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SERIES EDITOR INTRODUCTION
The final article in our Statistics Series by de Wreede and colleagues deals with the important issue of survival analyses in general
and in recipients of haematopoietic cell transplants specifically. At first glance analyzing survival should be simple. The endpoint is
clear with rare exception, the subject is either alive or dead. Compare this to other less well defined transplant-related outcomes
such as who has acute graft-versus-host disease (GvHD) and of what grade or what is the cause of interstitial pneumonia. There is
also the complexity of composite endpoints when one analyzes outcomes such as event-free (EFS) or relapse-free survival (RFS).
Here you’re either alive or dead. Period. Alas, as it turns out things are not so simple. As the authours point out: it takes time to
observe time. It is almost never possible to wait long enough for everyone in a study to die. (Some people who are cured by a
transplant will outlive their physician and statistician.) Other subjects may not be followed until the end of the study, lost to follow-
up or withdraw consent to participate. Often these are non-random events, muddy the water and make what seems a simple
analysis of survival not so. Fortunately, de Wreede and colleagues discuss the issues of informative and non-informative censoring
and time-dependent co-variates. And there are other nasty complexities such non-proportional hazards of death say when initially
there is a survival disadvantage to transplants from transplant-related mortality followed in 1–2 years by a survival benefit. They
emphasize the danger of considering only Hazard Ratio in this setting. Lastly, the authours discuss how to compare interventions
such as conventional therapy versus a haematopoietic cell transplant when the endpoint of interest is survival. We think this article
will be of considerable interest to readers of BONE MARROW TRANSPLANTATION and suggest you study it carefully. Survival
analyses, seemingly simple, are a potential minefield. You don’t want to step on one. This article and the entire Statistics Series are
available online at https://www.nature.com/collections/ejhigdbeeh.

Robert Peter Gale MD, PhD & Mei-Jie Zhang PhD.

ABSTRACT
The most important outcome of many studies of haematopoietic cell transplants is survival. The statistical field that deals with such
outcomes is survival analysis. Methods developed in this field are also applicable to other outcomes where the occurrence and
timing are important. Analysis of such time-to-event outcomes has special challenges because it takes time to observe time. The most
important condition for unbiased estimation of a survival curve—non-informative censoring—is discussed along with methods to
account for competing risks, a situation where multiple, mutually-exclusive endpoints are of interest. Techniques to compare
survival outcomes between groups are reviewed, including the instance where it is unknown at baseline to which group a subject
will belong later during follow-up (time-dependent covariates).

Bone Marrow Transplantation (2022) 57:1428–1434; https://doi.org/10.1038/s41409-022-01740-4

INTRODUCTION
An essential outcomes measure in haematopoietic cell transplant
studies is survival duration. The eventual efficacy of a treatment, or
relevance of a risk factor, is determined by its effect on survival. With
certainty, all subjects will eventually die, but beforehand it is
unknown when this will take place. The domain of statistics which
analyzes these outcomes is survival analysis. Methods from
this domain are also suitable for analyzing other outcomes for
which it is not only relevant if they occur but also when, such as
engraftment, relapse, complications and subsequent interventions.
There are many textbooks about survival analysis and clinician-

oriented overviews including the EBMT Statistical Guidelines that
explain many principles also relevant outside the context of
transplant studies [1–7]. This topic has also been discussed in the
statistical series to which this typescript belongs [8–14]. We aim to
give an intuitive explanation of the main concepts of survival
analysis relevant for understanding clinical studies in the transplant
field while warning about some pitfalls commonly encountered in
publications and reports. Typical pitfalls are creating bias by inducing
informative censoring, ignoring competing risks, not investigating
proportionality of hazards when applying a Cox model and treating
time-dependent information as if it were known at the start.
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Time-to-event endpoints are always expressed by time-
dependent probabilities, e.g., 1-year survival probability after start
of treatment was 85% or 2-year probability of being alive without
a new relapse in a patient who had achieved a remission (relapse-
free survival, RFS) was 70%. Statements about percentages are
uninterpretable without time information: at the starting time the
probability of being event-free, such as being alive or being alive
without relapse in the above examples, is 100%. Since the life span
of all living beings is finite, the probability to be alive of any cohort
will be zero if we wait long enough.
As a measure of uncertainty in the estimates the 95%

Confidence Interval (CI) is usually added. The CI has to be
interpreted by considering the dataset at hand as one possible
sample from the population of interest. If repeatedly new, random
samples were drawn from this population, the true value of
interest (e.g., 1-year survival probability) would be contained in
95% of the CIs. This definition implies in 5 percent of studies, the
true value will lie outside the 95% CI. This reflects the common
practice in testing for significance where a significance level of 5
percent is used implying a 5 percent probability of false rejection
of the null hypothesis.

