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Abstract: Greenwood-based confidence intervals are widely used to quantify uncertainty in survival
quantile estimation based on the Kaplan-Meier estimator, and narrow intervals are often interpreted as
evidence of stable and reliable inference. However, such numerical precision does not directly address
the reproducibility of inferential conclusions under repeated sampling. The relationship between
Greenwood-based confidence-interval precision and reproducibility in survival quantile inference is
investigated. Reproducibility is quantified using reproducibility probability (RP), defined as the
probability that a survival quantile estimate is reproduced within a specified tolerance under repeated
sampling, along with its decision-based analogue RP(D) for two-group survival comparisons. Both
measures are estimated via a nonparametric bootstrap framework under a fixed study design and
sample size. Extensive simulations are conducted for single-group and two-group settings under
exponential, Weibull, and lognormal survival distributions, with independent and dependent right-
censoring. The results show that Greenwood-based confidence interval width is not a reliable
indicator of reproducibility: Narrow intervals may coexist with low RP, whereas wider intervals may
be associated with high RP, depending on the distribution, censoring mechanism, and inferential
target. In two-group comparisons, decision reproducibility is driven primarily by the stability of
the ordering between group-specific quantiles rather than by the numerical precision of individual
estimates, and under dependent censoring, decision reproducibility can be high even when confidence
intervals are wide. These findings highlight a fundamental distinction between numerical precision
and inferential reproducibility in survival analysis and underscore the need to assess reproducibility
alongside conventional confidence-interval reporting.
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1. Introduction

Time-to-event data arise naturally in a wide range of scientific fields, including medicine,
engineering, economics, and reliability analysis. A defining feature of such data is the presence of
censoring, whereby the event of interest is not fully observed for all study units. Nonparametric
methods play a central role in the analysis of censored survival data, with the Kaplan-Meier
estimator [1] remaining the most widely used tool for estimating survival functions.

Inference based on the Kaplan-Meier estimator [1] is commonly accompanied by variance
estimates and confidence intervals derived from Greenwood’s formula [2]. Greenwood-based
confidence intervals are routinely used to quantify estimation uncertainty for survival probabilities
and related quantities, such as survival quantiles. In practice, narrow confidence intervals are often
interpreted as evidence of reliable inference and stable conclusions. This interpretation implicitly
assumes that estimation precision adequately reflects the robustness of inferential results under
repeated sampling.

However, recent discussions in the statistical literature have emphasized that numerical precision
and reproducibility are distinct concepts, with precision describing the variability of an estimator
around its target and reproducibility reflecting the likelihood that similar inferential conclusions
would be obtained under repeated sampling or comparable conditions. This distinction has been
articulated in the broader reproducibility literature and formalized in statistical frameworks that
clarify differences between reproducibility, replicability, and related notions such as precision and
robustness [3–6]. A growing body of work has demonstrated that conventional measures of
uncertainty, such as standard errors or confidence-interval widths, may fail to capture the stability of
hypothesis-testing decisions. Despite this increasing interest in reproducibility, analogous questions
have received limited attention in the context of survival analysis.

In particular, the relationship between Greenwood-based confidence interval precision and the
reproducibility of survival quantile inference has not been formally investigated. Survival quantiles
play an important role in applied time-to-event studies, as they provide interpretable summaries of the
survival distribution and are frequently used for comparison between treatment groups. Yet, the
stability of survival quantile estimates and associated comparison decisions under repeated sampling
remains largely unexplored.

The issue becomes even more pronounced in the presence of dependent (informative) censoring.
While the Kaplan-Meier estimator relies on an assumption of independent censoring, practical
data-generating mechanisms may violate this assumption [1, 7]. Under informative censoring,
standard inferential procedures may not only lose efficiency but may also fail to identify target
survival quantities altogether [8,9]. The extent to which Greenwood-based confidence intervals reflect
inferential reliability under such conditions is unclear.

Beyond estimation precision, increasing attention has been directed toward the concept of
reproducibility in statistical inference [3, 4]. Broadly, reproducibility refers to the probability that a
similar inferential conclusion would be obtained if a study were repeated under the same design and
sample size [4, 5]. While reproducibility has been extensively discussed in the context of hypothesis
testing and p-values [3,6], its role in time-to-event analysis has received comparatively little attention.
In particular, it remains unclear whether commonly reported measures of precision, such as
Greenwood-based confidence intervals, adequately reflect the reproducibility of survival quantile
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estimates and related inferential conclusions.
This paper investigates the reproducibility of survival quantile inference beyond Greenwood-based

precision. Reproducibility probability (RP) measures are introduced for both single-group survival
quantile estimation and binary comparison decisions between two groups. Using nonparametric
bootstrap resampling, the probability that a given inferential conclusion is reproduced under repeated
sampling from the observed data is quantified. Through extensive simulation studies, the relationship
between Greenwood-based confidence interval width and reproducibility is examined under both
independent and dependent censoring mechanisms.

