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Abstract

Survival analysis methods are often used to predict the time until the onset of an event
in settings when the true time-to-event (TTE) may be censored during training. Such
approaches typically assume uncensored data are representative of censored data and that
the probability of censoring conditioned on the covariates remains constant over time, i.e.,
there is no censoring distribution shift. However, both assumptions can fail in practice when
censoring results from interventions targeted to individuals with particular comorbidities
or genetic markers (such as prophylactic surgery when predicting time to cancer onset, or
scheduled cesarean delivery and induction when predicting time to spontaneous labor) and
changes in clinical policies alter which individuals are targeted for these interventions over
time. To address this, we propose a new approach, cluster-weighted inference of time-to-
event (CWITE), that remains accurate when these assumptions do not hold. Unlike existing
approaches that ignore times-to-censoring (TTC) or treat them only as a lower bound of the
TTE, CWITE leverages the insight that a subset of censored individuals are likely censored
close to their true TTEs, and uses a novel mechanism to learn from such individuals. On the
task of predicting time to spontaneous labor using real-world data, CWITE improves TTE
accuracy for individuals similar to censored training data (mean absolute error: 6.50 days,
95% CI: [5.55, 7.40] vs. 7.82 days, [6.82, 8.82]) while maintaining comparable performance
for those similar to uncensored training data (6.50 days, [5.54, 7.61] vs. 6.63 days, [5.67,
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7.69]). Our results demonstrate that incorporating more specific supervision from censored
training data can significantly improve TTE predictions in settings with limited overlap
and censoring distribution shift, challenges common in real-world clinical data. Code to
implement CWITE and reproduce all experiments in the paper is available at https:

//github.com/MLD3/CWITE.

1. Introduction

Survival analysis methods are widely used to estimate time-to-events (TTEs). They leverage
data from both uncensored individuals who experience the event of interest and censored
individuals who are observed to be event free up to some time before the event occurs.
These approaches typically assume sufficient overlap between the covariate distributions
of censored and uncensored individuals in the training data (Powell, 1984; Robins and
Rotnitzky, 1992; Lee et al., 2018; Wang and Sun, 2022). However, this assumption breaks
down when censoring results from interventions that target individuals with particular co-
morbidities or genetic markers (e.g., prophylactic surgeries when predicting time to cancer
onset or scheduled c-sections and inductions when predicting time to spontaneous labor),
which can lead to censored and uncensored individuals having markedly different covariates
(Metcalfe et al., 2019; ACOG, 2021).

This challenge is less of a concern when the probability of censoring remains constant
across time and environments. For instance, if individuals with specific covariates consis-
tently receive preventive interventions, their TTEs are never observed, and accurate predic-
tions of these TTEs have limited value. This assumption of stable censoring probabilities
underlies many approaches for handling informative or dependent censoring (Gharari et al.,
2023; Zhang et al., 2024). However, in practice, this assumption frequently breaks down,
not only due to rare events like pandemics, but also more routine factors such as evolving
guidelines (e.g., efforts to reduce unnecessary c-sections (The Leapfrog Group, 2025) or
increase elective inductions at 39 weeks (Carmichael and Snowden, 2019)), seasonal strain
(e.g., flu season (Axios News, 2025), holiday staffing shortages (VISTA Staffing Solutions,
2024)), and policy changes (e.g., limitations on COVID-19 booster eligibility (Gambino
and Press, 2025) and puberty blocker access (Mayo Clinic Staff, 2023)). Additionally, per-
sonal preferences play a role; some individuals, whose covariates suggest they should receive
interventions, may decline them, making accurate TTE prediction essential for personal-
ized care (Press, 2012; Rosenberg and Trevathan, 2018; Antoine and Young, 2020; Keelan
et al., 2021). We refer to this challenge as survival analysis with censoring distribution
shift : a setting where the relationship between the covariates and the probability of cen-
soring can change over time and across environments, and the goal is to produce accurate
TTE predictions for all individuals, regardless of their probability of being censored.

In this work, we show that existing survival analysis methods often struggle to predict
accurate TTEs for individuals similar to censored training data when overlap is limited, and
as a result, can perform poorly under censoring distribution shift that causes individuals
likely to be censored during training to become uncensored at test time. Standard ap-
proaches only penalize predictions that precede observed times-to-censoring (TTCs), which
can lead to systematic overestimation (Powell, 1984; Lee et al., 2018; Wang and Sun,
2022). Inverse probability of censoring weighting (IPCW) avoids this by relying solely on
reweighted uncensored training data, but fails when such data are not representative of
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Figure 1: Failure modes of existing survival analysis methods derived from one of our syn-
thetic data settings. (1) Ground-truth TTEs as a function of covariates. (2)
Observed times for uncensored (blue) and censored (red) data. (3) Overestima-
tion bias in standard methods. (4) Inaccuracy of IPCW under limited overlap.

censored training data (Robins and Rotnitzky, 1992; Dong et al., 2020). In summary, in
such challenging settings, models receive either absent (in the case of IPCW) or unspecific
(in the case of standard approaches) supervision for censored training data, resulting in
poor generalization to individuals similar to these data under censoring distribution shift
(Figure 1).

In light of these limitations, we propose an approach, Cluster-Weighted Inference of
Time-to-Event (CWITE), that specifically leverages censored data during training. CWITE
is motivated by two observations. First, given sufficiently informative input variables, in-
dividuals can often be grouped into clusters where members tend to exhibit similar TTEs.
Second, preventive interventions are often triggered by clinical information that is also pre-
dictive of the event time itself. For example, when predicting time to spontaneous labor,
pregnancy complications and evolving clinical trajectories may both indicate when labor
is likely to occur and prompt induction or cesarean delivery before spontaneous labor be-
gins (ACOG, 2021). Consequently, TTCs are not necessarily arbitrary: for some censored
individuals, the timing of intervention may contain information about the underlying trajec-
tory toward the event. At the same time, intervention timing is only partly determined by
clinical factors, as hospital scheduling constraints, resource availability, institutional work-
flows, and patient preferences introduce additional variation (Knight et al., 2016; Coates
et al., 2021). Censored individuals are therefore not always observed at a fixed or uniformly
distant time before their true TTEs; some may be censored close to when the event would
otherwise have occurred. This is particularly plausible in early-event regions, where the
range of possible TTC–TTE gaps is smaller and accurate prediction may be most clinically
actionable.

Our approach identifies individuals likely censored close to their true TTE by clustering
data in the input space. Within each cluster, the individual with the highest TTC is
most likely censored closest to their true TTE, since higher TTCs leave less room for the
gap between TTC and TTE. CWITE uses this cluster maximum as a reference point,
increasingly penalizing predictions that deviate from a censored individual’s TTC as that
TTC approaches the cluster maximum.
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We provide a theoretical analysis of the conditions under which CWITE performs op-
timally and propose adjustments to improve performance when these conditions are not
satisfied. We then empirically compare CWITE to several baselines on synthetic, semi-
synthetic, and real datasets with limited overlap between uncensored and censored training
examples. On these datasets, CWITE produces more accurate TTE estimates for individ-
uals resembling censored training data (without sacrificing accuracy for those similar to
uncensored training data) compared to existing methods. The contributions of this work
are as follows:

• We introduce a new survival analysis method, CWITE, designed to perform well under
limited overlap and censoring distribution shift.

• We present a theoretical analysis outlining the conditions under which CWITE per-
forms optimally, and describe adjustments to improve performance when these con-
ditions are not met.

• We conduct empirical evaluations of CWITE on synthetic, semi-synthetic, and real
datasets with limited overlap, demonstrating that CWITE yields more accurate TTE
estimates across varying censoring probabilities compared to existing baselines.

