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ABSTRACT

In the absence of censoring, locally estimated scatterplot smoothing (LOESS) is a powerful tool to estimate the relationship between
a continuous covariate and the probability of an event and is often used to visually assess calibration of prognostic models. Since
follow-up in prognostic studies is often incomplete, we aimed to study the extension of LOESS to right-censored data. In line with
other work, we first obtained inverse-probability-of-censoring (IPC) weights through Kaplan-Meier estimation. When censor-
ing varied by covariate levels, we used Cox regression with a spline function of the covariate to obtain IPC weights. We then
applied LOESS to the weighted event indicators to estimate the relationship between the covariate and the probability of an
event within a specific time horizon. We illustrated the application of LOESS for censored data (LOESScd) using patients with
complex coronary artery disease. We used the LOESScd to estimate the association between continuous predictors and the prob-
ability of death within 10 years. LOESScd estimates closely followed grouped Kaplan-Meier estimates, especially in case of weak
smoothing. Covariate-dependent IPC weights improved LOESScd when censoring varied by covariate levels. We then examined
the finite-sample behavior of LOESScd in simulations motivated by four typical prognostic model validation scenarios. In 2000
samples of 1800 patients, bias was limited and coverage was close to nominal. In conclusion, LOESScd is a promising estimator of
the relationship of a continuous covariate with the probability of an event in the presence of right-censoring. LOESScd is especially
useful for estimating calibration curves when validating prognostic models.

1 | Background between age and 5-year mortality in patients with coronary

artery disease [1]. LOESS is also often used to visualize the
In the absence of censoring—when events are fully agreement between model predictions and the probability of an
observed —nonparametric locally estimated scatterplot smooth- event when assessing the calibration of prognostic models for a
ing (LOESS) is a powerful tool to estimate the relationship fully observed binary outcome [2, 3]. LOESS fits a smooth curve
between a continuous covariate and the probability of an event  to bivariate data, by using weighted least squares regression on
within a specific time horizon, for example, the relationship local neighborhoods of the data. Data points closer to the point
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of interest are weighed more heavily. The proportion of data
points considered in local neighborhoods (“span”) determines
the strength of smoothing (large span=strong smoothing).
LOESS allows data analysts to visualize complex relationships
between two variables where parametric methods may fall short,
especially when the underlying relationship is not easily cap-
tured by a global model. LOESS is considered one of the most
attractive modern regression methods for nonparametric data
visualization and is implemented in many statistical software
packages (R; Python; SAS; SPSS), but is not directly applicable to
right-censored data [4].

Analysis of right-censored data is common in medical and
epidemiological research. A familiar example is analyzing
time-to-death in clinical trials, where many patients are still alive
at the end of the trial [5]. Techniques have long been avail-
able for estimating the probability of an event within a spec-
ified time horizon for groups of subjects (Kaplan-Meier esti-
mates) [6], and for estimating a parametric relationship between
a continuous covariate and the probability of an event within
a specified time horizon, for example, using a spline transfor-
mation of the continuous covariate in a Cox or hazard regres-
sion [7, 8]. Furthermore, learning techniques have been adapted
for use in right-censored data on the basis of censoring unbi-
ased transformations of continuous outcomes such as (log) sur-
vival times [9-12]. For application of binary classification tech-
niques, a reweighing of the training dataset has been proposed
with inverse-probability-of-censoring (IPC) weights based on the
reverse Kaplan—Meier estimator [13].

In a prognostic modeling context, we have previously pro-
posed to estimate a calibration curve of a prognostic model
using Cox regression with a restricted cubic spline to specify
the relationship between model predictions (on the log-hazard
scale) and the hazard of right-censored outcomes [14]. How-
ever, even semiparametric estimates typically rely on global
model assumptions, such as proportional hazards or restricted
cubic splines to transform the continuous covariate. Therefore,
a nonparametric estimator may be preferable, giving better esti-
mates than (semi)parametric alternatives in scenarios where
(semi)parametric model assumptions are violated. Symmetric
nearest neighbor smoothing of pseudo-observations has been
proposed as a non-parametric alternative which requires that the
censoring distribution is independent of the covariate of interest
(the predicted probability in a calibration curve) [3, 15].