The remainder of the paper is organized as follows. Section 2 introduces RP for survival quantiles
and comparison decisions. Section 3 describes the simulation design under independent and dependent
censoring for single- and two-group settings. Section 4 presents and discusses the simulation results.
Section 5 summarizes the findings and conclusions.

2. Reproducibility probability for survival quantile inference

2.1. Survival quantiles

Let T denote a nonnegative survival time with survival function

S (t) = Pr(T > t), t ≥ 0.

For a given probability level p0 ∈ (0, 1), the corresponding survival quantile is defined as

τ(p0) = inf{t : S (t) ≤ p0}.

The quantity τ(p0) provides an interpretable summary of the survival distribution and is commonly
reported in applied time-to-event studies.

Given right-censored observations (Xi, δi), i = 1, . . . , n, where Xi = min(Ti,Ci) denotes the observed
time and δi = I(Ti ≤ Ci) is the event indicator, the survival function S (t) is typically estimated using
the Kaplan-Meier estimator [1]. Let t(1) < · · · < t(k) denote the ordered distinct event times. The
Kaplan-Meier estimator is given by

Ŝ (t) =
∏
t( j)≤t

(
1 −

d j

n j

)
,

where d j is the number of events at time t( j) and n j is the number of individuals at risk immediately
prior to t( j).

The corresponding estimator of the survival quantile is defined by

τ̂(p0) = inf{t : Ŝ (t) ≤ p0}.

2.2. Greenwood-based confidence intervals

Uncertainty in the Kaplan-Meier estimator Ŝ (t) is commonly quantified using Greenwood’s
variance estimator, which provides pointwise variance estimates for the estimated survival
probabilities [2, 7]. Based on this variance, pointwise confidence intervals for the survival function,
denoted by [L(t),U(t)], can be constructed using standard large-sample approximations.
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Confidence intervals for the survival quantile τ(p0) are then obtained by inverting these pointwise
confidence intervals, that is, by identifying the time points at which the lower and upper confidence
limits of the survival function cross the probability level p0. The resulting Greenwood-based
confidence interval for τ(p0) is denoted by [̂

τL(p0), τ̂U(p0)
]
,

with width
WG(p0) = τ̂U(p0) − τ̂L(p0).

In applied analyses, the interval width WG(p0) is frequently interpreted as a measure of estimation
precision, with narrower intervals suggesting more reliable inference. However, as demonstrated in this
paper, such numerical precision does not necessarily reflect the reproducibility or stability of inferential
conclusions under repeated sampling.

Due to the step-function nature of the Kaplan-Meier estimator, the set

T = {t : L(t) ≤ p0 ≤ U(t)}

may be empty or consist of multiple disjoint intervals, particularly under heavy censoring or when the
target quantile is not identifiable.

When T is empty, the quantile interval is defined to collapse to the point estimate, i.e.,

[̂τL, τ̂U] = [̂τ(p0), τ̂(p0)].

When T contains multiple disjoint intervals, the quantile confidence interval is defined as
[min(T ),max(T )], which may result in widened intervals.

In this study, Greenwood confidence intervals are constructed using the plain (untransformed)
variance estimator, consistent with standard Kaplan-Meier implementations. While this choice may
lead to conservative quantile intervals under sparse data or heavy censoring, such behavior reflects
intrinsic limitations of quantile estimation under censoring rather than a deficiency of the interval
construction.

2.3. Reproducibility probability for single-group inference

While confidence interval width reflects estimation variability, it does not directly capture the
stability of an inferential result under repeated sampling. In particular, a numerically precise estimate
may still be unstable if the study were repeated under the same design and sample size. To address
this limitation, RP is introduced as an explicit measure of inferential stability.

The RP is defined as the probability that a given inferential result would be replicated under repeated
sampling from the same population, conditional on the observed data and the resampling scheme.
In the context of this study, RP measures the likelihood that the estimated survival quantile remains
within a predefined tolerance level ε across bootstrap samples. Unlike confidence intervals, which
primarily quantify estimation uncertainty, RP captures the stability of inferential conclusions. A high
RP indicates that the result is reproducible under resampling, whereas a low RP suggests that the
conclusion is sensitive to sampling variability.