Generalizable Insights about Machine Learning in the Context of Healthcare

We consider settings where censoring occurs via a preventive treatment, and the treatment
decision is subject to factors that shift over time and across environments (e.g., clinical
guidelines, societal attitudes, and scheduling constraints (Antoine and Young, 2020; Rosen-
berg and Trevathan, 2018; Press, 2012)). This paper offers two insights relevant to this
setting. First, when the probability of censoring shifts across time and environments, a
challenge we call censoring distribution shift, existing survival analysis methods can pro-
duce inaccurate predictions for individuals who look similar to those censored at training
time, but who are uncensored at test time. Stratifying test-time evaluation by similarity to
censored vs. uncensored training data is essential for diagnosing these failures, as aggregate
metrics can mask substantial performance differences across these subgroups. Second, clus-
tering individuals by covariates offers a practical mechanism for identifying which censored
individuals are most likely censored near their true event times.

2. Problem Formalization & Background

In survival analysis, each individual i is associated with covariates x(i) ∈ Rd, event indicator

e(i) ∈ {0, 1}, and observed time t
(i)
obs ∈ N. The observed time is the individual’s TTE t

(i)
E if

e(i) = 1 or TTC t
(i)
C if e(i) = 0. Like previous work, we assume right censoring and that the

TTE, TTC, and censoring models can be identified from observed covariates (see Appendix
Section 1 for details) (Lee et al., 2018; Wang and Sun, 2022; Gharari et al., 2023; Zhang
et al., 2024).

Unlike prior work, we relax two common assumptions: (1) sufficient overlap in the
probability of being uncensored (Ptrain(e = 1 | x)) and (2) stable probabilities of censoring
between the training and test sets. First, we consider an asymmetric form of limited overlap,
limited uncensored training support, where the probability of being uncensored for some
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individuals in the training set, Ptrain(e = 1 | x), is low. In contrast to causal inference,
which defines overlap in terms of the probability of receiving treatment (i.e., the propensity
score) (Zhou et al., 2020), we define overlap in terms of the probability of being uncensored.
While both low and high values of the propensity score are problematic in causal inference,
since they indicate poor representation of either the treated or untreated group, in survival
analysis only low values of Ptrain(e = 1 | x) are problematic, as uncensored individuals
provide full supervision. High values do not pose an issue – in fact, when Ptrain(e = 1 | x) =
1 for all individuals, survival analysis reduces to a standard supervised learning problem.

Second, we allow for censoring distribution shift, where Ptest(e = 1 | x) > Ptrain(e = 1 |
x). This makes it challenging to predict TTEs for individuals with little or no uncensored
training support, i.e., those rarely observed to have an event but requiring reliable estimates
at test time. Such shifts can occur, for example, when policy changes (e.g., fewer prophylac-
tic surgeries), changing resource constraints, or patient preferences lead patients who would
have previously been censored to become uncensored. Throughout, we use limited overlap
and censoring distribution shift to refer to settings with low uncensored support in training
and high uncensored support at test time.

Our goal is to produce accurate TTE estimates for all individuals, including those with
a low probability of being uncensored during training. With this goal in mind, in the next
section, we review existing survival analysis methods and highlight their limitations under
limited overlap and censoring distribution shift. Our focus is not on model architecture, but
on how methods incorporate censored training data into their objectives to predict TTEs.

2.1. Existing Approaches in Survival Analysis

Standard survival analysis methods typically assume uninformative or randomly occurring
censoring, implying no censoring distribution shift. These methods learn t̂E by minimizing
different loss functions. One class of approaches, similar to Powell’s censored least absolute
deviation (CLAD) estimator (Powell, 1984), uses a loss that penalizes predicted TTEs for
censored individuals only when the prediction falls before their observed TTC. In contrast,
another class of approaches—including many deep learning-based survival analysis methods
(Lee et al., 2018; Wang and Sun, 2022; Pakbin et al., 2021; Lee et al., 2020)—explicitly
encourages predictions for censored individuals to fall after their TTCs by maximizing the
predicted survival probability beyond the TTCs. Both losses can yield biased estimates
for test individuals in covariate regions with limited uncensored training data. Because
overestimation of censored individuals’ TTEs is not penalized, predictions in these regions
may be systematically inflated (Figure 1).

Inverse probability of censoring weighting (IPCW) (Robins and Rotnitzky, 1992; Dong
et al., 2020) attempts to correct for this by reweighting uncensored examples to approximate
conditional independence between censoring and the TTE. This reweighting helps mitigate
censoring distribution shift in settings where uncensored support is limited in training but
more prevalent in testing. Unlike standard approaches, IPCW adjusts for underrepresented
strata by amplifying their influence during training, improving generalization in those re-
gions. Still, IPCW depends on some degree of uncensored support in training. When that
support is sparse or absent, IPCW may yield high-variance or biased estimates. This lim-
itation is well documented in analogous settings in the causal inference literature (where
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overlap is defined with respect to treatment rather than censoring), where techniques like
weight clipping can reduce variance but cannot eliminate bias from a lack of support (Li
et al., 2018; Zhou et al., 2020; Thomas et al., 2020; Imbens and Rubin, 2015).

In summary, both standard and IPCW methods break down when uncensored training
support is absent; standard methods are particularly vulnerable, as they lack any mechanism
to address the absence.

3. Proposed Approach

Our approach, CWITE, consists of two stages. In the first stage, we identify censored
individuals likely to provide more informative supervision. In the second stage, we opti-
mize a loss function that upweights censored individuals deemed more informative. The
pseudocode for CWITE is in Appendix Algorithm 1.

Stage 1: Clustering to Identify Informative Censored Cases. We begin by cluster-
ing the covariates of censored and uncensored training data and identifying the maximum
TTC in each cluster. Any clustering approach may be used, provided it satisfies Assump-
tion 1, defined in the next section.

Let censored individual i belong to cluster k, i.e., i ∈ Ck, where Ck denotes the set of
all individuals assigned to cluster k. Let Cc

k ⊆ Ck denote the subset of censored individuals
in cluster k. For each censored individual i, we denote the maximum TTC among censored

individuals in their cluster: t
(i)
max = maxj∈Cc

k
t
(j)
obs. Out of all individuals in cluster k, the

individual for whom this value corresponds to their TTC is likely censored closest to their
true TTE (formally justified based on Assumption 1 in the next section), and thus represents
the most reliable censored point in the cluster.

Stage 2: Novel Weighting Scheme for TTE Prediction. We train a model to pre-
dict TTEs using censored and uncensored training data. For uncensored individuals, we
minimize the IPCW loss to correct for non-random censoring. For censored individuals,
we introduce a novel loss formulation. For each censored individual i, we minimize a loss
that encourages the model’s predicted TTE to be close to their TTC, thereby discouraging
overestimation. To avoid significant underestimation, we scale each censored individual’s

loss contribution by the ratio g(t
(i)
obs)/g(t

(i)
max) where g(·) is a monotonic weighting function

(e.g., g(x) = ex). This ratio acts as a soft filter, assigning negligible weight to censored
data whose TTCs are far from the cluster maximum, and emphasizing those likely to have
been censored near their true TTE. In well-formed clusters, where members share simi-
lar underlying TTEs, this weighting prioritizes censored individuals whose TTCs are more
informative.

To balance the influence of censored and uncensored losses, we include a tunable hyper-
parameter λ. Thus, given that θ denotes the parameters learned by CWITE, the complete
objective minimized by CWITE is:
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min
θ

(
−
∑
i

e(i)

(
1

P
(
e(i) | x(i)

) logP (t̂(i)E = t
(i)
obs | x

(i); θ
))

− λ
∑
i

(
1− e(i)

) g
(
t
(i)
obs

)
g
(
t
(i)
max

) logP
(
t̂
(i)
E = t

(i)
obs | x

(i); θ
)

We describe practical considerations for selecting g and λ in the Experimental Setup
Section, Results Section, and Appendix Section 5.