The data file
We discuss pitfalls and solutions by analyses of a real data file from
the EBMT but slightly changed and abstracted to better explain
the general principles. It contains information about 600 subjects
with a certain kind of leukaemia who received standard or
experimental treatment (e.g., different kinds of conditioning or
graft-versus-host disease (GvHD) prophylaxis). Subjects were
followed since transplant. Two kinds of failure are considered:
death and relapse of the disease (all patients were in remission at
transplant). Analyses were performed in the freely available
software R, version 4.1.2 (https://cran.r-project.org/), with packages
‘survival’ [15] and ‘prodlim’ [16]. Code is available from the
corresponding author on request.
We will also give some examples from published registry-based

EBMT studies.

Censoring
The main difficulty in estimating survival probabilities is that it “takes
time to observe time”. It is almost never possible to wait long enough
until all patients in a study have experienced the relevant event.
Moreover, there are often patients who have not been followed
until the end of the study, e.g., due to moving or withdrawing
consent. These patients are lost to follow-up. For all subjects with a

follow-up greater than zero we know that during a certain time
interval they could have experienced the event of interest and that
this did not occur during the time they were followed. However, we
do not know what happened to them afterwards. This phenom-
enon is called censoring. Typically, this interval is different for all
patients in the data file because each patient starts the treatment
and finishes follow-up at a different moment.
Censored observations cannot be ignored in analyses because

that would create a bias: a systematic difference between the real
outcome and the outcome estimated in the analyses. This bias is
caused by inclusion of patients who died relatively early with
simultaneous exclusion of those followed during approximately the
same time interval but still alive thereafter. This leads to an over-
estimation of the probability of dying (Fig. 1). The black curve shows
the correct estimate of the survival duration calculated by means of
the Kaplan-Meier method in which all censored observations are
indicated with a vertical bar [3, 17]. The dashed curve displays the
incorrectly estimated probabilities where all patients censored
within three years after transplant are removed from the data file.
The difference between the two curves indicates the (estimated)
bias. Confidence intervals are added to the correct curve to indicate
the precision of the estimated probabilities. Moreover, numbers of
patients at risk over time are added. These numbers are reduced by
events and by censoring. No reliable curves can be shown beyond
the time when only 7–10 patients are at risk.
The proper estimation of outcomes in survival analysis is thus

made complex because all data of all patients must be integrated,
i.e., the time during which they were followed and whether or not
they experienced the event of interest. This is managed appro-
priately by means of the three most prominent methods in this
field: [1] the Kaplan–Meier method for estimation of probabilities;
[2] the log-rank test for the comparison of survival curves; and [3]
Cox’s proportional hazards model to estimate the impact of several
risk factors at once on outcomes [18]. One assumption essential for
these methods is: patients still in follow-up at later timepoints
share the same risk profile with those who are censored at the
moment of their end of follow-up. In other words, if the follow-up
of a patient ends, e.g., at one year after transplant, then the
subsequent survival probabilities for this patient are equal to those
of someone still in follow-up. This assumption makes it possible to
let the patients with longer follow-up represent the censored
patients. It is a reasonable assumption if the reason for censoring is
independent of the prognosis of the patient, for instance in case of
end of study. However, if for instance patients with a good
prognosis have briefer follow-up because they stop visiting their
clinicians for check-ups, this assumption does not hold, and the
Kaplan-Meier method does not give valid estimates. Other
methods are not capable of solving this problem either because
no data are available after their last follow-up for the censored
patients. It is therefore very important to restrict loss to follow-up
as much as possible in a study and in particular to counteract
mechanisms that make censoring more likely for some categories
of patients compared with others.
Unfortunately, registries to which centers contribute on a semi-

voluntary basis such as the EBMT registry suffer from loss to
follow-up. For example, after autotransplants many patients are no
longer monitored at the transplant center resulting in incomplete
outcomes data. If the patients with longer follow-up are not
representative of the entire transplant population this results in
bias in outcomes analyses. EBMT is committed to remedy this
problem in the context of a benchmarking process [19, 20].
A particular issue in long-term outcomes studies is that by