Let τ̂(p0) denote the estimated survival quantile obtained from the observed dataset. Consider a
hypothetical repetition of the study under the same experimental design, sample size, and censoring
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mechanism. Since the underlying data-generating distribution is unknown, repeated sampling is
approximated using nonparametric bootstrap resampling from the empirical distribution of the
observed data.

Let τ̂∗(p0) denote the survival quantile estimate obtained from a bootstrap sample. For a
pre-specified tolerance ε > 0, the RP is defined as

RP = Pr
(
|̂τ∗(p0) − τ̂(p0)| ≤ ε

∣∣∣ data
)
,

where this probability is approximated by the empirical proportion of bootstrap replicates for which
the inequality holds.

The tolerance ε is chosen as a fixed fraction of τ̂(p0), ensuring scale invariance across different
survival time distributions and facilitating interpretation across scenarios. Under this definition, RP
represents a data-conditional measure of reproducibility and approximates the probability of obtaining
a practically equivalent survival quantile estimate if the study were repeated under the same conditions.

Importantly, RP is conceptually distinct from coverage probability or confidence-interval width.
Whereas Greenwood-based confidence intervals quantify estimation uncertainty for a single
realization of the data, RP directly assesses the stability of the estimated survival quantile under
repeated sampling. Consequently, high numerical precision, as indicated by a narrow confidence
interval, does not necessarily imply high reproducibility, a phenomenon investigated in detail in
subsequent sections.

2.4. Decision reproducibility in two-group comparisons

In comparative survival studies, interest often lies not only in estimating survival quantiles but also
in comparing them across groups. Consider two groups, denoted by A and B, with corresponding
survival quantiles τA(p0) and τB(p0). A binary decision is defined as

D = I
{
τA(p0) < τB(p0)

}
,

which indicates whether group A exhibits shorter survival at level p0 than group B.
Let D̂ denote the observed decision based on the Kaplan-Meier quantile estimates. Using bootstrap

resampling performed independently within each group, bootstrap decisions D̂∗ are obtained. The
decision RP is then defined as

RP(D) = Pr
(
D̂∗ = D̂

∣∣∣ data
)
,

which is approximated by the proportion of bootstrap samples yielding the same decision as the original
dataset.

The quantity RP(D) directly quantifies the stability of the inferential conclusion, rather than the
variability of individual parameter estimates. This distinction is particularly relevant when narrow
confidence intervals coexist with unstable comparison outcomes.
Precision versus reproducibility: Under asymptotic normality θ̂ ∼ N(θ, σ2/n), one expects Pr(|̂θ∗ −
θ̂| ≤ ε) ≈ 2Φ(ε/σ̂) − 1. When ε = k · CI width, RP should increase monotonically with precision.
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This relationship breaks down for Kaplan-Meier quantiles due to three factors:

(1) Censoring, which creates heterogeneous information density along the survival curve;
(2) The step-function form of the Kaplan-Meier estimator, which induces discrete jumps and may

produce artificial clustering of quantile estimates;
(3) Quantile inversion, which applies a non-linear transformation to the sampling behavior of the

survival estimator.

These irregularities explain the simulation results where narrow confidence intervals coexist with
low reproducibility, particularly for upper-tail quantiles under heavy censoring.

2.5. Bootstrap approximation of reproducibility

The RPs considered in this study are estimated using a nonparametric bootstrap resampling scheme.
Since the true data-generating distribution is unknown, repeated sampling under the same experimental
conditions is approximated by resampling from the empirical distribution of the observed data [10,11].

Specifically, bootstrap samples are generated by resampling individual observations with
replacement, where each observation consists of an observed time and censoring indicator
pair (Xi, δi). This pairs bootstrap preserves the joint structure of survival times and censoring
indicators and is consistent with the nonparametric nature of the Kaplan-Meier estimator [7, 12]. For
each bootstrap sample, the Kaplan-Meier estimator and the corresponding survival quantile estimate
are recomputed, yielding an empirical approximation to the sampling distribution of the survival
quantile under repeated sampling.

RPs are then obtained by evaluating the proportion of bootstrap replicates that yield inferential
results consistent with those obtained from the original dataset, according to the definitions given in the
preceding subsections. All reproducibility measures reported in this study are based on a fixed number
of bootstrap replicates, and the same resampling scheme is applied across all simulation scenarios to
ensure comparability.

Bootstrap approximation and its limitations: The RP proposed in this study is estimated using a
nonparametric bootstrap procedure, which approximates repeated sampling from the underlying
population by resampling from the empirical distribution of the observed data. This approach
implicitly assumes that the empirical distribution provides a reasonable approximation to the joint
data-generating mechanism governing both survival times and censoring.

