation means the drug is not 
meeting the state-of-the-art in science and practice and 
will, therefore, not be included in the Dutch basic health 
insurance package (this package covers almost all medi-
cal care, e.g., general practitioners, specialists, hospital 
treatment and admission, devices, diagnostics, and most 
medical prescriptions). As explained above, assessing 
the effectiveness of IO therapies based on a single HR 
can be problematic in some cases. In addition to this, in 
some clinical studies the median survival time may not 
be reached and even if it is observed, it may not capture 
a delayed separation of survival curves or long-term sur-
vival benefits. Therefore, assessing the effectiveness of a 
new therapy based on the difference in median survival 
time can also be problematic. All these suggest that the 
current PASKWIL-2023 criteria may be inappropriate 
for determining the effectiveness and added value of IO 
therapies. To address the statistical challenges in measur-
ing the relative effectiveness of IO therapies, alternative 
endpoints and statistical methods have been developed 
[4], including milestone analysis, restricted mean survival 
time, the weighted log-rank or weighted Kaplan-Meier 
tests.

This paper explores how the PASKWIL-2023 criteria 
to assess effectiveness of oncology treatments could be 
revised to accommodate the special characteristics of IO 

a step-by-step approach supporting the choice of the most appropriate methods to quantify treatment effectiveness 
that can be used to redefine the PASKWIL-2023 criteria, or similar criteria in other clinical areas.
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therapies. A systematic literature review (SLR) was con-
ducted for within-trial statistical analysis methods (as 
opposed to extrapolation-based methods that are often 
employed in health technology assessments). The review 
aimed to identify alternative statistical methods used to 
represent the effectiveness of IO therapies (e.g., with a 
delayed treatment effect) considering trial data. The most 
relevant statistical methods identified in the SLR are 
described separately. Finally, potential alternatives to the 
current PASKWIL-2023 criteria are proposed.

Methods
We conducted a systematic review aiming to identify 
alternative statistical methods used to represent the clini-
cal effectiveness of IO therapies based on trial data.

Data sources
We searched MEDLINE and EMBASE databases. The 
reference lists from the included full manuscripts were 
also searched. The search terms were: ‘immunotherapy’/
exp AND ‘cancer’/exp OR ‘neoplasms’/exp OR ‘cancer 
immunotherapy’/exp OR ‘immuno oncology’/exp AND 
‘survival analysis’/exp OR ‘survival benefit’ OR ‘nonpro-
portional hazards’ AND ‘methodology’/exp OR ‘meth-
ods’/exp, where /exp stands for “explode” and it is used 
to retrieve any subcategory terms included in the Medi-
cal Subject Headings (MeSH) terms. The database search 
was performed from inception to August 31, 2022, with 
papers only published in English. Additional papers were 
found through ‘snowballing’, by reviewing the reference 
list of the relevant primary studies identified through the 
database searches [20].

Inclusion criteria
Studies presenting statistical methods to estimate the 
clinical effectiveness of IO therapies were eligible for 
inclusion. Randomized controlled trials, and discus-
sion papers, that recognised key issues with analysis of 
survival data of IO therapies and addressed these issues 
using alternative statistical options were also considered.

Data extraction
Two investigators (VQ and ICR) independently screened 
abstracts and identified articles using the predefined 
inclusion criteria. VQ, ICR and MA read the full manu-
scripts of the included studies. Disagreements in the 
included studies were resolved by consensus. ICR and 
VQ independently extracted the data using a standard-
ized data extraction form (Additional file 1). Disagree-
ments in the extracted data were again resolved by 
consensus.

We extracted data on the following: methods dis-
cussed, measure of effect size presented (Yes/No), HR-
based methods (Yes/No), KM-based methods (Yes/No), 

methods of extrapolations (Yes/No), comparison of treat-
ment effect methods (Yes/No).

Results
Overview of included studies
Our searches identified a total of 1,035 unique references. 
After initial screening of titles and abstracts, 38 refer-
ences were considered to be potentially relevant. After 
full paper screening, 17 publications were included in the 
review [5, 21–36]. Additionally, 56 papers were identified 
through ‘snowballing’. From these, 43 publications were 
included in the final review [2–4, 17, 37–75]. Figure  1 
provides a flowchart of the review process. This figure 
was adapted from the Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses 2020 flow diagram 
[76], and was created using the PRISMA2020 flow dia-
gram R package [77]. The full extraction table can be seen 
in Additional file 1.