We aimed to study a straightforward extension of LOESS to esti-
mate a smooth relationship between a continuous covariate and
the probability of an event within a specified time horizon in the
presence of random or covariate-dependent right-censoring. We
illustrated locally estimated scatterplot smoothing for censored
data (LOESScd) in case study data with varying censoring mech-
anisms and examined the finite-sample behavior of LOESScd in
simulations motivated by four typical prognostic model valida-
tion scenarios.

2 | Methods

2.1 | LOESS for Censored Data

In line with other work, we will use IPC weights to transform the
observed outcomes, but we will focus on the survival probability
at a specific timepoint and directly multiply the IPC weights with
the events observed before that time point [9-13]. This straight-
forward use of IPC weights is intuitively related to the fact that
the nonparametric Kaplan—Meier estimator at a fixed time point
can be written as a weighted average of the events observed before
that time point, with weights equal to the inverse probability of
observing the event [16]. At a specific covariate level x’ —or in a
small neighborhood of covariate level x’—such a weighted aver-
age of observed events is an estimator of the probability of the
event conditional on x = x’. To estimate a smooth relationship
between a continuous covariate x and the probability of the event,
we use the LOESS of the relationship between observations of x
and the weighted events.

Fori=1, ..., N let T;" be the random variable denoting the (pos-
sibly unobserved) failure time and C; be the random variable
denoting the (possibly unobserved) censoring time for subject
i. Let T, = min(7T}*,C;) and let A, = I (T < C;). The data typi-
cally consist of observed pairs of (7;, A, ), denoted as (7,,8;). The
Kaplan-Meier estimator S(t) for the survival probability at time t
is usually written as a product-limit estimator [6], but can also be
written as an IPC weighted average of the observed events at time

r[16] 8@ty =1 - %le I,[?t(,g,];l . With K (#,~) the Kaplan-Meier

estimate of Pr(C; >1,), the probability that a failure time is
observed. The “reverse Kaplan—-Meier estimate” K (1;—) is easily
calculated by treating failure events as “censored observations”
and censored observations as “failure events.” Note that the sum-

mands are either 0 (for censored observations at time ¢) or the

inverse probability of observing the failure time for fail-

L
K(1-)
ure events before time 7. The central idea of this paper is that we
can directly apply standard locally estimated scatterplot smooth-
ing to the summands % for estimating a smooth relation-
ship between a continuous covariate and the probability of failure
before time 7. When we are interested in the probability of sur-
vival beyond time ¢ rather than failure before time ¢, we can use

one minus the smooth estimator described above.

The estimator introduced here is based on Kaplan—-Meier esti-
mates of the probability that a failure time is observed. Conse-
quently, these estimates express the probability that a failure time
is observed for the whole sample, regardless of the level of covari-
ate x. When censoring is likely to depend on x, we can alterna-
tively estimate the probability K (7,—; x;) that the failure time of
patient i is observed conditional on x;, for example using Cox
regression with x or a (spline) function of x as covariate, with
the requirement that K (1,—) > 0 for failure times observed before
time 7. This feature is implemented in the LOESScd R function
which we will use in the remainder of this paper (Box 1).
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BOX1 | LOESScd function in R programming language.

# x is a continuous variable.
# S is a Surv object (Survival package [32]).
# u is the time point of interest.

# span is the smoothing span with default 0.75.

# between x and the log-hazard of censoring (~pspline(x)).

loess.surv «— function(x, S, u, span =0.75, formula.cens = ~1)

{
y<—S[1]
e—S[,2]
y.u «— pmin(y,u)
e.u«—e*(y<u)
e.cens.u «— (1-e) * (y<u)

G «— coxph(formula(paste("Surv(y.u, e.cens.u)",
paste(formula.cens, collapse =""))))

K «— exp(—predict(G,type = ‘expected’))
eloess «—e.u*1/K

loess.surv «— loess(e.loess™, span = span)

# formula.cens is the model for the censoring probability with sample-based Kaplan-Meier.
# estimates as default (~1). Alternatively, a Cox model can be used, for example, with a linear.

# relationship between x and the log-hazard of censoring (~x) or a spline relationship.

# Obtain event times

# Obtain event indicators

# Observed event times at time u
# Event indicators at time u

# Indicators of censoring at time u

# Fit censoring model G

# Probabilities that event times are observed
# The event indicators are inflated with 1/K

# Standard loess with inflated event indicators

2.2 | Case Study

The SYNTAX Extended Survival (SYNTAXES; NCT03417050)
study is an investigator-driven extension follow-up of a multicen-
ter, randomized controlled trial (SYNTAX; NCT00114972) done
in 85 hospitals across 18 North American and European countries
between March 2005 and April 2007 [17, 18]. Patients (n = 1800)
with de-novo three-vessel and left main coronary artery disease
were randomly assigned to either percutaneous coronary inter-
vention (PCI) or coronary artery bypass grafting (CABG). The
SYNTAXES study ascertained 460 10-year all-cause deaths.