While this assumption is standard in nonparametric inference, it may be violated in settings with
dependent censoring, where the censoring mechanism is related to the underlying survival process. In
such cases, the empirical distribution may fail to adequately capture the dependence structure between
event and censoring times. Consequently, the bootstrap-based RP should be interpreted as a data-
conditional approximation to repeated-sampling reproducibility rather than an exact probability under
the true data-generating process.

Despite this limitation, the bootstrap framework provides a practical and widely used tool for
assessing inferential stability, particularly in complex settings where analytic characterization of the
sampling distribution is not available.
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2.6. Algorithm for RP estimation

The complete procedure for estimating RP for survival quantiles under right censoring is
summarized in Algorithm 1.

Algorithm 1 Simulation procedure for RP of τ(p0) under right censoring
Require: n, p0 ∈ (0, 1), target censoring c, event-time model, B, α, Nsim

Ensure: τ̂(p0), CI width W, and R̂P for each replicate
1: for r = 1, . . . ,Nsim do
2: Generate T1, . . . ,Tn from the chosen event-time distribution
3: Generate censoring times C1, . . . ,Cn independently targeting c
4: Set Xi = min(Ti,Ci) and δi = I(Ti ≤ Ci)
5: Fit Kaplan-Meier Ŝ (t) using {(Xi, δi)}ni=1

6: Compute τ̂(p0) = inf{t : Ŝ (t) ≤ p0}

7: Obtain Greenwood limits (L(t),U(t)) for Ŝ (t)
8: T ← {t : L(t) ≤ p0 ≤ U(t)}
9: [̂τL(p0), τ̂U(p0)]← [min(T ),max(T )]

10: W ← τ̂U(p0) − τ̂L(p0)
11: for b = 1, . . . , B do
12: Resample {(Xi, δi)}ni=1 with replacement
13: Fit Kaplan-Meier Ŝ ∗(b)(t) and compute τ̂∗(b)(p0)
14: end for
15: ε← α τ̂(p0)
16: R̂P← 1

B

∑B
b=1 I

(∣∣∣̂τ∗(b)(p0) − τ̂(p0)
∣∣∣ ≤ ε)

17: Store (̂τ(p0),W, R̂P)
18: end for

This algorithm is applied in the simulation study described in the following section to assess the
relationship between Greenwood-based confidence interval precision and RP.

3. Simulation study

A simulation study is conducted to investigate the relationship between Greenwood-based
confidence-interval precision and RP for survival quantile inference. The main goal is to assess
whether narrow Greenwood-based confidence intervals reliably indicate stable and reproducible
conclusions under repeated sampling, across a range of data-generating mechanisms and censoring
structures.

3.1. Data-generating mechanisms

To examine reproducibility under diverse survival and censoring structures, seven data-generating
scenarios are considered, combining different survival distributions, censoring mechanisms, and study
designs.
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Survival times are generated from several parametric distributions commonly used in time-to-event
analysis. In the baseline setting, survival times T follow an exponential distribution with constant
hazard rate λ = 0.5, providing a benchmark scenario with relatively simple and well-understood
survival dynamics.

To examine robustness beyond the exponential case, additional simulations use Weibull and
lognormal distributions. Specifically, the Weibull distribution with shape parameter 1.5 and scale
parameter 2.0 allows for monotone hazard functions, extending the exponential model to settings with
time-varying risk. The lognormal distribution, specified with meanlog = 0 and sdlog = 0.8, induces a
non-monotone hazard function and represents more complex survival dynamics. Together, these
models enable a systematic evaluation of reproducibility across survival distributions of increasing
structural complexity.

Two censoring mechanisms are considered. Under independent censoring, censoring times C are
generated independently of survival times T , satisfying the standard assumptions required for valid
Kaplan-Meier inference. The censoring distribution is calibrated to achieve approximately 10%, 30%,
and 50% censoring, representing low, moderate, and high levels commonly observed in practice.

To investigate the impact of informative censoring, a dependent censoring mechanism is considered.
Survival times T are generated from the specified distributions, and censoring times C are generated
conditionally on T according to

C = T · U1/γ, U ∼ Uniform(0, 1),

where γ > 0 controls the strength of dependence between T and C.
This construction induces informative censoring, as the censoring time C is directly linked to the

underlying survival time T . Larger values of γ produce censoring that is closer to independence, while
smaller values induce stronger dependence, leading to earlier censoring for individuals with shorter
survival times.

The parameter γ is calibrated to achieve the target realized censoring levels:

• Low: γ = 0.5 (approximately 15% censoring)
• Moderate: γ = 0.3 (approximately 30% censoring)
• High: γ = 0.2 (approximately 50% censoring)
• Very High: γ = 0.1 (approximately 70% censoring)

This formulation provides a transparent way to control both the level of censoring and the strength
of dependence, allowing systematic evaluation of informative censoring effects on reproducibility.