3.1. Theoretical Analysis

Unlike existing approaches to survival analysis, CWITE does not require overlap between
censored and uncensored individuals or a constant censoring mechanism across environ-
ments. Instead, CWITE relies on a few structural assumptions about the training data.
We formalize these assumptions below and analyze how violations of these assumptions in-
fluence the effectiveness of CWITE. Along with the Cc

k notation defined above, we use the

following notation throughout: ∆(i) = t
(i)
E − t

(i)
obs is the time between a censored individual’s

TTE and their TTC.

Assumption 1 (Within-Cluster TTE Similarity) We assume that the clustering pro-
cedure groups individuals such that within each cluster k, true TTEs are relatively homo-
geneous. In contrast, variation in TTCs among censored individuals may reflect additional
censoring noise (e.g., due to administrative factors) that inflates their variance beyond that

of the underlying TTEs. Formally, we assume that Vari∈Cc
k
(t

(i)
C ) > Vari∈Cc

k
(t

(i)
E ).

When the above inequality holds, the excess variance in TTCs is more likely due to cen-
soring noise than true variation in TTEs. As a result, within a cluster, censored individuals
with larger TTCs (closer to tmax) are likely to be closer to their true TTEs.

Given that we assume identifiability of TTEs and censoring from observed covariates
alone, Assumption 1 is more likely to hold in settings with sufficiently large sample sizes and
low-to-moderate dimensionality, where meaningful clustering based on covariates is feasible.
In contrast, in small sample or high-dimensionality settings, the assumption becomes less
plausible, as noise dominates and clusters may reflect irrelevant or weakly predictive fea-
tures. However, we hypothesize that CWITE can remain effective even when Assumption 1
is weakened, provided the weighting function g(·) is chosen appropriately. We empirically
test this in the Results Section.

Assumption 2 (Within Cluster Close-to-TTEs TTCs) We assume that in each clus-
ter, at least one censored individual is observed sufficiently close to their true TTE. For-
mally, for some small threshold ϵ > 0 and for all k, we assume: P

(
mini∈Cc

k
∆(i) ≤ ϵ

)
≫ 0.

Below, we show two results. First, the probability that at least one censored individual’s
TTC is close to their TTE is monotonically increasing in |Cc

k|. Second, while the exact
dependence on p = mini∈Cc

k
P (∆(i) ≤ ϵ) is harder to characterize directly, a lower bound on
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this probability
(
1− (1− p)|C

c
k|
)
is monotonically increasing in p, indicating that as each

individual’s probability of being censored near their TTE increases, Assumption 2 becomes
more likely to hold.

Claim 1 The probability that at least one censored individual in cluster k is censored within
ϵ of their TTE, P

(
mini∈Cc

k
∆(i) ≤ ϵ

)
, is monotonically increasing in |Cc

k|, and its lower

bound 1− (1− p)|C
c
k| is monotonically increasing in p.

Proof 1 Assuming independence across individuals in Cc
k, we have: P

(
mini∈Cc

k
∆(i) ≤ ϵ

)
=

1−
∏

i∈Cc
k

(
1− P (∆(i) ≤ ϵ)

)
. We prove that the above function monotonically increases with

respect to |Cc
k| in the following way: adding individual j to the cluster multiplies the product∏

i∈Cc
k

(
1− P (∆(i) ≤ ϵ)

)
by (1 − P (∆(j) ≤ ϵ)), which lies in (0, 1). Therefore, it can only

decrease the product, meaning that it can only increase 1 −
∏
(·). We prove that the above

function’s lower bound monotonically increases with respect to p in the following way: since
p = mini∈Cc

k
P (∆(i) ≤ ϵ), we can bound

∏
i∈Cc

k

(
1− P (∆(i) ≤ ϵ)

)
≤ (1−p)|C

c
k| which implies

P
(
mini∈Cc

k
∆(i) ≤ ϵ

)
≥ 1− (1− p)|C

c
k|. This lower bound is monotonically increasing in p.

This implies that Assumption 2 is more likely to hold in clusters with more censored
individuals. Additionally, as the minimum individual probability of being censored near
one’s true TTE increases, the probability that Assumption 2 holds also increases.

Unlike Assumption 1, we do not introduce techniques to explicitly mitigate violations
of Assumption 2. Instead, we treat Assumption 2 as a descriptive property of the data:
an indicator of when CWITE is likely to perform well or poorly. In real survival analysis
datasets, this assumption cannot be directly verified because true TTEs are unknown for
censored individuals. However, its plausibility can be assessed using domain knowledge
about whether a set of features increases both event risk and prompts intervention. When
this is true, censored individuals may have TTCs close to when the event would otherwise
have occurred. This is especially plausible for early true TTEs, where possible TTC–TTE
gaps are smaller and accurate prediction is often most clinically important. In semi-synthetic
datasets, Assumption 2 can be tested directly using the uncensored individuals used to
generate labels (Qi et al., 2023).

Following prior work (Qi et al., 2023), we construct such datasets using a generative
model for TTEs and TTCs. To this end, we introduce a model for the gap between TTE

and TTC, ∆(i) = t
(i)
E − t

(i)
C .

Assumption 3 (Model for TTE-TTC Gap) To avoid introducing unobserved confound-

ing between t
(i)
E and t

(i)
C (details in Appendix Section 3), we assume that t

(i)
E and t

(i)
C

are generated from a shared latent function f(x(i)) with independent uniform deviations.

We assume that TTEs are largely covariate-determined with small additive noise: t
(i)
E =

f(x(i)) + α(i), α(i) ∼ U
(
0, η
)
, η small. TTCs are drawn with greater heterogeneity: t

(i)
C =

f(x(i)) − β(i), β(i) ∼ U
(
0, f(x(i))

)
. Under this model, the gap between censoring and the

true TTE, ∆(i) = α(i) + β(i), follows a trapezoidal distribution with lower bound 0, upper
bound η + f(x(i)), and a flat region between η and f(x(i)).
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This assumption is grounded in domain knowledge and aligns with prior work. Typi-
cally, the relationship between covariates and TTEs is considered predictable, whereas the
relationship between covariates and TTCs can exhibit substantially greater heterogeneity,
particularly when the probability of being censored depends on deterministically adminis-
tered interventions due to administrative, personal, and institutional factors (Knight et al.,
2016; Coates et al., 2021). Furthermore, from a statistical perspective, the quantiles of any
distribution are uniformly distributed. Past work has leveraged this fact to motivate mod-
eling latent variables as uniformly distributed, even when not estimating quantiles directly,
as a flexible way to capture heterogeneity without imposing strong parametric constraints
(Bjorklund and Moffitt, 1987; Heckman and Vytlacil, 1999; Kowalski, 2023). We use this
assumption to define synthetic and semi-synthetic DGPs without unobserved confounding
between TTEs and TTCs; CWITE itself does not require this exact DGP at deployment.

Under Assumption 3, for small ϵ, P (∆(i) ≤ ϵ) = ϵ2

2 η f(x(i))
∝ 1

ηf(x(i))
which implies

that p = mini∈Cc
k
P (∆(i) ≤ ϵ) ∝ 1

ηmaxi∈Cc
k
f(x(i))

. Thus, p increases as η and the maximum

f(x(i))—and consequently the largest t
(i)
E —among censored individuals in cluster k decrease.

As a result, in limited data settings (e.g., when |Cc
k| is small), CWITE is expected to be

most accurate for censored individuals with earlier TTEs.

4. Experimental Setup

We evaluate CWITE on synthetic, semi-synthetic, and real-world settings, with progres-
sively decreasing control over the data-generating process from synthetic to semi-synthetic
to real. Accordingly, the extent to which Assumptions 1 and 2 are satisfied likely diminishes
across these settings.

In both synthetic and semi-synthetic settings, we generate TTEs and TTCs following
Assumption 3, setting η to 1–10% of the maximum value of f , following past work simulating
error in kernel-based learning and control systems (Maddalena et al., 2021). Censoring
is then introduced via a covariate-driven censoring indicator function e(x). To simulate
censoring distribution shift, we apply this censoring mechanism only to the training and
validation sets; in the test sets, all individuals are uncensored.