definition only patients transplanted long ago can contribute
information about the long term. Still, the data of more recent
patients help better estimate the first part of the trajectory. They
are censored before the end of the study. In a strict sense, this can
be considered non-informative censoring only if the selection of
transplant patients in more recent years resembles earlier
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Fig. 1 Kaplan-Meier curves for overall survival. Standard Kaplan-
Meier curve (solid line, vertical bars indicate censored observations)
and the Kaplan-Meier estimate based on exclusion of patients with a
follow-up of less than 36 months and still alive at the end of their
follow-up (dashed line). The grey zone indicates the 95%-pointwise
confidence intervals. Below the figure numbers at risk at different
time points are given, indicating how many patients are still in the
risk set (not died and not yet censored, correct analysis).
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selection and if outcomes are comparable over the years. In an
EBMT study about long-term outcomes after allogeneic hemato-
poietic stem cell transplantation (alloHCT) for patients with
myelodysplastic syndromes and secondary acute myeloid leukae-
mia, patients transplanted before 2013 were included in a dataset
closed in December 2016. Median follow-up of survivors was 4.4
years. The authors investigated completeness of follow-up and its
impact on outcomes and concluded that 10-year outcomes could
be reported reliably [21].

Informative censoring. In practice, it is not always feasible to
prevent loss to follow-up, especially in studies based on retro-
spective data collection. Sometimes, however, investigators
decide to censor data which can have tremendous detrimental
consequences for their analysis. For example, they might want to
compare efficacy of a standard and experimental intervention as
initial therapy. After a posttransplant leukaemia relapse many
people receive an intervention such as a donor lymphocyte
infusion which can be associated with excess mortality. The
investigators are not interested in second-line treatment and
therefore they reason that they have to censor patients when they
relapse posttransplant or as soon as they are treated for relapse.
This approach violates the aforementioned assumption of non-
informative censoring. Outcomes of the patients with a worse
prognosis because they relapse are systematically removed from
the analysis. The resulting survival curves have no real meaning,
they represent the survival probabilities in a world where people
with leukaemia cannot experience a relapse, an unrealistic
perspective. Nor can they receive a salvage intervention. Figure 2
illustrates the impact of censoring of patients at relapse and
shows the upward bias in the wrongly constructed curves. In this
illustration the difference between the two correct and two wrong
curves is similar but if the intermediate event (an event taking
place between start of study and death) is much more frequent in
one group than the other, the bias in the two curves will have a
different size and the comparison between the groups can be far
off. This wrong method is still often used in practice resulting in
biased curves and hampering comparison between studies [22]. A
typical example is the analysis of outcomes of leukaemia patients
in studies where some of the patients received alloHCT as
consolidation therapy instead of post-remission chemotherapy. If
the researchers are mainly interested in the non-cellular part of
the therapy and censor the patients at alloHCT, they create bias in
the survival analysis starting at first treatment. The direction of the
bias depends on whether transplant recipients are a good- or
poor-risk subset.

It follows that censoring should not be induced by an
intermediate event such as second-line treatment because this
almost always results in informative censoring. When evaluating
the impact of an intervention on survival, all deaths have to be
included in the analysis because they all are all a direct or indirect
consequence of the initial intervention. When the outcome of
interest is only posttransplant deaths, but without second-line
treatment having taken place, a different method needs to be
used (see below).

Methods for competing risks. The methods described above can
be extended in such a way that we do not consider a single
outcome – death or relapse-or-death (whichever comes first) in
the case of relapse-free survival—but multiple outcomes, for
instance relapse and death before relapse (non-relapse mortality,
NRM) as two separate outcomes. This can be done by means of
methods for competing risks: they compete with each other
because the occurrence of one of them makes it per definition
impossible that the other takes place [7, 23, 24]. In order to see the
impact of two treatments on disease activity, for instance, the
cumulative incidence of relapse can be calculated, that is, the
time-dependent probability of relapse. Patients who die before
disease recurrence, for instance due to GvHD or infections, are not
being censored, but included in the calculation of NRM. This name
is preferable to treatment-related mortality, since causes of death
of patients who die before disease recurrence can also be non-
HCT related, such as comorbidity. In this way, the two components
of the end of RFS —relapse, and NRM—are separated.
These competing risks methods, which take away the biases of