Simulations cover both single-group (reproducibility of τ(p0)) and two-group settings. In the two-
group case, independent samples represent treatment/control groups with distinct survival distributions.
Decision reproducibility RP(D) is computed as defined in Section 2, using group-specific Kaplan-
Meier quantiles τ̂A(p0) and τ̂B(p0).

Greenwood-based confidence intervals are constructed using the log-log transformation and
obtained by inverting Kaplan-Meier confidence bands. Their widths are used as measures of
numerical precision and compared with RP(D) to assess whether Greenwood-based precision reflects
the reproducibility of comparative survival conclusions.
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3.2. Simulation design

The simulation study examines sample sizes n ∈ {50, 100, 200}, survival quantile levels
p0 ∈ {0.5, 0.8} (representing central and upper-tail behavior), and target censoring proportions c.

For each scenario (n, p0, c) and for each specified survival distribution and censoring mechanism,
Nsim = 150 independent datasets are generated. Within each simulated dataset, the Kaplan-Meier
estimator is computed, the survival quantile estimate τ̂(p0) is obtained, and Greenwood-based
confidence intervals are constructed by inversion of the Kaplan-Meier confidence bands. RPs are
estimated using a nonparametric bootstrap procedure with B = 300 resamples, as described in the
previous subsection.

The simulation study is designed to address the following questions:

• Does Greenwood-based confidence-interval precision reliably reflect reproducibility across
different survival distributions?
• How do independent and dependent censoring mechanisms affect reproducibility?
• To what extent can high numerical precision coexist with low reproducibility in both single-group

and two-group survival inference?

4. Simulation results and discussion

This section presents the results of the simulation study designed to investigate the relationship
between Greenwood-based confidence interval (CI) precision and RP in survival analysis.
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Figure 1. Relationship between Greenwood-based precision and RP for survival quantiles
under an exponential model.
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Figure 1 illustrates the relationship between RP and the width of the Greenwood confidence
interval for the survival quantile τ(p0) in a single-group under an exponential model. The results
are shown for different sample sizes (n = 50, 100, 200), censoring levels (0.1, 0.3, 0.5), and quantile
levels (p0 = 0.5, 0.8). Although Greenwood-based confidence intervals generally become narrower as
the sample size increases, the RP remains heterogeneous, suggesting that estimation precision alone is
insufficient to ensure reproducibility of survival quantile inference. For p = 0.5, RP increases with
sample size and approaches one as censoring increases.

The effect of censoring on Greenwood-based confidence interval width depends strongly on the
location of the target survival quantile. For p0 = 0.5, the quantile lies in a region of the survival curve
that is typically well supported by observed events. As a result, increasing censoring primarily
truncates the upper tail of the survival distribution while leaving substantial information around the
median, which may lead to stable or even narrower Greenwood-based confidence intervals. In
contrast, for p0 = 0.8, the survival quantile lies in a region with fewer observed events and a rapidly
diminishing risk set. Under increased censoring, estimation uncertainty in this region grows
substantially, resulting in wider Greenwood-based confidence intervals. This contrast highlights the
local nature of Greenwood-based precision and its dependence on information availability around the
target quantile.

Figure 2 displays the relationship between RP and Greenwood-based confidence-interval width for
the survival quantile τ(p0) in a single group using a Weibull model. The results are shown for sample
sizes n = 50, 100, 200, censoring levels 0.1, 0.3, 0.5, and quantile levels p0 = 0.5, 0.8.
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Figure 2. Relationship between Greenwood-based precision and RP for survival quantiles
under a Weibull model.
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Compared with the exponential model, the Weibull distribution yields somewhat wider
Greenwood-based confidence intervals for the survival quantiles. This reflects the increased flexibility
of the Weibull hazard function, which induces additional variability in the estimation of the
Kaplan-Meier survival curve and its associated quantiles.

Despite this increase in interval width, RPs under the Weibull model are consistently slightly higher
than those observed under the exponential model. Thus, although numerical precision is reduced, the
estimated survival quantiles exhibit greater stability under repeated sampling.

The contrast between Greenwood-based precision and reproducibility under the Weibull and
exponential models highlights the distinct roles of distributional structure in survival inference. While
the Weibull model introduces additional variability due to its non-constant hazard rate, it also imposes
a smoother and more structured evolution of risk over time. This structure can enhance the stability of
survival quantile estimates across repeated samples, leading to higher RPs despite wider confidence
intervals.