4.1. Synthetic Data

In the synthetic setting, we fully control the data-generating process. We generate two
sets of 1,000 datasets each, totaling 2,000. In the first set, η ∈ {1, 2, 5}, ensuring that
both Assumptions 1 and 2 hold (confirmed in Appendix Section 5). In the second set,
η ∈ {5, 10}, which increases the gap between TTEs and TTCs, making Assumption 2
less likely to hold. Each dataset is defined by a fixed but unique f(x), e(x), and η, and
contains n = 10,000 samples. See Appendix Section 4 for details. To isolate violations
of Assumption 1, we reuse the first set of 1,000 datasets but randomly reassign 25% of
individuals’ cluster memberships after k-means clustering, directly degrading within-cluster
TTE homogeneity without changing the data-generating process. We evaluate results from
the second set stratified by true TTE quintile, since Assumption 2 is more likely to hold for
individuals with earlier TTEs.
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4.2. Semi-Synthetic Data

In the semi-synthetic setting, we have moderate control over the data-generating pro-
cess. We construct a single dataset using real covariates x(i) ∈ R31 from the SUPPORT
dataset (Knaus et al., 1995) (motivation for selecting this dataset in Appendix Section 4).
This limits our control over feature distributions and sample size (N = 6201). The function
f(x(i)) is defined as a neural network trained to learn the relationship between observed
covariates and true TTEs of uncensored individuals in the SUPPORT dataset. The censor-
ing mechanism e(x) is generated based on clinical severity markers (coma hours, bilirubin,
creatinine, mean blood pressure, and albumin) that are used in SOFA/APACHE II scores.
Due to the input dimensionality and limited sample size, in this setting, Assumption 1 does
not hold, while Assumption 2 holds for individuals with earlier true TTEs but not for those
with later true TTEs (verified in Appendix Section 5). See Appendix Section 4 for details.

4.3. Real Data

In the real-data setting, we have the least control: covariates, TTEs, and censoring mecha-
nisms are not simulated – they are from Michigan Medicine’s electronic health record – and
true TTEs for censored individuals are unknown. Although we cannot verify assumptions
directly, the high dimensionality of the real-data covariate space can degrade distance-based
clustering and make Assumption 1 less plausible. To reduce this risk, all real-data exper-
iments used the same supervised feature-selection procedure. We ranked features by their
association with TTE among uncensored training individuals and allowed each method to
use the top 50, 100, or 200 features, or all standardized features, with the final feature set
selected by validation performance. On the other hand, Assumption 2 is more likely to
hold across a broader range of TTEs than in the semi-synthetic setting, owing to the larger
sample size (45,632 vs. 6,201).

Our task is to predict time to spontaneous labor, defined by the onset of labor without
medical induction (Patterson et al., 2008). Accurate prediction can benefit both patients
and hospital systems (Arnold, 2022). Past work has stated that this prediction task can
be characterized as having limited overlap and censoring distribution shift (ACOG, 2021;
Antoine and Young, 2020). This study was approved by the University of Michigan insti-
tutional review board.

Covariates x include the most recent vitals and diagnoses of pregnant individuals at
Michigan Medicine prior to 36 weeks gestation, as well as demographics and pregnancy-
specific features. Individuals are labeled as spontaneous labor cases (e = 1) if a record of
them going into labor precedes a record of them receiving an induction; TTE is the first
recorded timestamp of them going into labor. All others are censored (e = 0), with observed
time set to the time of admission prior to delivery. See Appendix Section 4 for details.

4.4. Baselines

We compare CWITE to three baselines introduced in the Problem Formalization & Back-
ground Section: “IPCW” (Robins and Rotnitzky, 1992; Dong et al., 2020); “Standard Mar-
gin,” which assigns a non-zero loss to censored training samples only when their predicted
TTE falls below their TTC (Powell, 1984); and “Standard,” which explicitly encourages
the model to predict TTEs greater than the TTC for censored individuals, a strategy widely

10



Survival Analysis with Limited Overlap and Censoring Distribution Shift

adopted in many deep learning-based survival analysis methods (Lee et al., 2018; Wang
and Sun, 2022). All methods use the same multi-layer-perceptron-based feature extractor,
allowing us to isolate the effect of the objective function under limited overlap and censoring
distribution shift. Implementation details of our approach and baselines are in Appendix
Section 4.

4.5. Evaluation Metrics

Survival analysis methods are typically evaluated using the concordance index (c-index),
which assesses whether predicted TTEs correctly rank uncensored individuals relative to
others’ TTEs or TTCs (Hartman et al., 2023). However, the c-index ignores the magnitude
of errors, limiting interpretability (Hartman et al., 2023). Because CWITE is designed
to improve absolute TTE prediction, we use mean absolute error (MAE) as the primary
metric; MAE expresses error directly in time units and avoids penalizing irrelevant ranking
differences (Qi et al., 2023).

The MAE is computed only for uncensored individuals, which is appropriate in our
synthetic and semi-synthetic settings where all test data are uncensored. In these settings,
we label test points as censored-like or uncensored-like based on whether they would have
been censored under the generated training rule e. In the real-data setting, we stratify test
individuals by their estimated probability of being uncensored during training, Ptrain(etest =
1 | xtest), estimated using a logistic regression model fit on the training data. Because our
claims concern behavior in regions where uncensored training support is effectively absent
versus abundant, we first take all test individuals with an estimated propensity below 0.10,
of whom 103 are uncensored, and then form a comparison group of equal size at the opposite
extreme: the 103 uncensored test individuals with the highest estimated propensity (all at
or above 0.78). Because MAE is computed only for uncensored individuals, matching the
two subgroups on the number of uncensored individuals gives them equal precision. The
propensity model’s performance is evaluated in Appendix Section 5. Although censoring-
aware metrics such as IPCW-MAE would be preferable in principle, they are not reliable
here because the required propensity-score overlap is violated.

Along with reporting MAE in the main text, we report the c-index results in Appendix
Section 5 to assess ranking performance, and additionally report overprediction rate in the
real-data setting to assess potential relevance for hospital scheduling and resource planning.
For c-index calculations, tied predictions receive half credit, and subgroup c-index values
are computed using comparable pairs in which one member belongs to the subgroup and
the other may be any individual in the test set.

Units for MAE. In the synthetic and real data, model outputs are in days, so MAE is
reported directly in days. In semi-synthetic data, TTEs are discretized into 50 bins of equal
size; MAE is computed in bins and converted to days.

Error bars and significance. For synthetic data, we evaluate MAE across 1,000 ran-
domly generated datasets and report the median and empirical 95% CI. For each semi-synthetic
task, we train 1,000 models with different splits and report the median and 95% CI. For real
data, we fix one train/validation split, bootstrap test predictions 1,000 times, and report
the median and 95% CI. Significance is assessed using a one-sided resampling test (Efron
and Tibshirani, 1993).
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5. Results

5.1. When Assumptions 1 and 2 Hold

In synthetic data where both assumptions hold (verified in Appendix Section 5), CWITE
significantly outperforms baselines on individuals who would have been censored at training
time (median MAE: 1.89, 95% CI: [0.74, 6.27] vs. 7.01, 95% CI: [1.29, 12.93]) while matching
baseline accuracy on individuals who would have remained uncensored at training time
(0.54, 95% CI: [0.11, 1.87] vs. 0.54, 95% CI: [0.08, 2.82]) (Table 1). It also significantly
outperforms ablations of CWITE that do not cluster (6.49, 95% CI: [2.91, 11.43]) or weight
censored training data differently based on the difference between the data’s TTC and
the cluster maximum’s TTC (6.18, 95% CI: [1.68, 11.87]) . An ablation that assigns the
maximum TTC of each cluster to all cluster members performs similarly (1.57, 95% CI:
[0.46, 9.50]) but with a wider CI, indicating less stability. CWITE still does not match its
own uncensored-like accuracy (0.54 vs. 1.89), since true TTEs are unavailable for censored
individuals during training.