Statistical approaches
The included papers mostly covered three different sta-
tistical approaches: weighted log rank testing, testing 
based on Kaplan-Meier curves, and parametric extrapo-
lation. The first two approaches concern testing statisti-
cally the difference between two sets of survival data, and 
in general they do not quantify a treatment effect. Based 
on the weighted log-rank test, the so-called average or 
weighted hazard ratio is often proposed to estimate treat-
ment effect, whereas the difference (or ratio) in restricted 
mean survival time (RMST) is frequently used when KM 
methods are employed. Parametric extrapolation does 
not address statistical hypothesis testing but as explained 
below, can be used to overcome some statistical issues 
associated with the analysis of IO therapies data. These 
three approaches together with piece-wise HRs and 
milestone analysis are first discussed separately. Table  1 
presents an overview of the most frequently reported 
measures of treatment effects, with some of their advan-
tages and disadvantages. This section ends with a brief 
discussion of studies that present results comparing 
alternative methods to the common HR using patient-
level data or simulated datasets.

Weighted log rank test and average hazard ratio
A substantial subset of the papers included in our 
review present variations of the log rank test (LRT), 
which is often used to test the hypothesis that two sur-
vival curves are the same. The LRT has optimal power 
when the PH assumption applies and the treatment 
effect is usually expressed by an HR, which can be esti-
mated using the Cox regression model. However, for 
IO-therapies the PH assumption often does not hold, 
as survival curves for intervention and comparator may 
separate only after a certain time lag t (i.e., until t the 
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HR is 1, whereas thereafter the HR is either smaller or 
larger than 1). To deal with such situations, a weighted 
log rank test (WLRT) is suggested. In general, the pur-
pose of the weights is to emphasize a certain part of 
the survival curve, whilst the standard LRT gives equal 
weight to all parts. Different WLRTs can be found in the 
literature, depending on the assumptions made to define 
the weights, which vary in complexity. A summary of 
the most frequently reported WRLT approaches can be 
found in Additional file 2.

The papers presenting WLRTs mostly focused on 
hypothesis testing and trial design and not on quanti-
fying treatment effect. Yu et al. 2021 discussed how the 
weights derived for the WLRT can also be used to esti-
mate an average HR (AHR), providing an estimate of 
overall treatment effect [36]. In principle, every differ-
ent set of weights may result in a different estimate of 
the AHR. The idea of estimating an AHR when the PH 
assumption is not valid was already proposed by Kalb-
fleisch and Prentice back in 1981 [78], and further elab-
orated by Struthers and Kalbfleisch 1986 [69]. Rauch et 
al. 2018 provided a thorough overview on how an AHR 
can be derived [79]. They explored two approaches, one 
based on Kalbfleisch and Prentice 1981 and the other 
based on Schemper et al. 2009 [78, 80]. The paper pro-
vides the results of a simulation study exploring the 
estimated treatment effect comparing the standard Cox 
regression-based HR and several variations of the AHR. 

The R packages coxphw and AHR were used to estimate 
the AHR. The package coxphw implements the ideas of 
Schemper [81], and the package AHR implements the 
ideas of Kalbfleisch and Prentice; however, AHR has been 
removed from the CRAN repository [82]. A time-varying 
HR to quantify treatment effect (based on time depen-
dent Cox model) was proposed in Lin and León 2017 
[64], who also compared their method against a short- 
and long-term hazard ratios model previously developed 
by Yang and Prentice [60, 72]. Therneau et al. 2023 and 
Zhang et al. 2018 explained the implementation of time-
dependent Cox regression models in R [83, 84].

Weighted differences in Kaplan-Meier curves and 
restricted mean survival
An alternative approach to test the hypothesis that two 
survival curves are the same is based on the weighted dif-
ference in Kaplan-Meier (WKM) estimates. Unlike the 
WLRT, this method does not rely on assumptions about 
the analytical form of the hazard functions. Different 
WKM statistics can be found in the literature with vary-
ing complexity. Details can be found in Additional file 3.