These findings further emphasize that reproducibility is not solely determined by estimation
precision and that wider confidence intervals do not necessarily imply less reproducible inference.

Figure 3 displays the relationship between RP and Greenwood-based confidence-interval width for
the survival quantile τ(p0) in a single group under a lognormal model. The results are shown for sample
sizes n = 50, 100, 200, censoring levels 0.1, 0.3, 0.5, and quantile levels p0 = 0.5, 0.8.

Censoring = 0.1 Censoring = 0.3 Censoring = 0.5

p
0  = 0.5

p
0  = 0.8

0 1 2 3 0 1 2 3 0 1 2 3

0.25

0.50

0.75

1.00

0.25

0.50

0.75

1.00

Greenwood CI width

R
ep

ro
du

ci
bi

lit
y 

P
ro

ba
bi

lit
y 

(R
P

)

Sample size (n) 50 100 200

Figure 3. Relationship between Greenwood-based precision and RP for survival quantiles
under a lognormal model.

Under the lognormal model, Greenwood-based confidence intervals for the survival quantiles are
generally narrower than those obtained under the exponential model. This reflects the concentration
of event times in the early-to-moderate portion of the survival distribution, where the Kaplan-Meier
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estimator is supported by a relatively large number of observed events.
In addition, RPs under the lognormal model are consistently slightly higher than those observed

under the exponential model, indicating greater stability of the estimated survival quantiles under
repeated sampling. The improved Greenwood-based precision and reproducibility observed under the
lognormal model can be attributed to the strong clustering of event times in regions where the target
survival quantiles are evaluated. Although the lognormal distribution exhibits heavier tails and a
non-monotone hazard function, the availability of substantial local information enhances both
numerical precision and inferential stability.

Figure 4 illustrates the relationship between Greenwood-based confidence interval width and RP
under independent censoring. For the central survival quantile (p0 = 0.5), a clear positive association
between numerical precision and reproducibility is observed. As censoring increases, confidence
intervals tend to become narrower, and RP correspondingly increases. Wider intervals are generally
associated with lower reproducibility, whereas narrower intervals coincide with greater inferential
stability.
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Figure 4. Relationship between Greenwood-based precision and RP for survival quantiles
under independent censoring.

For the upper survival quantile (p0 = 0.8), a similar but more moderate pattern is observed. For
larger sample sizes (n = 100, 200), confidence intervals are slightly narrower, and RPs are
correspondingly higher. As censoring increases, interval width expands modestly, and RP decreases
slightly across sample sizes.

Generally, under independent censoring, Greenwood-based interval width and RP exhibit a broadly
consistent relationship, particularly for central quantiles. These results indicate that when the non-
informative censoring assumption holds, numerical precision provides a reasonable, though not perfect,
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indication of inferential stability.
Figure 5 illustrates how the relationship between Greenwood-based confidence interval width and

RP depends both on the target quantile and on the level of realized dependent censoring.
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Figure 5. Relationship between Greenwood-based precision and RP for survival quantiles
under dependent censoring.

For the median (p0 = 0.5), confidence interval widths are relatively wide under low to high
censoring, and RP displays noticeable heterogeneity, with some low values despite moderate interval
widths. Interestingly, under very high censoring, confidence interval widths become narrower
particularly for larger sample sizes, and RP frequently approaches one. This behavior suggests that
the median is primarily determined by earlier event times, which may remain informative even when
late observations are heavily censored. Hence, severe censoring does not necessarily destabilize
median-based decisions.

In contrast, for the upper quantile (p0 = 0.8), confidence interval widths are relatively narrow, and
RP is generally high under low to high censoring. When censoring becomes very high, confidence
interval widths increase substantially, reflecting weaker identification of the upper-tail survival
quantile due to limited late-event information. Nevertheless, RP often remains high. This indicates
that reproducibility of the decision may persist even when the quantile estimate itself is imprecisely
identified. In such cases, the stepwise structure of the Kaplan-Meier estimator can produce repeated
crossing at similar event times across replications, yielding stable decisions despite widened
confidence intervals.

Overall, these results demonstrate that interval precision and decision reproducibility respond
differently to dependent censoring, and that Greenwood-based confidence interval width alone is
insufficient to characterize inferential reliability.
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Figure 6 illustrates the relationship between the combined Greenwood-based confidence interval
width and the decision RP, RP(D), in a two-group survival comparison under independent censoring.
The horizontal axis represents the total Greenwood-based interval width for the two groups, while the
vertical axis reports the probability of reproducing the binary decision that group A experiences events
faster than group B.
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Figure 6. Decision reproducibility under independent censoring in a two-group survival
comparison.

