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Abstract: We study models for recurrent events with special emphasis on
the situation where a terminal event acts as a competing risk for the recurrent
events process and where there may be gaps between periods during which
subjects are at risk for the recurrent event. We focus on marginal analysis of
the expected number of events and show that an Aalen-Johansen type estimator
proposed by Cook and Lawless is applicable in this situation. A motivating
example deals with psychiatric hospital admissions where we supplement with
analyses of the marginal distribution of time to the competing event and the
marginal distribution of the time spent in hospital. Pseudo-observations are
used for the latter purpose.
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Introduction

Many studies in epidemiology, clinical medicine, and other fields involve events
which may happen multiple times in each subject. Examples include recurrent
hospital admissions (e.g., Kessing et al., 2004), repeated tumor occurrences (e.g.,
Byar 1980) or recurrent pulmonary exacerbations (Fuchs et al., 1994). Methods
for analyzing such data are important since restricting attention to the first occurrence of the event will be utilizing data inefficiently. As nicely summarized
by Cook and Lawless (2007) there are two major approaches to the analysis of
recurrent events: intensity-based models and marginal models. In the former,
the situation is considered as a special case of a multi-state model based on
counting processes (Andersen et al., 1993) and standard Cox-type or other wellknown hazard models from survival analysis apply to the intensities of event
occurrence. Examples of such models include the ‘PWP’ model (Prentice et
al., 1981), the ‘AG’ model (Andersen and Gill, 1982), and models based on
gap times between events (e.g., Cook and Lawless, 2007, Ch. 4). Dependence
among repeated events may in these approaches be modelled by regressing the
intensity on information on previous events via time-dependent covariates, see
e.g. Andersen and Gill (1982), Aalen et al. (2004) and Fosen et al. (2006).
Extended versions of such hazard models may include random effects (‘frailties’ e.g., Kessing et al., 1999; Hougaard, 2000) to model this intra-individual
association. Intensity-based models have the advantage that the probability distribution of the entire stochastic process may be specified which, further, allows
for likelihood-based inference and for model-based simulations. Furthermore,
quite general (e.g., event-dependent) censoring is easily accommodated. On the
other hand, having the ambition of modelling the distribution of the entire recurrent events process, one also runs the risk of model mis-specification and,
for such reasons, the second major, ‘marginal’, modelling approach has been
put forward. Here, attention is restricted to certain marginal parameters, most
prominently the marginal mean µ(t) = E(N (t)) where N (t) is the recurrent
events counting process (e.g., Lawless and Nadeau, 1995; Lin et al., 2000) but
also models for the marginal distributions of times to first, second, etc. event
have been studied (Wei et al., 1989). To estimate such marginal parameters
censoring should, in the simplest situation, be completely independent of the
recurrent events process, though inverse probability of censoring weighted versions of the various estimators also exist, see e.g., Cook and Lawless (2007).
In biological applications of methods for recurrent events there will almost
inevitably be competing risks in the form of terminal events, the occurrence of
which prevents further events from happening. Thus, the death of a patient will,
obviously, have the consequence that no further hospital admissions, tumors etc.
can occur and while intensity-based models readily accommodate this situation
by extending the state space for the multi-state model (Figure 1), more care
must be exercised for marginal analysis.
The situation is similar to survival analysis in the presence of competing risks
where hazards (‘rates’, ‘intensities’) immediately generalize to cause-specific
2
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Figure 1: A recurrent events process with a terminal event and no ‘gaps’ between
at-risk periods.
hazards and where methods for estimation in hazard models for survival data
can also be applied with few changes to inference for cause-specific hazards (e.g.,
Prentice et al. 1978; Andersen et al., 1993). Similarly, standard hazard-based
models may be applied to the intensities in the model depicted in Figure 1, and
a correct modelling of all intensities will specify the entire probability distribution of the process and functionals like µ(t) may be estimated by plug-in (or by
micro-simulation, e.g. Mitton et al., 2000; Iacobelli and Carstensen, 2013).
However, also in the presence of a terminal event, focus for the inference
may be on a parameter like µ(t), and methods for estimating this marginal
mean non-parametrically have been derived (Cook and Lawless, 1997; Ghosh
and Lin, 2000), as well as regression models (Ghosh and Lin, 2002; Cook et al.,
2009). Such models, again similarly to survival analysis with competing risks,
only partially specify the process in Figure 1 and, as detailed, e.g. by Ghosh
and Lin (2002), attention must also be paid to the survival part of the process.
This may be done using a standard model for S(t) = P (T > t) with T being
the time to the terminal event. However, it is not entirely obvious neither how
to formally combine the two models, nor whether such a formal combination is
desirable. The need to study also S(t) even though the main focus may be on
µ(t) is much in line with the recommendations given by Latouche et al. (2013)
for competing risks, namely that all cause-specific hazards and all cumulative
incidences should be studied even if the primary interest is on a single cause.
A further complication that may arise in the analysis of recurrent events
(both with or without a terminal event) is that there may be time periods dur3
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Figure 2: A recurrent events process with a terminal event and ‘gaps’ between
at-risk periods.
ing which a subject is not at risk for a new event. An obvious example is in
a study of hospital admissions where, once the patient is in hospital, no new
admissions can occur. The situation is depicted in Figures 2 and 3. In the latter
figure, the numbers of previous events are shown explicitly but the two ways of
showing the model are equivalent. In such a model, one may still target the parameters µ(t) and S(t) but, at least the former, will depend on the distribution
of times not at risk (e.g., the expected number of hospitalizations in a given
period will depend on the distribution of length of stay in hospital).