5.2. When Only Assumption 1 Is Violated

We next evaluate CWITE in two settings where Assumption 1 is violated but Assumption 2
still holds (verified in Appendix Section 5): (1) by randomly perturbing cluster assignments
in synthetic data, and (2) by using semi-synthetic data with early TTEs (< the median
true TTE in the data, 816 days), where smaller sample sizes and higher dimensionality
degrade within-cluster TTE homogeneity while Assumption 2 still holds. We implemented
CWITE using k-means in both settings. Although k-means clustering degraded in the
higher-dimensional semi-synthetic setting compared to the synthetic setting, it degraded less
than the other clustering-based methods including k-means after PCA, Gaussian mixture
models, and spectral clustering (Appendix Table 13).

In these settings, on individuals who would have been censored at training time, CWITE
significantly outperforms all baselines. Its best performance occurs with a linear rather than
exponential weighting function g(·). A linear weighting function spreads weight more evenly
across censored points while still prioritizing those near the cluster maximum. By contrast,
exponential weighting over-emphasizes points near the maximum, and with noisier clusters
this amplifies errors. Specifically, in the synthetic data with the randomly perturbed cluster
assignments, CWITE with linear weighting achieves a median MAE of 3.64 (95% CI: [1.62,
7.43]) and with exponential weighting 6.02 (95% CI: [1.82, 11.10]), both improving over

Table 1: Median MAE and 95% CIs for test individuals that are most similar to censored
and uncensored training data in the synthetic-data setting where Assump-
tion 1 and 2 hold.

Method Censored-like Test Individuals Uncensored-like Test Individuals

IPCW 8.29 [2.96, 13.83] 0.54 [0.08, 2.82]
Standard 8.89 [3.74, 14.31] 0.58 [0.15, 8.31]
Standard Margin 7.01 [1.29, 12.93] 0.56 [0.12, 8.54]
CWITE 1.89 [0.74, 6.27] 0.54 [0.11, 1.87]
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Table 2: Median MAE (in days) with 95% CIs for test individuals in the semi-synthetic
data setting. Assumption 1 is always violated. Results are segmented by whether
Assumption 2 holds (true TTE <816 days) or not (true TTE ≥816 days), as
verified in Appendix Section 5.

True TTE <816 days (Assumption 2 holds) True TTE ≥816 days (Assumption 2 violated)

Method Censored-like Test Individuals Uncensored-like Test Individuals Censored-like Test Individuals Uncensored-like Test Individuals

IPCW 639.88 [543.41, 760.28] 335.28 [255.08, 472.03] 394.82 [352.42, 456.32] 350.54 [291.99, 423.92]
Standard 1328.66 [1224.20, 1427.31] 482.55 [374.73, 586.45] 421.41 [373.72, 467.26] 299.77 [245.30, 355.72]
Standard Margin 834.14 [300.37, 1329.83] 608.77 [205.08, 1266.22] 510.35 [258.48, 1077.61] 499.12 [257.16, 1122.94]
CWITE (Exponential) 591.72 [420.28, 795.09] 581.16 [365.49, 884.92] 366.77 [303.75, 509.25] 309.03 [254.19, 384.64]
CWITE (Linear) 368.52 [338.49, 399.05] 232.73 [170.93, 318.22] 536.77 [495.44, 574.41] 559.52 [486.90, 636.62]

the best baseline (7.01, 95% CI: [1.29, 12.93]) and the max-TTC ablation (9.70, 95% CI:
[6.59, 14.30]) (Appendix Table 10). Similar trends appear in semi-synthetic data: both
CWITE variants (linear: 368.52, 95% CI: [338.49, 399.05]; exponential: 591.72, 95% CI:
[420.28, 795.09]) significantly outperform the best baseline (639.88, 95% CI: [543.41, 760.28];
top half of Table 2). These results demonstrate that CWITE remains robust and yields
superior performance under violations of only Assumption 1, particularly when using a
linear weighting function. Practical guidance for selecting g and sensitivity analyses for λ
are reported in Appendix Section 5.

Table 3: Median MAE and 95% CIs for censored-like test individuals in the synthetic-data
setting with Assumption 2 violated for earliest-TTE (Q1) and latest-TTE
(Q5) quintiles. Assumption 1 holds.

Method Censored-like Test Individuals Censored-like Test Individuals
with Earliest TTEs (in Q1) with Latest TTEs (in Q5)

IPCW 13.77 [1, 28] 9.16 [0, 27]
Standard 17.75 [1, 29] 2.98 [0, 8]
Standard Margin 12.90 [1, 25] 4.32 [0, 11]
CWITE 3.01 [0, 8] 5.40 [0, 13]

5.3. When Only Assumption 2 Is Violated

Assumption 2 requires each cluster to include at least one individual censored near their true
TTE. This assumption is more likely to be violated when the error parameter associated
with TTEs, η, is large and overall true TTEs in the dataset are large. To simulate this
setting, we generated 1,000 synthetic datasets with larger η than in our original experiments
and grouped test points by true TTE quintiles.

For individuals who would have been censored at training time in the latest-TTE quin-
tile, CWITE’s1 MAE (5.4, 95% CI: [0, 13]) is worse than that of Standard (2.98, [0, 8])
and Standard Margin (4.32, [0, 11]), but better than IPCW (9.16, [0, 27]). This indicates
that when only Assumption 2 is violated, CWITE loses its advantage relative to standard
approaches. However, in the earliest-TTE quintile, CWITE (3.01, 95% CI: [0, 8]) signifi-

1. see Appendix Section 4 for details on the weighting function and other selected hyperparameters
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cantly outperforms Standard (17.75, [1, 29]) and Standard Margin (12.9, [1, 25]) (Table 3),
suggesting that its benefits persist when at least some censored individuals are observed
near their true TTEs.

5.4. When Both Assumptions Are Violated

In semi-synthetic data with later TTEs (> 816 days), where both Assumption 1 and As-
sumption 2 are violated (verified in Appendix Section 5), no method clearly dominates.
CWITE with exponential weighting achieves the lowest median MAE on censored-like test
individuals (366.77, 95% CI: [303.75, 509.25]), while Standard performs best on uncensored-
like test individuals (299.77, [245.30, 355.72]).

These results likely reflect the limited signal available to any method in this regime.
IPCW depends entirely on reweighting uncensored training data, but in covariate regions
with little uncensored support, there is insufficient data to reweight. Standard methods sys-
tematically overestimate TTEs for censored individuals; however, for individuals with later
true TTEs, this overestimation is less harmful, as the true values are already large—which
may explain why Standard remains competitive here. CWITE provides some supervision
from censored data in regions where IPCW has none, and does not overestimate as aggres-
sively as Standard, but when both assumptions are violated, neither mechanism provides
reliable signal. Thus, while CWITE is competitive in this setting, its advantage is modest
and no method clearly dominates (Table 2).

5.5. Real Data Case Study

As noted in the Experimental Setup Section, neither assumption can be verified directly
here, though we mitigate violations of Assumption 1 through feature selection, and As-
sumption 2 remains plausible because interventions that censor spontaneous labor may be
prompted by clinical features associated with labor timing, such as hypertension.

Under these conditions, CWITE2 achieves a median MAE of 6.50 days (95% CI: [5.55,
7.40]) among uncensored test individuals who are similar to censored training individuals,
outperforming the best baseline, which achieves 7.82 days (95% CI: [6.82, 8.82]). Among
uncensored test individuals who are similar to uncensored training individuals, CWITE
performs comparably to the best baseline: 6.50 days (95% CI: [5.54, 7.61]) versus 6.63 days
(95% CI: [5.67, 7.69]) (Table 4). This result was robust to CWITE’s clustering specification:
varying k and replacing k-means with alternative clustering procedures produced only small
changes in CWITE’s MAE, which remained lower than that of all baselines (Appendix
Tables 14 and 15).