Across all censoring levels, decision reproducibility is generally high, even when the combined
confidence interval width is relatively large. This indicates that numerical imprecision in the estimation
of group-specific survival quantiles does not necessarily translate into instability of the comparative
decision. In particular, the ordering of the estimated survival quantiles is frequently preserved under
bootstrap resampling.

For p0 = 0.5, confidence intervals tend to be wider under lower censoring levels, while RP(D)
remains slightly high. As censoring increases, interval widths become moderately narrower, and RP(D)
increases for most sample sizes, suggesting that the comparative decision becomes more stable despite
changes in interval precision.

For p0 = 0.8, the primary effect of censoring is reflected in increased dispersion of RP(D) values,
particularly for smaller sample sizes (n = 50, 100). As censoring increases from 0.1 to 0.5, greater
variability in RP(D) is observed for small and moderate samples, whereas larger sample sizes maintain
consistently high decision reproducibility. Overall, RP(D) at p0 = 0.8 is slightly higher than that
observed for p0 = 0.5, further illustrating that decision stability in group comparisons is not solely
determined by interval width.
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In the two-group setting under dependent censoring (Figure 7), results are reported only for a low
nominal censoring level (c = 0.1), as higher censoring levels frequently prevent identification of the
target survival quantiles and render the comparison decision ill-defined. Even at this low censoring
level, Greenwood-based confidence intervals for the group-specific survival quantiles are relatively
wide, reflecting the violation of the non-informative censoring assumption underlying Greenwood’s
variance estimator.
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Figure 7. Decision reproducibility under dependent censoring in a two-group survival
comparison.

Despite these wide confidence intervals, the decision RP, RP(D), is frequently very high and often
equal to one. This apparent stability arises because the bootstrap resampling procedure repeatedly
preserves the same ordering of the estimated survival quantiles across groups. Consequently, the
binary comparison decision remains unchanged across bootstrap replicates, even though the
individual quantile estimates themselves exhibit substantial numerical uncertainty.

Importantly, high decision reproducibility in this setting should not be interpreted as evidence of
valid or unbiased inference. Rather, it reflects the structural stability of the group ordering induced by
the dependent censoring mechanism, which is propagated through bootstrap resampling. Thus, RP(D)
may remain close to one even when the underlying interval estimation is theoretically invalid due to
violation of the non-informative censoring assumption.

It is important to distinguish between valid and reproducible inference. Validity refers to whether
the assumptions underlying a statistical method are satisfied, such as the assumption of independent
censoring in survival analysis. Reproducibility, on the other hand, refers to the stability of results under
repeated sampling. A key insight of this work is that reproducibility does not guarantee validity. For
example, an estimator may yield highly reproducible results under repeated sampling but still be biased
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or invalid if model assumptions are violated. Conversely, a valid method may produce results with low
reproducibility due to inherent variability in the data. Therefore, both validity and reproducibility
should be considered jointly when evaluating statistical inference.

It is also important to note that the bootstrap procedure used in this study relies on the assumption
that the empirical distribution adequately represents the underlying data-generating mechanism. This
assumption may be violated under dependent censoring, where the censoring mechanism is related to
the survival process. In such settings, the standard nonparametric bootstrap may fail to capture the
true dependence structure, potentially leading to biased or misleading estimates of RP. Consequently,
RP values should be interpreted with caution in the presence of dependent censoring, and developing
methods that more appropriately address reproducibility under dependent censoring remains an
important direction for future research.

The choice of ε plays a key role in defining the RP. In this study, ε is selected as a fixed proportion
of the estimated quantile to ensure scale invariance; however, this choice is somewhat arbitrary. To
assess the robustness of the proposed measure, a sensitivity analysis is conducted over multiple values
of ε. The results indicate that, although the numerical values of RP change with ε, the overall
qualitative conclusions remain consistent: Scenarios with low reproducibility under one choice of ε
tend to remain low under alternative choices. These findings suggest that the proposed framework is
robust to moderate variations in ε, although careful selection of ε may be warranted depending on the
application context.

The reproducibility measures proposed in this work are defined operationally through the bootstrap
and are studied here primarily via simulation. A formal large-sample theoretical framework (e.g.,
consistency or asymptotic distributions) for the estimators of RP and RP(D) is not developed in this
study. Establishing such properties would require additional technical conditions on the
data-generating mechanism and the bootstrap scheme, and lies beyond the scope of the present paper.
Nonetheless, simulation results across a wide range of designs provide empirical support for the
stability and interpretability of the proposed measures, and a rigorous asymptotic treatment represents
an important avenue for future research.