In this paper we will study recurrent events with competing risks in the form
of a terminal event, paying special attention to the situation where there may
be gaps between periods during which subjects are at risk for new events. We
will focus on marginal analysis since, as mentioned above (and discussed by,
e.g. Hu et al., 2011) intensity-based models are, in principle, straightforward.
We will demonstrate, in a simulation study, how the non-parametric estimator for µ(t) introduced by Cook and Lawless (1997) still applies when there
are gaps between at-risk periods. We will further, in a case study concerning
psychiatric hospital admissions, discuss how inference, at least informally, may
be based on separate models for µ(t), S(t), and Q1 (t), the probability of being not-at-risk, i.e. being in the state ‘1’ of Figure 2. Regression analysis via
pseudo-observations (Andersen and Pohar Perme, 2010) will play a prominent
role. The data come from a clinical study of patients with affective disorders
conducted in Switzerland (Angst et al., 2003; Kessing et al., 2004).
The structure of the paper is, as follows. In Section 2 we will establish
the notation and review previously used methods. We will also introduce
pseudo-observations. Section 3 presents a small simulation study to support
non-parametric estimation of µ(t), and Section 4 presents the example concern-
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Figure 3: A recurrent events process with a terminal event and ‘gaps’ between
at-risk periods.
ing psychiatric admissions. The final Section 5 contains a brief discussion of our
findings.

2

Notation and methods

We consider independent subjects labelled i = 1, . . . , n and, for subject i, we
let Ti1 < Ti2 < . . . be the times of occurrences for the recurrent event, that is,
Tij is the time of entry into state j in Figure 1 or the time of entry into state
N j in Figure 3 (or Ti1 , Ti2 , . . . are the times of entry or re-entry into state 1 in
Figure 2). The associated counting process is
X
Ni (t) =
I(Tij ≤ t)
j

with mean
µ(t) = E(N (t))
and (marginal) rate function
ρ(t) = E(dN (t))/dt
Rt
such that µ(t) = 0 ρ(u)du. Let, further, Ti be the survival time, i.e. the time
of entry into state D in either of the Figures 1-3, and let the survival function
be S(t) = P (T > t), i.e., F (t) = 1 − S(t) = QD (t), say, is the state occupation
probability for the absorbing state D. Similarly, let Qj (t) denote the state
occupation probability for any state, j in Figures 1-3. Both Ni (t) and Ti may
5

be incompletely observed because of right-censoring at Ci , i.e. the observed
counting process is
Z t
∗
Ni (t) =
I(Ci ≥ u)dNi (u),
0