naïve methods as the Kaplan–Meier or crude proportions, must be
used for all non-fatal outcomes after transplantation, such as
engraftment or GvHD, since in the context of alloHCT, death before
the event of interest is always a non-negligible competing risk. In a
recent large EBMT study about acute GvHD, the cumulative
incidence of aGvHD grade II-IV until 100 days after alloHCT in
different transplantation periods was reported, taking death before
occurrence of aGvHD grade II-IV as competing event [25].
An important advantage of this approach is that it also enables to

analyze the impact of treatments on each of the components. It is
very well conceivable that the experimental treatment has no net
effect on RFS but nevertheless works in a different way from the
standard treatment: larger efficacy (ergo, smaller relapse probability)
can concur very well with larger toxicity (ergo, higher NRM
probability). Figure 3 shows a situation where the benefit of the
new treatment is mainly caused by decreased NRM.

Comparison of treatments
Figure 2 shows the estimated survival curves for the standard and
the experimental treatment. The estimated percentages for the
experimental and standard treatment, respectively, are 76.1% and
60.4% at 1 year, and 57.9% and 46.9% at 3 years after transplant.
Can we conclude from these numbers that the survival after the
experimental treatment is better than after the standard
treatment? In the first place, systematic differences must be
distinguished from random fluctuations due to the fact that the
analyses are based on a sample and not on the whole population.
This is managed by means of a statistical test. In the second place,
the survival curves consist of estimated survival probabilities for
both groups at many different points in time. This could
potentially lead to a multitude of tests whereas in principle the
interest is in the comparison of the survival curves as a whole. The
test most commonly used for comparing survival curves is called
the log-rank test since it takes into account the order of the events
in the groups that are compared. In Fig. 2, the p-value of the log-
rank test is 0.0002, indicating a highly significant difference
between the two curves.
With small sample sizes (less than 10 individuals in one group),

the log-rank test is not reliable anymore and can erroneously
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indicate a significant difference between groups. A better
alternative in this setting are exact permutation tests [26–28].

Proportional hazards models. The log-rank test addresses the
question whether survival is the same for two treatments. If it is
shown to be different, the question becomes: how large is the
effect of the treatment? One way to answer this question is to go
back to the estimated survival probabilities at 3 years. The
difference between the 46.9% of the standard and the 57.9% of
the experimental treatment equals 11.0% and can be seen as an
estimate of the effect size of the treatment on survival at 3 years.
The advantage of quantifying the effect of the treatment in this
way is that it is simple to calculate the so-called number needed to
treat (NNT), the number of patients one would need to treat with
the experimental treatment (compared to standard) to prevent
one death within 3 years. This NNT equals 9 in this case (100
divided by 11). The disadvantage of this approach is that the
choice of 3 years is somewhat arbitrary; at 1 year the difference
between the survival probabilities would be 15.7% and at 5 years
it would be 12.1%. It would be easier to have a single effect
measure for the whole follow-up period.
A popular way to quantify the effect of a treatment on survival

is through the hazard ratio. The hazard rate, usually referred to as
hazard, describes the probability of death in the next short time
interval (for subjects that are alive at that time). The hazard rate
varies over time; generally, the hazard rate will increase in the long

term because of ageing: the average eighty-year-old has a higher
probability to die than the average forty-year-old. But there are
other biological mechanisms that can cause the hazard rate to
vary over time. For instance, an aggressive treatment like alloHCT
will cause the hazard rate to be increased in the initial period after
transplantation. Mathematical formulas exist to express the
survival probabilities in terms of the hazards and vice versa; in
other words, the hazard contains the same information as the
survival curve, although its perspective is different.
When we compare two treatments, the hazard rates of both

treatments will vary over time. The proportional hazards (PH)
model makes an important assumption, namely that the hazard
ratio (HR), i.e., the ratio between the two hazard rates, remains
constant. It is a model, which means that a certain structure is
imposed on the data. In the above example (see Fig. 2) the HR of
the standard treatment compared to the experimental treatment
equals 1.55, with a 95%-confidence interval running from 1.23 to
1.94. This means that at each moment in time the instantaneous
risk of dying for the patients receiving the standard treatment is
1.55 as high as that of the patients receiving the experimental
treatment. The HR can also be interpreted as an average risk ratio
over time. When a HR is reported it has to be clear what is
compared to what. The hazard ratio of the experimental treatment
with respect to (or versus) standard is 0.65 (=1/1.55).
The hazard ratio is a multiplication factor of the hazard, not of