The most popular approach is based on the RMST. The 
RMST is defined as the mean survival time truncated at 
τ > 0 and, therefore, it is simply the area under the sur-
vival curve S(t) from 0 to τ. The difference (or ratio) in 
RMST is often used to estimate the added benefit of a 
treatment as an alternative to the HR or the difference in 

Fig. 1  Flow of papers through the review process
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median survival time (especially when the median sur-
vival time is not observed). When estimating the RMST, 
the cut-off point τ needs to be specified before data anal-
ysis to avoid bias. A fixed time point of specific clinical 
relevance can be used to define τ (e.g., x years), whereas 
Huang and Kuan 2018 suggest using either (1) the mini-
mum of the largest observed event time of each treat-
ment group, or (2) the minimum of the largest observed 
time (event or censoring) of each treatment group [59]. 
The R package survRM2 provides different options to 
estimate the RMST [85].

The concept of the RMST was generalized to the area 
between two survival curves (ABS) and the restricted 
survival benefit (RSB) [39, 75]. The ABS is the accumu-
lated absolute difference in treatment effects from time 
0 to the end of follow-up. Thus, whilst the difference in 
RMST represents a relative difference in effects, ABS 
describes the absolute difference. When survival curves 
do not cross, ABS is equal to the difference of the two 
RMST. The RSB is the expected value of a function of the 
survival times under different treatments, including the 
difference in RMST, but can also be the restricted chance 
of a longer survival. These measures do not require the 

Table 1  Comparison of most frequently reported measures of treatment effects
Current PASKWIL-2023 criteria Most common alternatives from literature
Single HR Median survival* Weighted HR RMST** MST based on 

parametric 
modelling

Milestone analysis Piecewise 
HR’s

Assess-
ment of 
treatment 
effect

HR. Incremental me-
dian PFS/OS.

Weighted 
(average) HR.

PFS/OS difference 
(area below KM 
curves).

PFS/OS difference 
(area below para-
metric curves).

Survival prob. at 
time τ > 0.

Set of HR’s 
applied to 
differ-
ent time 
intervals.

Underlying 
statistical 
approach

Log-rank test 
(PH).

None. Weighted 
LRT (varying 
weights).

Weighted KM tests 
(“parameter-free”).

Assumptions about 
survival shape.

None. Piecewise 
PH.

Minimal 
clinically 
relevant 
difference

HR < 0.70. Difference > 12 or 
16 weeks.

To be 
established.

To be established. To be established. To be established. To be 
established.

Pros of 
method

Commonly 
used.
Easy to 
estimate.
Valid under PH.

Commonly used.
Captures quick 
effects.
Clinically 
meaningful.
Assumption-free.
Inference proce-
dure for difference 
(ratio).

Valid under 
non-PH.
Can accommo-
date different 
survival shapes 
(delayed effect, 
crossing haz-
ards or long-
term plateau).

Valid under non-PH.
Clinically meaningful.
Utilizes the whole 
shape of the KM 
curve.
Assumption-free.

Predicts unobserved 
long-term benefits.
Can accommodate 
different sur-
vival shapes (also 
non-PH).
Well-established 
methods (in health 
economics).

Valid under non-PH.
Easy to read of 
survival curve.
Easy to interpret.
Inference procedure 
for the difference.
Assumption-free.

Easy to 
interpret.
Can 
accom-
modate 
different 
survival 
shapes.
Valid under 
non-PH.

Cons of 
method

Biased and 
difficult to 
interpret under 
non-PH.
May require 
large study 
(HR depends 
on number 
of observed 
events).
May focus on 
higher-risk 
population 
(many ob-
served events 
needed).

Not always 
observed.
Does not capture 
long-term 
benefits.
Only reflects 
cumulative infor-
mation at fixed 
(median) time.
Does not reflect 
differences in pro-
files of the survival 
curves.

Same as HR.
Results depend 
on chosen time 
(e.g., last HR).
Subject to 
selection bias.

Results depend on 
chosen time.
May be difficult to 
interpret.
May focus on healthy 
population with low 
event rates.
Rarely reported.

Needs assumptions 
about type of ex-
trapolation (not only 
observed data).
May introduce 
uncertainty.
Not frequently used 
to assess clinical 
effectiveness.

Depends on mile-
stone time.
Imprecise if applied 
too early or too late.
Only reflects cumu-
lative information at 
fixed time.
Does not reflect dif-
ferences in profiles 
of the survival 
curves.