To evaluate the potential relevance of these predictions for hospital resource planning,
we also measure overprediction, defined as cases in which the predicted TTE exceeds the
observed TTE and spontaneous labor therefore occurs earlier than predicted. In a schedul-
ing context, such an error could result in an induction being scheduled after spontaneous
labor has already occurred, rendering the planned intervention unnecessary. On the entire
uncensored test set, compared to all evaluated methods, CWITE has the lowest overpre-
diction rate (45.3% (95% CI: [44.5, 46.1]) vs. 49.4% (95% CI: [48.5, 50.1]) for IPCW, the
best-performing baseline by MAE (Appendix Table 18)).

2. See Appendix Section 4 for details on the weighting function and selected hyperparameters.
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Table 4: Median MAE (days) and 95% CI for test individuals in the real-data setting that
are most similar to censored and uncensored training data after feature selection.
In this setting, Assumption 1 likely does not hold, but Assumption 2 likely does.

Method Censored-like Test Individuals Uncensored-like Test Individuals

IPCW 7.82 [6.82, 8.82] 6.63 [5.67, 7.69]
Standard 12.49 [11.16, 13.90] 7.92 [6.74, 9.14]
Standard Margin 8.40 [7.40, 9.43] 7.24 [6.07, 8.56]
CWITE 6.50 [5.55, 7.40] 6.50 [5.54, 7.61]

Together with our earlier findings for settings in which only Assumption 1 is violated,
these results suggest that CWITE can meaningfully improve predictive accuracy when As-
sumption 1 is unlikely to hold but Assumption 2 remains clinically plausible.

6. Discussion and Conclusion

Our work addresses two gaps in the survival analysis literature: settings where overlap
between censored and uncensored training data is limited, as can occur when censoring is
driven by deterministic interventions that systematically affect particular subgroups, and
settings where the censoring mechanism changes across time or environments. Prior work
has generally evaluated survival analysis methods on mixtures of individuals similar to
uncensored and censored training data, which can obscure failures on the subgroups most
affected by such shifts.

Empirically, CWITE consistently outperforms baselines on censored-like test individuals
when Assumption 2 holds. When both Assumptions 1 and 2 hold in synthetic data, CWITE
substantially reduces MAE on censored-like test individuals while maintaining comparable
performance on uncensored-like test individuals (Table 1). This pattern persists when As-
sumption 1 is violated but Assumption 2 still holds, as in the semi-synthetic setting with
early TTEs and, plausibly, in the real-data setting. In the real-data task of predicting time
to spontaneous labor, CWITE reduces MAE (6.50 vs. 7.82 days; Table 4) and overpredic-
tion relative to IPCW (45.3% vs. 49.4%; Appendix Table 18). While this improvement
is modest in absolute terms, it may still meaningfully support hospital resource planning,
childcare coordination, and maternity leave scheduling.

A key limitation of CWITE arises when Assumption 2 is violated, as in the synthetic
data setting with late TTEs, where clusters remain well-formed but all TTCs are far from
TTEs. In this setting, CWITE performs slightly worse than the Standard approach. When
both assumptions are violated, as in the semi-synthetic setting with later TTEs, no method
clearly dominates: CWITE outperforms baselines at predicting TTEs for individuals similar
to censored training data, but its advantage over baselines is modest. This highlights that
CWITE is most effective when Assumption 2 holds.

Although Assumption 2 cannot be verified directly in real data because censored indi-
viduals’ true TTEs are unobserved, it is plausible wherever the same observed trajectory
influences both event timing and intervention timing: worsening clinical indicators may be
associated with earlier spontaneous labor while also prompting induction or cesarean deliv-
ery, and analogous dynamics arise for transplantation before organ failure or prophylactic
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intervention before disease onset. Because TTC is not determined by clinical risk alone—
scheduling constraints, institutional workflows, and patient preferences also matter—some
censored individuals with similar observed risk are observed close to when the event would
otherwise have occurred. This is especially plausible for earlier events, where the possible
TTC–TTE gap is smaller and accurate prediction is often most clinically important, as
earlier labor onset is associated with greater neonatal risk (ACOG, 2021; Arnold, 2022;
Knight et al., 2016; De Silva et al., 2017; Panelli et al., 2019). These findings therefore clar-
ify CWITE’s scope: it is most applicable when some censored observations plausibly occur
near the events they replace, even if the learned clusters do not perfectly group individuals
with similar true TTEs, and should not be expected to help when interventions consistently
occur far before the event.

Our work has additional limitations. First, in the high-dimensional semi-synthetic set-
ting, none of the clustering approaches evaluated—k-means, k-means with PCA, Gaussian
mixture models (GMMs), or spectral clustering—satisfied Assumption 1. Although CWITE
continued to perform well when Assumption 1 was violated, future work should investigate
more robust clustering approaches that can better identify groups with similar true TTEs
in high-dimensional clinical data.

Second, we considered only one model for the relationship between TTEs and TTCs
(Assumption 3). Although our experiments vary the two aspects of that relationship most
relevant to CWITE (within-cluster TTE similarity and the TTC–TTE gap), and Assump-
tion 3 is not imposed in the real-data case study, they do not capture all possible rela-
tionships between event and censoring times. Future work should explore CWITE under a
broader range of TTE/TTC data-generating processes.

In conclusion, we propose a survival analysis method designed for settings in which
censoring is driven by deterministic interventions whose prevalence may shift over time.
As intervention policies, clinical guidelines, and personal preferences continue to evolve
(Keelan et al., 2021; Carmichael and Snowden, 2019; Press, 2012), methods that remain
robust under censoring distribution shift will be increasingly important for reliable clinical
decision-making.
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Appendix Section 1: Problem Setup

In alignment with past work, we make the following assumptions

Assumption 4 (Right Censoring) We assume that if an individual is censored (e(i) =

0), their TTC precedes their true TTE: t
(i)
C < t

(i)
E .

This condition holds when censoring occurs due to preventive interventions that necessarily
predate a medical event.

Furthermore, like previous work, we also assume identifiability of TTEs and e from x
alone (Lee et al., 2018; Robins and Rotnitzky, 1992; Dong et al., 2020; Wang and Sun,
2022).

Assumption 5 (Identifiability from Observed Covariates) We assume that the ob-
served covariates x(i) are sufficient to model both the TTE and censoring mechanism. For-
mally, letting u(i) denote unobserved variables, we assume

t
(i)
E ⊥⊥ u(i) | x(i), e(i) ⊥⊥ u(i) | x(i).

In the absence of this assumption, methods typically rely on strong parametric models that
specify the relationship between x, e, and tE (Gharari et al., 2023; Zhang et al., 2024). In
contrast, we focus on data-driven learning approaches that aim to flexibly model censoring
and the TTE distributions based on observed covariates. To enable this flexibility while
avoiding parametric assumptions, we adopt Assumption 5.

Appendix Section 2: Related Work

In this work, we focus on developing machine learning–based survival analysis methods that
produce point estimates of expected TTEs. Recent work has increasingly shifted toward
alternative objectives, such as constructing prediction intervals using conformal prediction
or estimating conditional quantiles. These approaches are designed for uncertainty quan-
tification rather than point estimation, and often rely on assumptions that are not suitable
for our setting.

Quantile regression assumes that individuals with low censoring probabilities within
each quantile are representative of the quantile in the test set (Chernozhukov and Hong,
2002; Chernozhukov et al., 2015; Kowalski, 2016). Conformal prediction methods require
a calibration set that is representative of the test set to ensure valid coverage guarantees
(Candès et al., 2023). Both assumptions break down under censoring distribution shift,
where the relationship between censoring and covariates changes across time or environ-
ments—such that individuals censored in the calibration set may not be censored in the
test set, and vice versa. To our knowledge, existing conformal survival methods do not
account for such shifts.