The SYNTAX Score 2020 was developed in the SYNTAXES data
to predict 10-year mortality, conditional on the chosen revas-
cularization strategy [19]. The SYNTAX Score 2020 includes
seven prognostic factors for mortality (age; creatinine clearance;
left ventricular ejection fraction; chronic obstructive pulmonary
disease; peripheral vascular disease; medical treatment of dia-
betes; current smoking) and two treatment-covariate interac-
tions, with disease type (three-vessel disease or left main coronary
artery disease) and with the anatomical complexity of the disease
(expressed by the anatomical SYNTAX score).

We first used LOESScd to visualize the association between
patient age and the probability of death within 10years

in the original SYNTAXES data. Since the proportion of
loss-to-follow-up was limited in the SYNTAXES data (0.074 at
10years), we also visualized the association between age and
the probability of death within 10 years in the SYNTAXES data
with additional censoring. To do so, we randomly added expo-
nentially distributed censoring such that the probability of cen-
soring within 10years was 0.50. In a subsequent analysis, we
added exponentially distributed censoring such that the proba-
bility of censoring within 10years increased linearly from 0 at
age 30 to 0.50 at age 80. In each of these datasets, we applied two
versions of LOESScd. The first LOESScd estimate assumed ran-
dom censoring—with the probability of censoring based on the
reverse Kaplan—-Meier estimator. The second LOESScd estimate
allowed for possible age-dependent censoring—with the proba-
bility of censoring based on a Cox model including a penalized
spline of age with four degrees of freedom [20].

Second, we used LOESScd in the original SYNTAXES data to
visualize the association between the probability of death within
10years and the other three continuous covariates that were used
to develop the SYNTAX Score 2020: anatomical SYNTAX Score;
creatinine clearance; and left ventricular ejection fraction.

Third, we used LOESScd to estimate calibration curves in
patients who were assigned to PCI and CABG, respectively.
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These calibration curves visualize the agreement between pre-
dicted 10-year mortality according to the SYNTAX Score 2020 and
observed 10-year mortality. We estimated the calibration curves
in the original SYNTAXES data as well as in the SYNTAXES data
with additional random censoring.

2.3 | Simulation Study

We used simulations to examine the finite-sample behavior of
LOESScd when it is used for estimating calibration curves in
an external validation of a prognostic model. To do so, we
compared estimates of calibration curves with true calibration
curves—known because we control the true data generation
process—in four common scenarios that occur when validating
prognostic models in practice: perfect calibration; overestima-
tion; linear overfitting; and nonlinear miscalibration.

We used the SYNTAXES data as the basis for the generation of
a representative superpopulation (n=100000). We first gener-
ated nine covariates which are the predictors of the SYNTAX
Score 2020: four normally distributed continuous covariates (age;
anatomical SYNTAX score; creatinine clearance; and left ventric-
ular ejection fraction) and five Bernoulli distributed covariates
(smoking status, and whether patients have medically treated
diabetes, are receiving insulin, have chronic obstructive pul-
monary disease, and have peripheral vascular disease). To pre-
serve the correlations between covariates, we used the BinNor R
package with the observed covariance matrix as input [21, 22].

We generated time-to-event outcomes from a Weibull distribu-
tion with a shape parameter of 1.09 that was estimated from
the original SYNTAXES data. The scale parameters A = exp(a +
f(p)) were derived from the linear predictors Ip of the SYNTAX
Score 2020 and a constant a according to four typical scenar-
ios: (1) “Perfect calibration” where outcomes are generated with
f(p) = Ip and a such that the generated 10-year mortality is on
average equal to the predicted 10-year mortality with SYNTAX
Score 2020; (2) “Overestimation” with f(lp) = Ip and a such that
the generated 10-year mortality is on average 0.05 lower than pre-
dicted with SYNTAX Score 2020; (3) “Linear overfitting” where
f(p) = 0.8lp and « such that the generated 10-year mortality is
on average equal to the predicted 10-year mortality with SYN-
TAX Score 2020; and (4) “Nonlinear miscalibration” where the
linear predictors are transformed to f(Ip) = %lp + é(lp +1)3and
a such that the generated 10-year mortality is on average equal to
the predicted 10-year mortality with SYNTAX Score 2020.