Same as 
HR and 
weighted 
HR.

Abbreviations Diff. = difference; HR = hazard ratio; KM = Kaplan-Meier; LRT = log-rank test; MST = mean survival time; OS = overall survival; PFS = progression-free 
survival; PH = proportional hazards; Prob. = probability; RMST = restricted mean survival time
* Can be generalised to any quantile/percentile. The median is one case. It can also be applied to other endpoints, even though OS/PFS are the most used
** Can be generalised to other measures based on KM curves, such as the restricted survival benefit or the area between two survival curves
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PH assumption to hold and may thus be more meaning-
ful than the HR in assessing the treatment efficacy for IO 
therapies. R code is available to estimate the ABS [39], 
whereas this does not seem to be the case for the RSB.

Parametric extrapolation
Parametric extrapolation of observed KM curves is often 
used to estimate survival beyond the observation period 
(usually over patients’ lifetime). This is commonly used 
in health economic modelling, but less often in deci-
sion making about clinical effectiveness. Parametric 
extrapolation can potentially overcome the issues pre-
viously identified with IO therapies, since the methods 
described above can also be applied to extrapolated para-
metric survival curves. For example, parametric survival 
curves allow estimation of the HR (and validation of the 
PH assumption) or the RMST. An example of the latter 
is given in Royston and Parmar 2013, where the RMST 
is estimated assuming that the survival time follows a 
piecewise exponential distribution [45]. Also, given that 
extrapolations are used for a lifetime time horizon, the 
mean survival can be estimated, which is usually not 
possible with KM curves. However, parametric extrapo-
lations entail uncertainty as it may be unclear what type 
of parametric curve fits better to the observed data, but 
more importantly, due to the immaturity of the observed 
data (e.g., OS data), it is in general unknown how these 
curves look like in the long-term.

Despite the usually wide range of shapes that are rep-
resented by standard parametric survival functions (e.g., 
exponential, Weibull, or generalised Gamma), a good fit 
to observed data is not guaranteed. In those situations, 
the so-called parametric spline models (polynomial func-
tions with knots representing the point where pieces 
connect) might prove a better fit [43]. When a plateau 
appears in the survival curve, the so-called cure models 
can be used to improve the fit of the parametric curve 
and the validity of the extrapolated values. Five addi-
tional papers included in our review addressed the issue 
of estimating long-term effects of IO treatments [21, 22, 
28, 37, 41]. Overall, these papers conclude that more 
complex survival models, such as mixture cure or spline-
based models, seem to provide a better estimate of long-
term survival associated to IO, compared to standard 
approaches. Additional details are provided in Additional 
file 4. R offers many resources related to parametric sur-
vival modelling such as the packages survival or flexsurv 
[86, 87].

Other methods
An alternative approach is the so-called milestone anal-
ysis [23]. Even though it can be argued that milestone 
analysis could be included in the procedures based on 
the (weighted) difference of KM curves presented above, 

it has received sufficient attention in the literature to be 
discussed separately [4, 23, 53, 56, 63, 88]. The test sta-
tistic for a milestone analysis at time τ > 0 can be simply 
defined as the difference in survival probabilities (as esti-
mated by KM curves) at time τ. An overview of the meth-
ods used to analyse survival data at fixed time points is 
provided in Klein at al. 2007 [89]. As it happened with 
the WKM methods described above, the milestone time 
τ at which the survival of the two groups is compared has 
to be chosen in advance. For details on how to properly 
select the milestone time, we refer to the section above. 
Note that some papers erroneously refer to milestone 
analysis as landmark analysis. A landmark analysis, how-
ever, is used for comparing survival between sub-groups 
of patients defined by response status [90]. Landmark 
analysis results in an unbiased estimate of survival proba-
bilities conditional on sub-group membership of patients 
at a pre-specified time, the landmark time. Survival esti-
mates from that time point are calculated conditional on 
patients’ landmark responses. Therefore, patients who 
died before the landmark time, are excluded from the 
subsequent analysis.