the survival or death probabilities. A HR of 1.55 does not mean
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that the probability to die within 3 years in the group receiving
the standard treatment is 1.55 times as high as in the group
receiving the experimental treatment. A HR of 1.55 can manifest
itself in various ways in the two corresponding survival curves. The
survival curve of the experimental treatment has to lie above that
of the standard treatment, but the baseline hazard, the hazard of
the reference group, determines how far apart the curves are.
With a high baseline hazard the survival of the reference group is
low and the survival of the other group is even lower; with a low
baseline hazard, the survival of the reference group is high (close
to 1), and the survival of the other group will be worse, but
possibly still close to 1. Figure 4 shows two comparisons of two
survival curves, both with a HR of 1.55, as in Fig. 2. The baseline
hazard of Fig. 2 has been decreased (Fig. 4(a)) and increased (Fig. 4
(b)). The curves look quite different, but in all three cases the HR is
1.55.

Non-proportional hazards. The crucial assumption of the propor-
tional hazards model is that the ratio of two hazard curves (both
varying over time) is constant. This means that we assume that the
effect of treatment immediately after alloHCT is the same as later
in the follow-up. This assumption turns out to be satisfied
reasonably often in practice, especially when the follow-up is not
too long. A number of situations exist where the assumption on
proportional hazards is not realistic (see Van Houwelingen and
Putter, Chapter 5 for a discussion on mechanisms leading to
violation of the PH assumption [29]). An important example is the
comparison of a standard treatment with a more aggressive
treatment (like chemotherapy and alloHCT in an analysis starting
from diagnosis), which may be expected to be disadvantageous in
the beginning but may result in better outcome in the long term.
The HR of experimental with respect to standard will be higher
than 1 in the beginning (because of the higher post-transplant
mortality) and below 1 later (when relapse and deaths resulting
from relapses have been prevented). When a PH model is used in
such a situation, the estimated HR (under the incorrect PH
assumption) will be an average of the HRs over time [30]. The
result of the analysis will depend on the length of the follow-up;
with shorter follow-up the experimental treatment will come out
worse than with longer follow-up. Hence it is important to check
the PH assumption and to specify the timing of the analysis.
With longer follow-up, the assumption becomes more ques-

tionable for several reasons: risk factors become less relevant over
time, either because they are outdated (e.g., performance status at
diagnosis might not be very informative for performance status 5
years later), due to selection (the patients who survived with a
poor molecular marker for 5 years are a ‘lucky’ subset of all

patients with this marker at diagnosis) or because other risk
factors become more relevant long-term, such as those associated
with accelerated ageing and secondary malignancies. These
changes in impact can be accommodated within the Cox model
by modelling time-dependent HRs or by stratification (estimating
baseline hazards separately for different groups while assuming
the effect of other covariates to be the same). Also other models
exist that are more suitable for long-term outcomes, such as cure
models [31] and models incorporating general population
mortality (relative survival) [32, 21].

Time-dependent covariates
So far, we have compared two treatments in a PH model.
Treatment serves as a so-called covariate in the regression model.
Often researchers are interested in the effect of a covariate whose
value changes over time, a so-called time-dependent covariate.
Important examples are intermediate events like GvHD and
relapse and post-alloHCT treatments like donor lymphocyte
infusions. Care is needed in the analysis of the effect of such
time-dependent covariates. If the analysis does not properly take
into account the fact that the value of the time-dependent
covariate is not constant over time, radically incorrect conclusions
can be obtained. As an example, consider the effect of the
intermediate event relapse on survival. The first thought for
estimating the effect of relapse on survival would perhaps be to
use a PH model with relapse as an ordinary covariate, known at
baseline. In fact, we are then comparing the survival of two
groups, one with and the other without relapse. This comparison
is unfair, however, because the patients in the relapse group can
only have made it into the relapse group provided they have lived
long enough to experience this relapse. If they had died before,
they would have ended up in the no relapse group. In some sense
the patients in the relapse group are immortal until the time they
experienced the relapse and the time until relapse contributes to
the survival of the relapsed patients although they were still in
remission then. The bias caused by this incorrect analysis is known
as immortal time bias or guarantee time bias [33, 34]. If we
nevertheless performed this (wrong) analysis, we would obtain a
hazard ratio of 1.08 for the relapse group, compared to the no
relapse group, with a 95%-confidence interval from 0.84 to 1.38 (p
= 0.58). The (incorrect) conclusion would be that relapse does not
influence survival.
There are several correct methods for performing such analyses.