We generated censoring times according to two scenarios: expo-
nentially distributed censoring times such that the probability of
censoring within 10 years was 0.50; and exponentially distributed
censoring such that the probability of censoring within 10 years
increased linearly from 0.30 to 1 over the full range of predicted
10-year mortality (0 to 1).

In 2000 randomly drawn samples of 1800 patients we used the
LOESScd to estimate 10-year mortality as a function of the pre-
dicted 10-year mortality with 0.95 confidence bands. We assessed
bias and coverage of these estimates at 200 equidistant quan-
tiles of the distribution of true 10-year probability of death in the
superpopulation [23]. Bias is summarized by the mean, 0.75 and

0.95 quantiles and the maximum of the absolute bias across the
200 quantiles of the true 10-year mortality distribution. The bias
at each quantile of the true 10-year mortality distribution is the
difference between the true value and the mean of the estimates
across 2000 samples. Coverage is summarized as the proportion
of 0.95 confidence band estimates that cover the true value across
200 quantiles and 2000 samples.

3 | Results

3.1 | CaseStudy

LOESScd assuming random censoring was able to accurately
visualize the association between patient age and the probabil-
ity of death within 10years in the original SYNTAXES data,
with estimates that closely followed the grouped Kaplan-Meier
estimates (Figure 1A). Based on the default smoothing span
(0.75), LOESScd provided a more stable estimate of the asso-
ciation, while with weaker smoothing (smoothing span 0.25),
local trends of the grouped Kaplan—Meier estimates were fol-
lowed more closely, at the risk of overfitting to the data sam-
ple. The probability of censoring was very limited in the SYN-
TAXES data (weighted events are close to 1). A large propor-
tion of loss-to-follow-up (0.44) was concentrated around year
5, when the original SYNTAX study was extended to the SYN-
TAXES study, resulting in higher weights for events that occurred
after year 5. This phenomenon is visualized by the two sepa-
rate levels of weighted events (gray dots) in Figure 1A. When we
used a spline function of age to model the probability of cen-
soring, the weighted events (and the resulting LOESScd) were
very similar, indicating that the relationship between age and
loss-to-follow-up was weak (Figure 1B).

With additional random censoring (0.50 at 10years), LOESScd
still visualized the association between patient age and the prob-
ability of death within 10years very well, regardless of the cen-
soring model (Figure 1C,D). Due to the additional censoring,
the confidence bands of the LOESScd estimates were wider.
When censoring was assumed random, but the actual censor-
ing increased with age (Figure 1E), LOESScd estimates deviated
from the grouped Kaplan-Meier estimates, especially at low and
high age. With a spline function of age to model the censor-
ing probability —nicely reflected by the increase of the weighted
events with age in Figure 1F—the LOESScd estimates were again
close to the grouped Kaplan-Meier estimates.

LOESScd estimates (assuming random censoring) of the associ-
ation between the probability of death within 10years and the
continuous covariates that were used to develop the SYNTAX
Score 2020 indicated different non-linear patterns (Figure 2): The
10-year probability of death increased more rapidly with increas-
ing age when age was above 70 years compared to when age was
below 70 years; the relationship with anatomical SYNTAX Score
was fairly linear; and the 10-year probability of death decreased
with increasing Creatinine clearance and increasing LVEF, but
less rapidly at higher values of these covariates.

When the calibration of SYNTAX Score 2020 was assessed
in patients who were assigned to PCI and CABG separately
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LOESScd: assuming random censoring assuming age—dependent censoring
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FIGURE1 | LOESScd estimates of the association between age and 10-year mortality. Estimates in the original SYNTAX trial data (first row), with
additional random censoring (second row), and with censoring that increases with age (third row). The estimates assume either random censoring (left
column) or age-dependent censoring (right column). The y-value of the scatter is 0 for non-events and the “inverse probability of observing the event
time” for events, with small random perturbations to enhance visibility (gray dots). Black dots represent Kaplan-Meier estimates in 20 equally sized
groups of increasing age. The shaded areas are 0.95 confidence bands of the LOESScd estimates.
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FIGURE 2 | LOESScd estimates of the association between four continuous predictors and 10-year mortality. Estimates of the association with

10-year mortality of respectively age (Panel A), anatomical SYNTAX Score (Panel B), Creatinine clearance (Panel C) and Left ventricular ejection
fraction (Panel D), in the original SYNTAXES trial data. Black dots represent Kaplan—Meier estimates in 20 equally sized groups. The shaded areas are

0.95 confidence bands of the LOESScd estimates.