Another approach sometimes mentioned is the estima-
tion of so-called piecewise constant HRs. For example, 
in the paper by He et al. 2013 an approach is discussed 
where the point at which the HR changes is detected 
from the data [58]. Strictly speaking, the methods dis-
cussed as weighted log rank testing also assume piece-
wise constant HRs, as they assume that during the 
delayed treatment effect the HR = 1, and after that time 
the HR ≠ 0. However, it has been pointed out that even 
in an RCT setting these piecewise HRs cannot be given 
a causal interpretation, since selection bias will occur in 
the estimation of the second (or later) HR due to condi-
tioning on a post-treatment variable (i.e., being alive at 
the switch point) which is affected by treatment [88, 91]. 
Snapinn et al. 2022 introduced the concept of generalised 
hazard difference (GHD) as an alternative measure of 
treatment effect [57]. The GHD integrates the difference 
in milestone time survival and the difference in RMST 
into one single measure.

Comparisons of methods
Sixteen of the included papers compare the HR and one 
or more alternative measures of effectiveness in real and 
simulated datasets. Table 2 provides an overview of these 
16 studies, and shows which methods were compared, 
whether real RCT or simulated datasets were used, the 
number of RCTs and simulated datasets on which the 
methods were tested, and the characteristics of the sim-
ulated data sets. A summary of the findings of each of 
these studies can be found in Additional file 5.

For some of the comparison studies it was possible to 
draw some conclusions; in these studies, it was found 
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that the direction of the effect was consistent between 
the estimated HR and the estimated RMST, as was the 
statistical significance. In other words, if an HR indicated 
that a new treatment improved survival, the same was 
observed based on the RMST and if an HR was statisti-
cally significant different from 1, the RMST was statisti-
cally significant different from 0.

However, in other comparison studies, the results were 
more diffuse, suggesting that no single measure will be 
preferred under non-PH.

An alternative to the PASKWIL-2023 criteria
Based on this review, we conclude that the current PASK-
WIL-2023 criteria are likely to be too simplistic and/or 
methodologically incorrect under non-PH. We propose 

a step-by-step approach more in line with the procedure 
described in Roychoudhury et al. 2021 [56]. The steps are 
summarised in Table 3.

The suggested approach starts with a visual assessment 
of the KM curves. Overlapping curves would suggest 
no additional treatment effect. If the median OS/PFS is 
not reached, the first PASKWIL-2023 criterion (i.e., OS/
PFS gain of at least 12 or 16 weeks) cannot be applied. 
When curves separate early, it might be an indication 
of PH. A delayed separation, crossing curves or a long-
term plateau would suggest non-PH, and then the second 
PASKWIL-2023 criterion (i.e., an HR smaller than 0.7) 
will most likely be invalid. The type of non-PH needs to 
be assessed based on the KM curves and/or prior clinical 
experience. Following the visual assessment of the KM 

Table 2  Measures of treatment effects included in comparison/simulation studies
Author HR WHR/AHR Median Diff. 

RMST
Milestone Other effective-

ness measures
Ap-
plied 
to # 
RCTs

Number 
simulated 
datasets

Characteristics
simulated datasets

Connock et al. 2019 [1] √ - - √ - EMST 11 - -
Huang et al. 2022 [2] √ - √ √ - ABS 3 - -
Huang and Kuan 
2018 [3]

√ - - √ - - - 12 PH, late separation, crossing 
hazards.

Jiménez 2022 [4] √ √ - √ - - - 3 Delayed effect, crossing 
hazards, decreasing effect.

Lin and León 2017 [5] √ √ - - - Piecewise HR - 30 Delayed treatment effect, 
reduced long-term treatment 
effect due to discontinuation.

Lin et al. 2020 [6] √ √ - √ - Piecewise HR 2 9 No effect, delayed effect, 
diminishing effect, crossing 
hazards, delayed effect with 
converging tails.

Pak et al. 2017 [7] √ - √ √ - - 1 - -
Rauch et al. 2018 [8] √ √ - - - - 1 5 PH, increasing and decreas-

ing HR.
Roychoudhury et al. 
2021 [9]

√ √ - √ - Percentage net 
benefit

3 - -

Royston and Parmar 
2011 [10]

√ - - √ - - 3 - -

Royston and Parmar 
2013 [11]

√ - - √ - - 4 - -

Snapinn et al. 2022 
[12]

- - - √ √ GHD - 1 Delayed effect.