and the right-censored survival time is Ti∗ = Ti ∧ Ci . For subject i, a vector Zi
of time-fixed covariates may also be available.
The parameters µ(t), ρ(t), Qj (t), S(t) and also the survival functions Sj (t) =
P (Tij > t) are all examples of marginal parameters where, intuitively, one places
oneself at t = 0 and asks about probabilities or expected values of future events.
Alternatively, one can focus on intensities for the multi-state processes, say X(t)
depicted in Figures 1-3, i.e.
λhk (t) = P (X(t + dt) = k | Ft− , X(t−) = h)/dt,
where Ft is the history (X(u), u ≤ t; Z) of the process at time t and h, k are
states. Here, one places oneself at time t and asks about probabilities of events
in the next little time interval from t to t + dt conditionally on information
available just before time t.
From the intensities, marginal features may, in principle, be obtained via
plug-in. Thus, assuming that the model in Figure 2 is Markovian we have the
Doob-Meyer decomposition (e.g., Andersen et al., 1993)
Z t
N (t) =
α01 (u)I(X(u−) = 0)du + M (t),
0

where α01 (t) is the transition hazard, that is, the intensity is λ01 (t) = α01 (t)I(X(t−) =
0), and M (t) is a martingale. Thereby, the marginal mean becomes
Z
µ(t) = E(N (t)) =

t

α01 (u)Q0 (u)du,

(1)

0

Rt
which may be estimated by combining estimators for A01 (t) = 0 α01 (u)du and
for the state occupation probability Q0 (t).
In the following we will, however, rather study estimators for the marginal
mean µ(t) that are not based on a specification of all the transition intensities of
the multi-state model. Such estimators were introduced for the model in Figure
1 by Cook and Lawless (1997) with detailed asymptotic results by Ghosh and
Lin (2000). This non-parametric estimator builds on writing
Z
µ(t) = E(N (t)) =

t

S(u)dR(u)
0

with R(t) = E(N (t) | T > t) yielding the estimator
P
Z t
dN ∗ (u)
b
P i ∗i
,
µ
b(t) =
S(u−)
0
i I(Ti ≥ u)
6

(2)

where Sb is the Kaplan-Meier estimator based on the censored survival times Ti∗
and associated death indicators I(Ti ≤ Ci ). Note that the parameter R(t) itself
is not easily interpretable (because it conditions on the future) but the resulting
estimator (2) is, indeed, estimating the marginal mean µ(t). This is because,
for uncensored data, the estimating equations
XZ ∞

dNi (u) − dR(u)I(Ti > u)
i

0

are unbiased for R(·) and so are
XZ ∞

dNi∗ (u) − dR(u)I(Ti∗ > u)
i

(3)

0

under a censoring scheme where the censoring times Ci are independent of
(Ni (t), Ti ). For more general (e.g., event-dependent) censoring schemes, inverse
probability of censoring weighted versions of (3) exist (Cook and Lawless, 2007).
Even though (2) was derived for the situation without periods where subjects
are still alive but currently not at risk for another recurrent event, we will use
it also for the model in Figures 2-3. The arguments outlined above for the
properties of µ
b(t) from the situation without times not-at-risk carry over to this
situation, and the estimator was in fact used by Cook and Lawless (2007, Section
5.5.1) in a such a case. To support this view we present a small simulation study
in the next section. In studies of psychiatric admissions, of which we present
an example in Section 4, ignoring times when patients are hospitalized is some
times referred to as studying disease ‘cycles’ rather than studying times from
discharge to admission (which is known as studying disease ‘episodes’, e.g.,
Angst et al., 2003).
One should notice the discrepancy between the estimator µ
b(t) given in
RtP
P
(2), the Nelson-Aalen type estimator µ
bLN (t) = 0 i dNi∗ (u)/ i I(Ti∗ ≥ u)
b
b01 (t) =
(which is here identical to R(t)),
and the Nelson-Aalen estimator A
RtP
P
∗
∗
∗
i dNi (u)/
i I(Xi (u) = 0) (where Xi (·) is the observed, censored, multi0
state process for subject i). The former, as mentioned, estimates µ(t) in the
presence of a terminating event; the second estimates the mean of N (t) is the
situation without a terminating event (Lawless and Nadeau, 1995) (and will
overestimate µ(t) in the presence of a terminating event because it then treats
deaths as censorings), and the latter estimates the integrated transition hazard,
A01 (t), under a Markov assumption for the multi-state process (e.g., Andersen
et al., 1993).
Similarly to (2), the regression model for µ(t) discussed by Ghosh and Lin
(2002) is also applicable in situations with periods not-at-risk. However, it is
important to keep in mind (as also discussed by Ghosh and Lin, 2002) that a
model for µ(t) only gives a partial specification of the multi-state model, and
if, e.g. a covariate is associated with a reduction of µ(t) then this could be
a consequence of either reducing the event intensity for the recurrent event or
7