A separate line of work addresses unobserved confounding by introducing latent variables
or structural assumptions about the data-generating process (Gharari et al., 2023; Zhang
et al., 2024). These methods typically rely on strong parametric assumptions about the
relationships between covariates, latent variables, and TTEs. In contrast, we focus on
settings without unobserved confounding, which simplifies the problem and avoids the risk
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of model misspecification. Moreover, these latent-variable approaches are likely to fail
when the timing of clinical events deviates from assumed generative structures—a common
occurrence in healthcare, where event timing is driven by complex, often poorly understood
biological processes (Jackson, 2017).

As discussed in the Problem Formalization & Background Section, standard ML-based
survival methods relevant to our setting assume uninformative censoring and are trained to
(1) match observed event times for uncensored individuals, and (2) predict TTEs greater
than censoring times for censored individuals (Lee et al., 2018; Wang and Sun, 2022). These
models tend to overestimate TTEs for censored individuals in regions with few uncensored
examples, since overestimation goes unpenalized (see Figure 1). IPCW attempts to address
this by reweighting uncensored individuals to approximate the full population (Robins and
Rotnitzky, 1992; Dong et al., 2020), but its effectiveness depends on sufficient covariate
overlap. In settings with limited overlap—a common scenario in clinical datasets—IPCW
becomes unstable, even with regularization strategies such as weight clipping (Imbens and
Rubin, 2015; Li et al., 2018; Zhou et al., 2020; Thomas et al., 2020).

In summary, existing approaches either lack meaningful supervision for censored indi-
viduals (standard models) or rely on strong assumptions that break down under censoring
shift and limited overlap (quantile/conformal methods, IPCW, and latent-variable models).
CWITE addresses these limitations by enabling specific supervision from censored training
data without requiring overlap or strong assumptions about the data-generating process.

Appendix Section 3: Methods

Pseudocode for CWITE Algorithm 1 shows the pseudocode for CWITE.

Algorithm 1 Pseudocode for CWITE

1: Inputs: xi, ei, tiobs, nc, g(·)
2: Cluster the covariates in x into nc clusters.
3: Initialize vector loss
4: for each i do
5: loss[i] = L

(
t̂
(i)
e , t

(i)
obs

)
, the NLL loss between predicted TTE and observed time

6: if e(i) = 0 then
7: t

(i)
max = max{t(j)obs | j in same cluster as i, e(j) = 0}

8: loss[i] =
g
(
t
(i)
obs

)
g(t

(i)
max)

loss[i]

9: else
10: puncens[i] = P (e(i) | x(i))
11: loss[i] = 1

puncens[i]
loss[i]

12: end if
13: end for
14: Return loss

Motivation for DGP in Assumption 3. We illustrate the assumed data-generating

process (DGP) for Assumption 3 in Figure 2. We assume that both t
(i)
E and t

(i)
C are generated
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Figure 2: Illustration of the assumed data-generating process (DGP) in Assumption 3

from a shared latent function f(x(i)), perturbed by independent uniform noise:

t
(i)
E = f(x(i)) + α(i), t

(i)
C = f(x(i))− β(i),

where α(i) ∼ U(0, η) and β(i) ∼ U(0, f(x(i))), ensuring that t
(i)
C < t

(i)
E and thus right

censoring occurs.

An arguably more intuitive DGP would draw t
(i)
C ∼ U(0, t(i)E ), guaranteeing that censor-

ing always precedes the event. However, this introduces unobserved confounding between tE
and tC , violating the conditional independence assumption needed for principled estimation.

Our formulation avoids this issue by ensuring that t
(i)
E ⊥ t

(i)
C | x(i).

Appendix Section 4: Experimental Setup

Synthetic Data

First, we generate 1000 datasets, each defined by a unique functional relationship between
the covariate and f , specified by weights ws,1, wc,1, ws,2, wc,2 sampled once per dataset.
These weights remain fixed throughout the dataset and introduce variation across datasets.
Overlap is additionally controlled by parameters ϵo ∈ {0.1, 0.5, 1.0} and τ ∈ {0.5, 0.75, 0.9}.

Each dataset contains n = 10,000 samples, equally split into training, validation, and
test sets. Each individual is assigned a single covariate sampled as x(i) ∼ U([−3, 3]).

Generating f. The function f(x(i)) we use to generate TTEs and TTCs is⌊
ws,1 sin(ws,2 · x(i)) + wc,1 cos(wc,2 · x(i))− zmin

zmax − zmin
· 30

⌋
,

where ws,1, wc,1 ∼ U([1, 20]), ws,2, wc,2 ∈ {1, 2}, and zmin = −ws,1−wc,1, zmax = ws,1+wc,1.
ws,1 and wc,1 are chosen to ensure that f varies meaningfully with the covariate. zmin and
zmax normalize the output to a consistent range, facilitating stable learning.

Censoring Mechanism e. We define a stochastic censoring mechanism applied only to
training and validation data:

e(i) = 1

(
1

1 + e−x(i)+η(i)
> τ

)
η(i) ∼ U([−ϵo, ϵo])
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The parameters ϵo ∈ {0.1, 0.5, 1.0} control the level of noise in the event indicator, and
τ ∈ {0.5, 0.75, 0.9} sets the censoring threshold. Larger ϵo increases overlap; higher τ
results in more censoring and less overlap.

Violating Assumption 1. To isolate the effect of poor cluster quality, we reuse the
first set of 1,000 baseline synthetic datasets (η ∈ {1, 2, 5}) but randomly reassign 25% of
individuals’ cluster memberships after k-means clustering. For each reassigned individual,
we sample a new cluster label uniformly from the remaining clusters. This preserves the
underlying data-generating process — and thus Assumption 2 — while directly degrading
within-cluster TTE homogeneity. All DGP parameters (η, ϵo, τ) remain unchanged.

Violating Assumption 2. The second set of 1,000 synthetic datasets uses the same
data-generating process as the baseline but with larger TTE noise: η ∈ {5, 10} (compared

to η ∈ {1, 2, 5} in the baseline). Larger η increases the spread of ∆(i) = t
(i)
E − t

(i)
C , making it

less likely that any censored individual is censored within ϵ of their true TTE. Clustering is
performed normally (no perturbation), so Assumption 1 holds. We evaluate results stratified
by true TTE quintile, since as shown in the Theoretical Analysis, Assumption 2 is more
likely to hold for individuals with earlier TTEs.

Semi-Synthetic Data

To evaluate CWITE under more realistic conditions, we generate semi-synthetic data using
real covariates and observed TTEs. Qi et al. (2023) include multiple real-world survival
analysis datasets that can be used to generate semi-synthetic data: GBM, METABRIC,
SUPPORT, and two based on MIMIC-IV. In this work, we generate semi-synthetic data
using the SUPPORT dataset because METABRIC and GBM contain ≤ 1,000 uncensored
individuals, leading to high variance in model estimates. Meanwhile, the MIMIC-IV-based
datasets exhibit heavily skewed event-time distributions, making TTE prediction trivial
for most approaches. The SUPPORT dataset (Knaus et al., 1995) contains clinical co-
variates x(i) ∈ R31 and time-to-death labels ranging from 3 to 1944 days. We define the
semi-synthetic censoring split using clinically meaningful severity markers from SUPPORT:
individuals are censored in training and validation if coma hours > 30, bilirubin > 1.0,
creatinine > 1.2, mean blood pressure < 80, or albumin < 3.4. This covariate-driven split
is appropriate for the semi-synthetic setting because it creates limited uncensored support
using observed clinical risk factors related to severity, while preserving a fully observed test
set for evaluating censoring distribution shift.

Generating f . Using all uncensored training and validation data, f is a neural network
fit to learn relationship between observed covariates and original TTEs. The TTEs that we
consider ground truth have small uniform noise added to f .