Trinquart et al. 2016 
[13]

√ - - √ Ratio RMST 54 - -

Uno et al. 2014 [14] √ - - √ √ Percentile survival 3 - -
Uno et al. 2015 [15] √ - - √ √ Percentile survival - - -
Zhang et al. 2021 [16] - - - √ - Restricted prob. 

longer survival, 
restricted prob. 
longer survival 
by %, restricted 
net prob. longer 
survival

1 4 No effect, constant, early, and 
delayed effect.

Abbreviations ABS = area between survival curves; AHR = average hazard ratio; Diff. = difference; EMST = expected mean survival time; GHD = generalised hazard 
difference; HR = hazard ratio; PH = proportional hazards; Prob. = probability; RCT = randomised clinical trial; RMST = restricted mean survival time; WHR = weighted 
hazard ratio
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curves, the PH assumption should be evaluated in more 
detail by a log-log cumulative hazard plot or a Schoen-
feld residuals plot before quantifying the treatment 
effect. If the PH assumption seems plausible, the second 
PASKWIL-2023 criterion can be considered appropriate. 
However, if there is clear evidence that the PH assump-
tion is violated, the current HR criterion is incorrect. In 
this case, any single summary statistic will fail to capture 
the overall (time-varying) treatment effect. This is espe-
cially true for measures based on a single point on the 
survival curve such as the median survival time or mile-
stone time survival rate, but also for summary measures 
based on interval time, such as a weighted HR, a RMST, 
or a generalized hazard ratio. Instead, a set of measures 
should be considered, in conjunction with the Kaplan-
Meier curves. The choice of these preferred treatment 
effect measure should be properly justified and guided by 
the outcomes obtained in previous steps. In general, we 
would suggest ‘parameter-free’ measures, such as the dif-
ference in RMST, or the difference in milestone survival 
at time τ > 0, because these do not require assumptions 
about the underlying survival mechanism. Scenarios 
where survival curves cross should be assessed with extra 
caution. Alternative not ‘parameter-free’ measures that 
could also be used are the average HR, the weighted HR, 
or the piecewise HR. To conform to best practices in sta-
tistics, these criteria should not be based on point esti-
mates only, as this would ignore the uncertainty around 

such estimates. Confidence intervals should be included 
in the criteria as well. Finally, it worths mentioning that 
the suggested step-by-step approach cannot (yet) replace 
the current PASKWIL criteria, as it does not set any 
cut-off points in the criteria that can be applied under 
non-PH setting. Such cut-off points should be based on 
clinically meaningful differences, which need to be deter-
mined by the committee cieBOM in consultation with 
clinical experts in IO.

Discussion
This paper explored whether the current PASKWIL-2023 
criteria used in the Netherlands to assess treatment effec-
tiveness for palliative oncology treatments are appropri-
ate in the context of new IO therapies. To this end, we 
conducted an SLR as described in Sect.  2 of this paper. 
Our review retrieved 60 papers.

Various papers were identified highlighting the invalid-
ity of the PH assumption in studies involving IO thera-
pies [3, 5, 26, 31, 32, 34–37, 49, 50, 54, 56, 59, 67, 71, 73]. 
This is the case when for example survival curves show 
a delayed separation or when they cross. In these situa-
tions, the standard LRT, commonly used to test for a dif-
ference in treatment effect, is not efficient, and therefore, 
the HR under PH will not capture the treatment benefits 
appropriately. Studies discussing issues related to non-
PH go back to the 1980’s and 1990’s; thus, even before the 
use of IO therapies [42, 52, 62, 69, 78]. Despite this, the 

Table 3  Step-by-step approach to derive alternative PASKWIL-2023 criteria
Step 1 – Visual assessment of the KM curves
1 A Assess whether KM curves overlap (no effect) or deviate (possible effect). If the latter occurs, assess whether (1) curves separate early 

(might indicate PH) or not, (2) there is a delayed separation, (3) curves cross or (4) there is a long-term plateau.
1B If the median OS/PFS is not reached, the first PASKWIL-2023 criterion (i.e., OS/PFS gain of at least 12 or 16 weeks) is not possible to assess.
1 C If non-PH is suspected, the second PASKWIL criterion (i.e., an HR smaller than 0.7) will most likely be invalid.