4.1. Real data illustration

To illustrate the practical relevance of the proposed RP, the methodology is applied to a real-world
survival dataset. Specifically, the well-known lung cancer dataset from the survival package in R is
considered, which has been widely used in the survival analysis literature.

The dataset contains survival times and censoring indicators for patients with advanced lung
cancer. The Kaplan-Meier estimator is used to estimate the survival function, and survival quantiles
are obtained for p0 = 0.5 and p0 = 0.8.

To assess reproducibility, a nonparametric bootstrap procedure with B = 300 resamples is
implemented. For each bootstrap sample, the survival quantile τ̂(p0) is re-estimated, and the
reproducibility probability is computed as

RP =
1
B

B∑
b=1

I
(∣∣∣̂τ∗(b)(p0) − τ̂(p0)

∣∣∣ ≤ ε) ,
where ε is taken as a fixed proportion of the estimated quantile.
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Table 1 presents the estimated survival quantiles, Greenwood-based confidence interval widths, and
RPs for the lung dataset. For the median survival (p0 = 0.5), the confidence interval is relatively wider,
and the corresponding RP is higher. In contrast, for the upper quantile (p0 = 0.8), the confidence
interval appears slightly narrower, while the RP is lower.

Table 1. Greenwood-based confidence interval width and RP for survival quantiles in the
lung dataset.

p0 τ̂(p0) CI width RP
0.5 310 0.139 0.773
0.8 145 0.105 0.663

This pattern indicates that narrower confidence intervals do not necessarily imply greater
reproducibility. Although Greenwood-based precision suggests improved numerical accuracy for the
upper quantile, the corresponding RP reflects reduced stability of the estimated quantile under
resampling. This empirical finding is consistent with the simulation results and highlights the
importance of complementing classical precision measures with reproducibility-based assessments.

For the two-group analysis, patients are stratified by sex, and survival quantiles are estimated
separately for each group. The decision of whether one group experiences events faster than the other
is evaluated, and its reproducibility is assessed via bootstrap resampling.

Table 2 presents the estimated survival quantiles for the two groups, along with the corresponding
decision and its RP. The results indicate that group A exhibits shorter survival times than group B at
the median level, leading to the decision τ̂A(p0) < τ̂B(p0).

Table 2. Decision reproducibility for survival quantiles in the lung dataset (grouped by sex).

p0 τ̂A τ̂B Decision RP(D)
0.5 269 371 A < B 1

The RP of the decision is equal to one, indicating that the ordering between the two groups is
perfectly stable under bootstrap resampling. In this case, the inferential conclusion is highly
reproducible.

However, this result also illustrates that reproducibility reflects the stability of the decision rather
than its statistical precision. Even when confidence intervals for the group-specific quantiles may be
relatively wide, the decision itself can remain highly stable if the separation between the groups is
sufficiently large. This further emphasizes the distinction between numerical precision and decision
reproducibility highlighted throughout this study.

5. Conclusions

This study examines the relationship between Greenwood-based confidence interval precision and
reproducibility in survival quantile inference. By introducing RP and its decision-based analogue,
RP(D), as explicit measures of inferential stability, numerical precision and reproducibility are shown
to capture fundamentally distinct aspects of uncertainty in survival analysis.
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Across a wide range of simulation scenarios, including multiple survival distributions, censoring
mechanisms, and study designs, Greenwood-based confidence interval width was shown to be an
unreliable proxy for reproducibility. In single-group settings, narrow confidence intervals did not
necessarily correspond to stable survival quantile estimates, while wide intervals could coexist with
high reproducibility. These phenomena were particularly pronounced under dependent censoring,
where violations of the non-informative censoring assumption undermined both the interpretation of
Greenwood-based precision and the validity of inference.

In two-group survival comparisons, decision reproducibility was found to depend primarily on the
stability of the ordering between group-specific survival quantiles rather than on the numerical
precision of the individual estimates. Under independent censoring, narrower confidence intervals
were often associated with higher decision reproducibility, particularly for central quantiles. In
contrast, under dependent censoring, decision reproducibility could reach one even when confidence
intervals were wide, reflecting deterministic stability induced by the data-generating mechanism
rather than genuine inferential reliability.

These results emphasize that reproducibility should not be inferred from confidence interval width
alone. Greenwood-based confidence intervals remain useful for quantifying local estimation
uncertainty, but they do not capture the stability of inferential conclusions under repeated sampling.
Incorporating reproducibility measures alongside conventional precision metrics can provide a more
complete and transparent assessment of reliability in survival analysis.

Future work may extend this framework to real-world survival data, alternative resampling schemes,
and population-level reproducibility measures, further clarifying the role of reproducibility in time-to-
event inference.
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