increasing the mortality rate (or both). For this reason it is important not to let
an analysis of µ(t) stand alone but to supplement it with studies of both S(t)
and some aspect of the distribution of times not-at-risk, such as the probability
Q1 (t) or the average length of stay up to time t in state 1 of Figure 2, i.e.
Rt
Q1 (u)du. We will illustrate this in the example of Section 4 where we will use
0
pseudo-observations (e.g., Andersen and Pohar Perme, 2010) for this purpose.
Pseudo-observations are defined, as follows. Let θ be a marginal mean parameter (such as µ(t) = E(N (t)) or Q1 (t) = E(I(X(t) = 1))) and let θb be
an estimator of θ based on independent subjects i = 1, . . . n, possibly incompletely observed because of right-censoring. The ith pseudo-observation for the
incompletely observed random variable (e.g., N (t) or I(X(t) = 1)) is
θi = nθb − (n − 1)θb−i ,

(4)

where θb−i is the estimator applied to the sample of size n − 1 obtained by eliminating subject i.
The main application of pseudo-observations has been to study regression
models for parameters θ for which no other simple techniques are available,
such as the cause-specific number of years lost (Andersen, 2013) or the average
length of stay in the diseased state of an illness-death model (Grand and Putter, 2016). Asymptotic properties of the pseudo-observations when censoring
is independent of covariates have been derived in special cases, including those
based on the Kaplan-Meier estimator for S(t) and the Aalen-Johansen estimator for the cumulative incidence function with competing risks (Graw et al.,
2009; Martinussen and Jacobsen, 2016; Overgaard et al., 2017). For covariatedependent censoring, Binder et al. (2014) suggested to base the computation
of pseudo-observations in (4) on alternative, inverse probability of censoring
weighted estimators. In addition to S(t) we will, in our example in Section 4,
use pseudo-observations for the parameters µ(t) and Q1 (t) even though asymptotic properties have not been formally proven for these situations. The technique based on von Mises expansions used by Jacobsen and Martinussen (2016)
and Overgaard et al. (2017) will likely carry through to our situation but it is
beyond the scope of the present paper to pursue this.

3

A small simulation study

In this section we present a small simulation study of how the estimator (2)
works in situations where there are periods during which subjects are not at risk
for the recurrent event. We will use the fact that when all transition hazards in
Figure 2 are constant, the state occupation probabilities Q0 (t), Q1 (t), QD (t) are
explicit functions of the transition hazards αhk (given by matrix exponentials,
e.g. Chiang, 1980). Let
α0 = −(α01 + α0D ),

α1 = −(α10 + α1D ),

8

and
ρ0

=

ρ1

=

Then
Q0 (t) =

p


(α0 − α1 )2 + 4α01 α10 /2,
p

α0 + α1 − (α0 − α1 )2 + 4α01 α10 /2.

α0 + α1 +

ρ0 − α1
ρ1 − α1
exp(ρ0 t) +
exp(ρ1 t)
ρ0 − ρ1
ρ1 − ρ0

and, thereby by (1)


k1
k0
E(N (t)) = α01 ( (exp(ρ0 t) − 1) + (exp(ρ1 t) − 1) ,
ρ0
ρ1

(5)

0D +α01 α0D
0D +α01 α0D
where k0 = (ρ0 −αρ10)α
, and k1 = (ρ1 −αρ11)α
.
(ρ0 −ρ1 )
(ρ1 −ρ0 )
We considered the following scenarios where, in all cases, α01 = 2:

Scenario α10 α0D = α1D Q0 (10) Q1 (10) QD (10)
1
0.4
0.2,
0.022
0.113
0.865
2
1.0
0.2
0.045
0.090
0.865
3
0.4
0.4
0.003
0.015
0.982
So, in all scenarios we have the same hazard for the recurrent event; in scenario
2, the hazard α10 of going back ‘at risk’ is higher, thereby, increasing Q0 (t) and
µ(t), and in scenario 3 the mortality rates are higher than in scenario 1, thereby
decreasing µ(t).
We focus on µ(10) and repeat the three scenarios for sample sizes n =
1000, 250, 100 and with either administrative censoring at time 10 or with random exponential censoring with rate 0.3. All combinations were repeated 5000
times and Table 1 summarizes the results. We also show the bias resulting
from treating death as ‘independent censoring’, i.e. by estimating µ(t) by the
RtP
P
Nelson-Aalen type estimator µ
bLN (t) = 0 i dNi∗ (u)/ i I(Ti∗ ≥ u). We also
calculated the Nelson-Aalen estimator for A01 (10) but since that resulted in
estimates close to the correct value of 10α01 = 20 in all cases, results are not
included in the table.
It is seen that the estimator µ
b(t) defined in (2) is everywhere unbiased with
an SD that decreases with n. The simple Nelson-Aalen type estimator µ
bLN (t)
treating deaths as censoring has a large positive bias. We added a scenario where
α0D = α1D = 0, i.e. there is no mortality, in which case the two estimators
coincide and both are unbiased (for n = 1000 and α10 = 0.4 the mean bias was
0.00047 (SD=0.0478) with administrative censoring and 0.00364 (SD=0.127)
with random censoring).
Figure 4 shows the true µ(t) together with estimates based on (2) for 100
realizations from scenario 1 with administrative censoring.
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α10
0.4

αD
0.2

E(N (10))
2.08213

1.0

0.2

3.29888

0.4

0.4

1.41331

n
1000
250
100
1000
250
100
1000
250
100

Bias (SD) for µ
b(t) (2)
Administrative censoring Random censoring
0.00009 (0.050)
-0.00037 (0.087)
-0.00154 (0.097)
-0.00442 (0.182)
-0.00217 (0.150)
-0.02737 (0.280)
-0.00068 (0.082)
-0.00155 (0.140)
-0.00256 (0.161)
-0.00572 (0.288)
-0.00184 (0.255)
-0.04459 (0.453)
-0.00071 (0.037)
-0.00204 (0.056)
-0.00084 (0.073)
-0.00925 (0.111)
-0.00109 (0.113)
-0.01989 (0.167)

Table 1: Simulations, 5000 samples, n= no of individuals, α01 = 2.0, αD denotes
the common value for α0D = α1D .
The computations were performed using SAS 9.4. Here, the estimator µ
b(t)
(2) is available in PROC PHREG by treating the situation as competing risks with
several records per subject.

4

Example: psychiatric admissions

We study readmission data for 119 psychiatric patients who had a first diagnosis of affective disorder given at Psychiatric Hospital, University of Zürich,
Switzerland between 1959 and 1963 (e.g., Kessing et al., 2004). A first diagnosis of unipolar disorder was given to 98 patients while the remaining 21 had
bipolar disorder; 84 patients were females and the average age at first diagnosis
was 47.2 years (SD=17.1 years). During follow-up, which averaged 17.1 years,
78 patients died and the patients had on average 5.6 episodes (range 1 to 26).
We first studied models for the admission intensity λ01 (t), i.e. patients
were considered not at-risk while in hospital. Figure 5 shows the estimated
cumulative transition hazards for unipolar and bipolar patients. The higher
hazard for bipolar patients seen in the figure is also illustrated by fitting a Coxtype (‘AG’) model for the admission intensity, yielding an estimated ratio of
exp(0.372) = 1.45 (with 95% confidence limits from 1.08 to 1.43) between the
two groups. Adjusting the model for the number of previous admissions as a
time-dependent covariate, however, attenuated the ratio to exp(0.095) = 1.10
(0.83, 1.43). This change in the estimated ratio is as one would expect, since we
now condition on an intermediate variable that masks the difference between
the two groups.
Such scenarios have been taken as an argument for focussing on marginal
models instead, in particular when analyzing data from randomized studies
(e.g., Cook and Lawless, 2007). We therefore estimated the expected numbers
of re-admissions according to diagnosis (bipolar vs. unipolar disorder) using
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Bias for µ
bLN (t)
Administrative censoring
1.95
1.94
1.94
3.81
3.81
3.82
2.61
2.62
2.56
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Figure 4: True µ(t) with 100 simulated curves: scenario 1
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Figure 5: Cumulative hazards of re-admission for unipolar and bipolar patients.
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Figure 6: Expected numbers of re-admissions for unipolar and bipolar patients.