If non-PH is assumed, assess the type of non-PH that is to be expected (e.g., delayed effects, crossing hazards, long-term survival, etc.). 
This could be based on the KM curves and/or prior clinical experience.

Step 2 – Formal testing of PH assumption (nice to have)
2 A Test the PH assumption, e.g., log-log cumulative hazard plot or Schoenfeld residuals plot.
Step 3 – Quantify treatment effect
3 A If the PH assumption seems plausible, the current PASKWIL-2023 criteria (the HR – from Cox regression – or the difference in median 

survival) can be used as treatment effect measures.
3B If there is strong evidence to assume that the PH assumption is violated, any single summary statistic will fail to capture the overall 

(time-varying) treatment effect. In this case, it is important to interpret any treatment effect measure in conjunction with what is 
observed in the KM curves. Ideally, the choice of the preferred treatment effect measures should be properly justified and guided by the 
outcomes obtained in the previous steps.

3 C We would recommend ‘parameter-free’ measures such as the difference or ratio in RMST*, or the difference in milestone survival at time 
τ > 0, because these do not make any assumption about the underlying mechanism of survival**.

3D Alternative measures that are not ‘parameter-free’ that could also be used are for example the average HR or weighted HR.
3E Any treatment effect measure should be reported with their corresponding measure of uncertainty (e.g., confidence intervals).
Abbreviations HR = hazard ratio; KM = Kaplan-Meier; OS = overall survival; PFS = progression-free survival; PH = proportional hazards; RMST = restricted mean survival 
time
*Scenarios where survival curves cross should be assessed with caution, paying extra attention to other factors such as the treatment effect before and after 
crossing, the timing of crossing and what measures are more appropriate to capture the overall benefit. The latter point could be assessed for example with more 
general version of the RMST (such as the area between two survival curves or the restricted survival benefit)
**Careful consideration must be given to the choice of time τ > 0, which should be pre-specified in advance. It could be defined as the minimum of the maximum 
observed survival in intervention and control arms, but other choices are also possible
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HR is still commonly used to assess treatment effective-
ness, without paying sufficient attention to the validity 
of the PH assumption. This happens for example in the 
Netherlands with the application of the PASKWIL-2023 
criteria, based on which a positive recommendation on 
the effectiveness of a new oncology palliative therapy 
requires a gain in (median) OS or PFS of at least 12 or 
16 weeks, or an HR smaller than 0.7 [10]. However, these 
criteria seem to be applied regardless the validity of the 
PH assumption.

When the PH does not hold, scientific literature sug-
gests other measures of treatment effectiveness instead 
of the HR. The performance of those measures has 
been studied extensively, with advantages and disad-
vantages been widely discussed. Although there is no 
unanimous consensus regarding the most appropriate 
treatment effectiveness measure under non-PH, a sub-
stantial number of papers found in our review seem to 
discourage the use of the HR, even under a PH assump-
tion [17, 47, 53, 54, 56, 63, 88]. Bartlett et al. 2020 rec-
ommended contrasts of survival probabilities at specified 
times (milestone analysis), contrasts of specified quan-
tiles (e.g., median survival), or differences/ratios of 
RMST [88]. In the same line, Hellmann et al. 2016 pro-
posed the increased use of survival estimates at specific 
milestones [63], and Uno and colleagues supported the 
use of ”parameter-free” measures such as the RMST or 
the difference in median survival [17, 47]. Freidlin and 
Korn 2019 on the other hand, acknowledged that trying 
to estimate the treatment effect using a single measure 
of benefit is challenging, and concluded that more con-
vincing evidence is needed before abandoning the LRT 
(and thus the HR under PH) as primary analyses in RCTs 
[92]. Other papers suggest that it is unlikely that a single 
effect measure can adequately capture the overall benefit 
of the treatment, given the potential complexity related 
to treatment effect changes over time [54, 56]. Based on 
the above, we concluded that the current PASKWIL-2023 
approach is invalid under non-PH. We proposed a step-
by-step procedure as described in Sect.  3.3, which is in 
line with the approach suggested in Roychoudhury et al. 
2021 [56].