The first option is a so-called proportional hazards model with time-
dependent covariates [35, 36]. This model uses at each point in
time the relapse status at that time (which indicates if the patient
has experienced a relapse before that time point) for the
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Fig. 5 Analyses for the impact of relapse on death. a Cox model-based survival curves showing predicted survival probabilities for patients
with a relapse at time of HCT vs. patients who never relapse; b survival curves based on a landmark analysis at 12 months after alloHCT showing
survival probabilities for patients alive at the 1 year landmark who have experienced a relapse before that time vs. those who have not.
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comparison of the hazards. Applying this time-dependent Cox
model gives a hazard ratio of 4.53 for relapse with respect to no
relapse. That means that if we compare, at each moment in time,
two (living) patients, one of which did and the other did not (yet)
have a relapse, then the patient with relapse has a 4.53 times
higher instantaneous risk of dying, compared to the patient
without relapse. Figure 5(a) shows the model-based curves,
comparing the outcomes of two reference patients: one who
never experiences a relapse and one who has a relapse
immediately after alloHCT.
The second option is landmarking [34, 37, 38]. At a prespecified

moment in time, the landmark time point, the patients alive and
under follow-up at that time are considered, and a comparison is
made between the group that had experienced a relapse before
the landmark and the group that had not. Note that some of the
patients with no relapse before the landmark might experience a
relapse afterwards; such relapses occurring after the landmark are
considered irrelevant for the landmark analysis. With a landmark
time point set at one year, this comparison results in a hazard ratio
of 3.93 for relapse with a 95%-confidence interval from 2.56 to
6.03. Figure 5(b) shows the Kaplan-Meier survival curves of the two
groups. Both Cox models with time-dependent covariates and
landmarking are correct methods but approach the comparison
from a different perspective. The time-dependent Cox model gives
a summary of the effect of relapse on death over the whole
follow-up, while the landmark model limits the comparison to
studying the effect of relapses having occurred before the
landmark on deaths occurring after the landmark.
An alternative is to start the analysis at the moment of the

intermediate event. This is a correct and simple approach,
however not suitable for comparing outcomes with and without
the event. This approach was followed in the EBMT study about
aGvHD where survival outcomes after onset of aGvHD were
reported, taking time of aGvHD as new time 0 instead of time of
alloHCT [25].
An important example of a question related to a time-

dependent covariate is whether, and if yes, when during the
course of the disease patients with hematological malignancies
should receive a transplant. This question cannot be answered by
EBMT data alone since per definition only patients who have
received a transplantation enter the registry; data about the
selection process between diagnosis and transplantation are
lacking (again, patients are “immortal” during the interval
diagnosis to HCT). Additional data from disease-based registries
are sometimes used to address this question [39, 40]. Especially in
a treatment-based registry as is EBMT, opposed to population-
based disease registries, selection for the treatment – by clinical
characteristics or policy – always plays a role and might prevent
generalization to a larger target group.

CONCLUSION
When analyzing time-to-event data and when interpreting results
in papers, it is important to be aware of the assumptions
underlying the most common techniques: non-informative
censoring and proportional hazards. If these assumptions are
not fulfilled, the results of the analysis can be very misleading.
Another important point is how and when to analyze composite
endpoints such as RFS. Composite endpoints are easier to analyze
than separate endpoints as analyzed in a competing risks model.
However, to understand the mechanisms behind failure, it is very
useful to distinguish the different causes of failure and the impact
of risk factors on them.
When proportional hazards models are used, we recommend to

study not only the hazard ratio, but also the baseline hazard,
because only a combination of both gives a good measure of the
effect of a treatment or risk factor on outcome.

For further study of the issues discussed here, the referenced
books and papers can be used. Especially recommended is the
recent overview paper of the STRATOS (STRengthening Analytical
Thinking for Observational Studies) topic group Survival Analysis,
which explains in more depth the issues discussed in the current
paper, including the main mathematical aspects and elaborate
example code in R [41]. In case of non-standard studies,
consultation of a statistician with experience in survival analysis
is strongly recommended.

DATA AVAILABILITY
The data file used in this article can be obtained from the corresponding author on
reasonable request.
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