µ
b(t) defined in (2) - see Figure 6. It is seen that bipolar patients have more readmissions, a result that is sustained by fitting the multiplicative means model of
Ghosh and Lin (2002) which results in an estimated mean ratio of exp(0.673) =
1.96 (1.49, 2.57). Adjustment for potential confounders like sex and age at disease onset changed the estimated mean ratio into exp(0.464) = 1.59 (1.20, 2.11).
Thus, bipolar patients, on average, have more admissions than unipolar patients.
However, analysis of the marginal mean does not reveal to what extent this can
be ascribed to a lower mortality rate and/or shorter time spent in hospital. We
therefore supplemented the above analyses of the marginal mean by an analysis
of pseudo-observations at time 10 years for: (a) the marginal mean, µ(10), (b)
the survival probability, S(10), and (c) the average time spent in hospital up
R 10
to 10 years after diagnosis, 0 Q1 (t)dt. The pseudo-observations for parameter
(c) were based on the Aalen-Johansen estimator (e.g., Andersen et al., 1993) for
the state occupation probabilities evaluated at time 10 years, see Figure 7. The
results from the regression analysis of pseudo-observations are summarized in
Table 2. It is seen that the adjusted coefficient for bipolar disease vs. unipolar
disease (0.330 = log(1.39)) is somewhat smaller than the corresponding estimate based on the Ghosh-Lin model and with a larger standard error. Analyses
of the survival probability and expected length of stay suggest that bipolar patients both live longer (hazard ratio exp(−1.123) = 0.325) and spend shorter
time (estimate 0.109 years during 10 years) in hospital than unipolar patients,
see Figures 7-8. These tendencies, however, are insignificant when based on
pseudo-values at 10 years.
12
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Figure 7: State occupation probabilities for unipolar and bipolar patients.
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Figure 8: Expected length of stay in hospital for unipolar and bipolar patients.

Parameter
µ(10)
S(10)
R 10
Q1 (u)du
0

Link
log
cloglog
identity

Bip. vs. unip.
Coeff.
(SD)
0.404 (0.200)
-1.213 (0.732)
-0.163 (0.312)

Adjusted∗
Coeff.
(SD)
0.330 (0.212)
-1.123 (0.913)
-0.109 (0.327)

Table 2: Analysis of pseudo-observations at 10 years. (∗ : for age at diagnosis
and sex)
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Discussion

We have studied models for recurrent events focussing on marginal models for
the mean number of events. We demonstrated that the estimator suggested
by Cook and Lawless (1997) for the situation with competing risks works well
even when there are times during which subjects are not at risk for new events.
We emphasized that when there are competing risks and/or periods where subjects are not at risk then a model for µ(t) only partially describes the process
and analyses of µ(t) should be supplemented by studies of the mortality rate
and/or time not-at-risk. In our example concerning psychiatric admissions such
supplementary analyses were conducted using pseudo-observations.
Marginal models have the nice feature that dependence between successive
events need not be specified. This is in contrast to intensity-based models where
such dependencies are typically modelled using time-dependent covariates or by
using random effects models. In fact, such ‘frailty models’, e.g. negative binomial models with a gamma distributed frailty, seem to be quite frequently used
in medical applications (e.g., Bulsara et al., 2004; Rogers et al., 2014). However
when there are competing risks such frailty models may be less appealing since
also a specification of how frailty affects the mortality rates is needed. Such
models have been studied, e.g. by Huang and Wang (2004) and Rondeau et
al. (2007) and some versions are implemented in the R package frailtypack
(Rondeau et al., 2012).
In survival analysis, left-truncation is typically easily dealt with in hazardbased models. However, for intensity-based models for recurrent events, lefttruncation may impose some difficulties - both when conditioning on past events
as time-dependent covariates and for frailty models where the conditional frailty
distribution given the past is needed. In both cases, the necessary information on
the past may be unavailable at the time of delayed entry. For marginal models,
however, the estimating equations (3) stay unbiased under left-truncation as
long as the times of delayed entry are independent of the recurrent events process
and of survival times.
Marginal models are most simple when independent censoring can be assumed. Otherwise, models for censoring are needed to create weights to be used
for making the estimating equations unbiased.
It should be mentioned that an alternative approach to the analysis of recurrent events with a terminal event, again in analogy with methods used in practice for competing risks, would be to define a composite end-point by combining
information for N (t) and T (e.g. Rogers et al., 2014), possibly by attaching
different weights to terminal and non-terminal events (e.g., Mao and Lin, 2016).
Such an approach, however, entails some new challenges (tackled by Mao and
Lin, 2016) owing to the fact that distinction needs to be made between the two
types of events when evaluating the risk set.
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