The underlying aim of our review was to identify stud-
ies presenting alternative statistical methods that can be 
used to assess the effectiveness of IO treatments whilst 
accounting for the special characteristics in the survival 
data of such treatments, including a potential long-term 
plateau or a delayed separation of the survival curves. 
Although new therapies in other disease areas may also 
encounter similar statistical challenges in showing a clini-
cal benefit, our review focused on IO therapies because 
such cancer therapies are more prone to present sur-
vival data deviating from conventional survival analy-
ses patterns [5]. Examples of these non-conventional 

survival patterns, including crossing survival curves, 
have been observed for example in pembrolizumab [6, 
9], nivolumab [7, 10], or atezolizumab studies [8]. The 
European Society for Medical Oncology (ESMO) and 
the American Society of Clinical Oncology (ASCO) rec-
ognised the common challenges related to the measure-
ment of the clinical benefit of IO therapies, and revised 
accordingly their frameworks that were developed to 
assess the magnitude of the clinical benefit of new and 
effective cancer therapies [93, 94]. Specifically, the ESMO 
Magnitude of Clinical Benefit Scale (ESMO-MCBS) tool 
suggested an upward adjustment in the scoring system 
of the treatment if there is a long-term plateau in the 
survival curve, and the OS advantage continues to be 
observed at 5 years (or 7 years for diseases with median 
survival > 24 months) [93]. The ASCO Framework for 
Assessing Value in Cancer Care awarded bonus points to 
the new treatment if there is a ≥ 50% improvement in the 
proportion of patients alive with the test regimen at the 
time point that is twice as high as the median OS or PFS 
of the comparator treatment (assuming > 20% surviving 
with standard care) [94].

Since our main interest was in IO therapies, our litera-
ture search used IO-related terms (i.e. immunotherapy’ 
AND ‘cancer’ OR ‘neoplasms’ OR ‘cancer immunother-
apy’ OR ‘immuno oncology’). Because of this, a substan-
tial number of general mathematical/statistical papers 
dealing with non-PH situations were not captured in the 
initial search process and were found through “snowball-
ing” [2–4, 17, 37–75]. Some of these papers were deemed 
fundamental and made us acknowledge that our search 
terms may have not been optimal; however, our intention 
was to avoid an overload of irrelevant titles and abstracts. 
Moreover, since our review identified some recent over-
view papers [53, 54, 56, 57], it is likely that the impact of 
our omissions will have been negligible.

In our suggested step-by-step approach, we did not set 
any cut-off points in the proposed criteria since such cut-
off points should be based on clinically meaningful dif-
ferences, and therefore, need to be strongly guided by 
clinical experts in IO. Future research could be aimed 
at determining the difference or ratio in RMST or AHR 
that would be equivalent to the PASKWIL-2023 criterion 
of an HR < 0.7. Additionally, it should be explored what 
difference or ratio in RMST can be considered clinically 
relevant. It might also be of interest to explore the appro-
priateness of the current PASKWIL-2023 criteria for the 
evaluation of the IO therapies via a targeted literature 
search (TLR). The TLR can identify the IO therapies that 
have been accepted/rejected during the past years in the 
Netherlands and how many of these treatments showed a 
delayed and potentially durable treatment effect. For the 
identified IO therapies with a positive/negative cieBOM 
recommendation based on PASKWIL-2023 criteria, 
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further investigation could be conducted to see how our 
proposed step-by-step approach might have been imple-
mented in comparison with the current PASKWIL-2023 
criteria, or to assess how similar submissions have been 
assessed in other countries such as Belgium or the United 
Kingdom.

Conclusions
We recommend a step-by-step approach to assess the 
treatment effectiveness of palliative oncology therapies 
in the Netherlands. The currently used criteria can only 
be considered valid under a PH setting and/or when the 
observed survival data reach the median. A non-PH set-
ting is not uncommon in the context of IO for oncology 
and immature survival data is also a frequent issue. Alter-
native treatment effect measures, such as the difference 
in RMST or milestone survival probabilities are sug-
gested. Such “parameter-free” measures do not depend 
on assumptions about the underlying survival mecha-
nism, are easy to explain and to estimate. The step-by-
step procedure suggested in this paper, should be seen as 
a flexible tool supporting the choice of the most appro-
priate methods to quantify potential treatment effects. 
Ultimately, this procedure could be used to redefine new 
more comprehensive PASKWIL-2023 criteria, or other 
criteria in other clinical areas since the PH framework is 
not exclusive of IO therapies.
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