(Figure 3A,B), the Kaplan-Meier estimates grouped by deciles
of risk and the LOESScd estimates of the calibration curves indi-
cated good agreement between predicted and observed 10-year
mortality. As expected, the grouped Kaplan-Meier estimates and
the LOESScd estimates were slightly different and less precise
when additional random censoring was added (Figure 3C,D), but
the calibration was similar.

3.2 | Simulation Study

In simulated data with random censoring, the LOESScd-based
calibration curves were on average close to the true calibration
curves of 10-year mortality predictions according to the SYN-
TAX SCORE 2020 (Figure 4), especially in simulation scenarios of
perfect calibration (Figure 4A), overestimation (Figure 4B), and
overfitting (Figure 4C). In the simulation scenario of non-linear

miscalibration (Figure 4D), the LOESScd-based calibration curve
did not fully capture the true calibration curve for patients at the
higher end of the predicted mortality distribution, but the bias
was still limited to a mean absolute bias of 0.004 and a 0.95 quan-
tile of the absolute bias 0of 0.022 (Table 1A). The bias was very sim-
ilar when a spline function was used —unnecessarily —to model
the relationship between predicted mortality and the censoring
probability (Table 1B). Furthermore, when the data were gen-
erated with censoring increasing with risk, results were again
very similar, provided that a spline function was used to model
the relationship between predicted mortality and the censor-
ing probability (Figure 5; Table 1C). The coverage of LOESScd
assuming random censoring was close to nominal (Table 1A)
and somewhat conservative when a relationship between pre-
dicted mortality and the censoring probability was estimated
(Table 1B,C).
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Treatment: PCI CABG
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FIGURE3 | Calibration curves of 10-year mortality predictions according to the SYNTAX Score 2020. Calibration curves are LOESScd estimates of
the association between predicted 10-year mortality according to the SYNTAX Score 2020 and observed 10-year mortality. The calibration is measured
in the PCI-arm (left column) and in the CABG-arm (right column) of the original SYNTAXES trial data (first row), and of the SYNTAXES trial data with
additional random censoring (second row). Black dots represent Kaplan-Meier estimates in 10 equally sized groups with 0.95 confidence intervals. The

shaded areas are 0.95 confidence bands of the LOESScd estimates.

4 | Discussion

LOESScd is a straightforward nonparametric estimator of the
smooth relationship between a continuous covariate and the
probability of an event within a specified time horizon when
right-censoring is present. LOESScd requires neither paramet-
ric assumptions on this relationship nor arbitrary binning
of observations. LOESScd estimates closely follow grouped
Kaplan-Meier estimates in several case study examples, with a
user-defined smoothing span to balance the ability to estimate
local trends against the risk of overfitting to the data sample.
LOESScd behaved well in simulations of typical prognostic model
validation scenarios, showing limited bias and close-to-nominal
coverage.

LOESScd is a valuable method for use in applied studies focused
on the relationship between a continuous covariate and the

probability of an event in the presence of right-censoring.
Right-censoring of data is often encountered in the medical field,
but analyses of times to a specific event are also found in other
fields, for example in reliability studies where not all parts fail
within the time horizon of the study [24]. In the medical field,
LOESScd is particularly useful for estimation of smooth cali-
bration curves when validating prognostic models—either tradi-
tional regression or modern Al models—in censored data [2, 3,
14]. Furthermore, LOESScd can play a role in predictive personal-
ized medicine for nonparametric estimation of the relationship of
covariates with the difference in the probability of an event across
interventions [25-27]. Future research should extend LOESScd
to settings with competing events [28].

LOESScd is in essence based on a censoring unbiased transforma-
tion of the outcome indicator at a specific timepoint, that is, the
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IPC multiplied by the outcome indicator [9-13]. The use of cen-
soring unbiased transformations and/or IPC weights to estimate
smooth associations between covariates and the probability of an
event in the presence of right-censoring may not be entirely novel
but is almost exclusively present in the methodological literature
and relatively unknown in the applied (medical) literature. Thus,
part of our work serves a translational goal —to promote the use
of this method in applied clinical studies, and especially for esti-
mation of smooth calibration curves when validating prognostic
models.

The advantage of LOESScd over (semi-)parametric alternatives is
that it does not require assumptions on the relationship between
the continuous covariate and the probability of an event or
on other model assumptions, for example, proportional haz-
ards when using Cox regression [14]. Semi-parametric models
or parametric models may be statistically more efficient with

smaller datasets if those assumptions are correct, but the perfor-
mance of (semi)parametric models may degrade if the underlying
assumptions are wrong. Our simulations showed good behav-
ior of LOESScd in realistic scenarios but were not designed
to examine its statistical properties under all possible circum-
stances. Future research should further evaluate its statistical
properties in comparison with parametric alternatives, in scenar-
ios where parametric model assumptions hold and in scenarios
where model assumptions are violated.

LOESScd is especially straightforward when the probability of
censoring does not depend on the continuous covariate for which
we estimate the relationship with the probability of an event.
In that case we use non-parametric reverse Kaplan-Meier esti-
mates to weigh the events. The previously proposed smoothing
of pseudo-observations would also be applicable under these cir-
cumstances [3, 15]. However, when the probability of censoring
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TABLE1 | Finite-sample behavior of the LOESScd estimator.

Absolute bias across 200 quantiles

Mean 0.75 quantile 0.95 quantile Maximum Coverage

A. Data with random censoring; LOESScd assumes random censoring

Perfect calibration 0.003 0.003 0.005 0.009 0.951
Overestimation 0.002 0.002 0.008 0.027 0.950
Overfitting 0.003 0.003 0.006 0.018 0.949
Nonlinear miscalibration 0.004 0.004 0.022 0.051 0.950
B. Data with random censoring; LOESScd assumes risk-dependent censoring

Perfect calibration 0.002 0.003 0.004 0.005 0.957
Overestimation 0.002 0.002 0.004 0.014 0.958
Overfitting 0.002 0.003 0.004 0.013 0.955
Non-linear miscalibration 0.004 0.003 0.021 0.047 0.956
C. Data with censoring increasing with risk; LOESScd assumes risk-dependent censoring

Perfect calibration 0.003 0.004 0.005 0.025 0.963
Overestimation 0.002 0.002 0.006 0.032 0.963
Overfitting 0.002 0.004 0.004 0.050 0.961
Nonlinear miscalibration 0.003 0.003 0.018 0.074 0.961

Note: The absolute bias at each of the 200 quantiles of the true 10-year mortality distribution is the absolute difference between true values and the mean of the estimates across 2000 samples. Coverage is the proportion of 0.95 confidence
band estimates that cover the true value across 200 quantiles and 2000 samples.
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depends on the continuous covariate of interest, we need to esti-
mate their relationship. We used a flexible Cox regression with
penalized splines to estimate the probability of censoring depen-
dent on the continuous covariate [20]. A likelihood ratio test of
this Cox model against a null model can inform us if it is neces-
sary to model the censoring pattern. Compared to estimates based
on the reverse Kaplan-Meier, this method led to improved esti-
mates in the presence of censoring that increased with the contin-
uous covariate, and to similar estimates when censoring was ran-
dom. Although we made parametric assumptions to model the
censoring pattern, it would be attractive to also estimate the cen-
soring pattern non-parametrically, for example, with a smoothed
moving average of overlapping-window Kaplan - Meier estimates
using the movStats function in Hmisc R-package [29]. The differ-
ent options for defining the censoring probability model could be
part of future comparisons of LOESScd with (semi-)parametric
alternatives.

We used two smoothing spans in this paper, that is, the default
smoothing span of the LOESS R-function (0.75) and a much
weaker smoothing span (0.25) to illustrate that the LOESScd is
a good local approximation of Kaplan-Meier estimates in small
groups of observations. Other work has already been dedicated
to optimization of the smoothing span [30, 31]. These optimiza-
tion procedures were out of the scope of this paper and could be
a topic of further research, especially when comparing LOESScd
with (semi-)parametric alternatives.

5 | Conclusion

In conclusion, LOESScd is a promising nonparametric estimator
of the relationship of a continuous covariate with the probabil-
ity of an event in the presence of right-censoring. The method is
especially useful for estimating calibration curves when validat-
ing prognostic models and avoids arbitrary binning of predicted
values.
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