Censoring Mechanism e. We apply censoring only to the training and validation sets.
Our mechanism e depends on clinical markers of illness severity—coma hours (scoma), biliru-
bin (bili), creatinine (crea), mean blood pressure (meanbp), and albumin (alb)—used in
SOFA/APACHE II scores. An individual is censored if any adverse threshold is exceeded,
and is therefore uncensored only if all of the corresponding non-adverse inequalities hold:

e(i) = 1 {scomai ≤ 30 ∧ bilii ≤ 1.0 ∧ creai ≤ 1.2 ∧ meanbpi ≥ 80 ∧ albi ≥ 3.4}
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Feature Range Overall Spontaneous Labor
(N = 45632) (N = 21645)

Age 12.0 - 19.0 502, (1.10 %) 225, (1.04 %)
Age 19.0 - 24.0 4233, (9.28 %) 2092, (9.67 %)
Age 24.0 - 34.0 27519, (60.31 %) 13045, (60.27 %)
Age 34.0 - 44.0 13160, (28.84 %) 6178, (28.54 %)
Age 44.0 - 55.7 218, (0.48 %) 105, (0.49 %)
Ethnicity Hispanic or Latino 2675, (5.86 %) 1269, (5.86 %)
Ethnicity Non-Hispanic or Latino 41957, (91.95 %) 19923, (92.04 %)
Ethnicity Patient Refused 243, (0.53 %) 107, (0.49 %)
Ethnicity Unknown 585, (1.28 %) 256, (1.18 %)
# Fetuses in Pregnancy > 1 663, (1.45 %) 298, (1.38 %)
# Fetuses in Pregnancy 1 44969, (98.55 %) 21347, (98.62 %)
# Total Pregnancies > 1 32359, (70.91 %) 15271, (70.55 %)
# Total Pregnancies 1 13273, (29.09 %) 6374, (29.45 %)
Race African American 5726, (12.55 %) 2748, (12.70 %)
Race American Indian 167, (0.37 %) 83, (0.38 %)
Race Asian 3731, (8.18 %) 1786, (8.25 %)
Race Caucasian 32768, (71.81 %) 15522, (71.71 %)
Race Other 2316, (5.08 %) 1088, (5.03 %)
Race Patient Refused 255, (0.56 %) 115, (0.53 %)
Race Unknown 347, (0.76 %) 153, (0.71 %)

Table 5: Characteristics of the data used to train, validate, and test approaches to predict-
ing time to spontaneous labor

Real Data

Study Cohort. Our study cohort includes pregnant individuals with encounters at Michi-
gan Medicine, the University of Michigan’s academic medical center, between January 1,
2014 and December 31, 2024. Individuals were included if they remained pregnant through
at least the 36th week of gestation; those who delivered prior to 36 weeks were excluded
(Figure 3). We define the prediction time as the start of the 36th gestational week, a clini-
cally meaningful point at which healthcare providers begin offering highly personalized care
plans (Fields, 2024). Although earlier prediction would be ideal, forecasting premature
labor has been shown to be substantially more difficult than predicting labor later in preg-
nancy (Pereira and Caughey, 2012). After applying inclusion and exclusion criteria, the
final cohort consisted of 45,632 individuals. Baseline characteristics of the cohort used for
model development and evaluation are summarized in Table 5.

Outcome Definition. An individual is labeled as having experienced spontaneous labor
(e = 1) if a “labor” status is recorded in their electronic health record prior to delivery, not
preceded by “induction.” The TTE is the timestamp of the first “labor” record. All others
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Figure 3: Study cohort inclusion criteria for predicting time to spontaneous labor

are considered censored (e = 0), with their observed time set to the admission timestamp
prior to delivery.

Feature Extraction and Preprocessing. The data used to train and evaluate our
model include individuals’ vitals and diagnoses recorded prior to the start of the 36th
gestational week, along with several time-invariant features: demographics, estimated due
date, date of last menstrual period, number of previous pregnancies, and number of fetuses
in the current pregnancy.

Time-invariant features were processed using FIDDLE with its default preprocessing
settings (Tang et al., 2020). Time-varying features were handled as follows. For binary
variables (e.g., diagnoses), we extracted the most recent observation recorded during each
of the following periods: pre-pregnancy, first trimester, second trimester, and third trimester
(prior to 36 weeks). For continuous variables (e.g., vitals), we extracted the most recent
value from each period as well, and additionally computed summary statistics—minimum,
maximum, mean, standard deviation, and temporal slope—across all available measure-
ments prior to 36 weeks.

Missing covariate values were imputed using a dummy fill-in approach, supplemented
by the addition of indicator variables to flag missingness for each feature.

Implementation Details

In line with previous work, all methods evaluated in our work use MLP-based feature ex-
tractors (Lee et al., 2018; Katzman et al., 2018; Nagpal et al., 2021; Tjandra et al., 2021).
Existing survival analysis approaches often incorporate ranking- or calibration-based ob-
jectives alongside TTE-prediction losses (Lee et al., 2018). However, recent work has
emphasized that the error between predicted and true TTEs is the most clinically mean-
ingful evaluation metric in survival analysis (Qi et al., 2023). Motivated by this, we focus
exclusively on integrating censored individuals into loss functions that directly optimize
prediction accuracy. Our comparisons therefore isolate the effect of the objective func-
tion while holding the model architecture fixed. CWITE is architecture-agnostic and can
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Table 6: Hyperparameter search spaces and fixed settings. All neural models were opti-
mized with Adam. For IPCW, the propensity model used logistic regression with
C selected by validation AUROC.

Experiment Methods Shared architecture and training set-
tings

CWITE-specific settings

Synthetic IPCW, Stan-
dard, Stan-
dard Margin,
CWITE

3 hidden layers; hidden
size {16, 32, 64}; batch size
{128, 256, 512, 1024}; learning
rate {10−2, 10−3}; weight de-
cay {10−4, 10−5, 10−6}; 500
epochs with patience 15; five ran-
dom draws for baselines; IPCW
C ∈ {1, 10−2, 10−4, 10−6}

k selected by the elbow method;
λ ∈ {0.01, 0.05, 0.1, 0.5, 1}; g ∈
{linear, exponential, polynomial};
ten random draws

Semi-
synthetic

IPCW, Stan-
dard, Stan-
dard Margin,
CWITE

Hidden layers {1, 2, 3}; hidden
size {16, 32, 64}; batch/learning-
rate pairs: 64/{10−3, 5×10−4},
128/{5×10−4, 10−4}, 256/{10−4};
weight decay {10−4, 10−5, 10−6};
500 epochs with patience 15; 25
random draws; seed 42; IPCW
C ∈ {1, 10−2, 10−4, 10−6}

Main CWITE configuration se-
lected k = 95, g = linear,
and λ = 0.075; additional sen-
sitivity analyses varied g and λ
(Table 17)

Real data IPCW, Stan-
dard, Stan-
dard Margin,
CWITE

3 hidden layers; hidden size 64; batch
size 128; learning rate 10−4; weight
decay 10−4; 200 epochs with patience
15; seed 42; feature transformations se-
lected from standardized all features or
SelectKBest top {50, 100, 200} features

k ∈ {5, 10, 20}; g = linear; λ ∈
{0.05, 0.1, 0.25, 0.5, 0.7, 0.8, 0.9, 1.0};
normalized censored-loss scaling;
clustering sensitivity used the al-
ternatives reported in Appendix
Section 5

Table 7: Selected hyperparameters for the reported semi-synthetic SUPPORT severity-
marker split.

Method Layers Hidden Batch LR WD C k g λ

IPCW 1 32 128 10−4 10−6 1.0 – – –
Standard 1 64 64 10−3 10−5 – – – –
Standard Margin 3 32 256 10−4 10−6 – – – –
CWITE 1 16 128 5×10−4 10−6 1.0 95 linear 0.075

be combined with deeper or attention-based representations, as well as with ranking- and
calibration-based objectives.

Table 6 reports the hyperparameter search spaces and fixed settings used in each ex-
periment. Synthetic experiments used independently generated replicates, so final selected
architectures varied by replicate; the full replicate-level selected configurations are provided
in the released code rather than printed in the manuscript. For the semi-synthetic experi-
ments, we report the selected hyperparameters for the reported SUPPORT severity-marker
split (Table 7). The real-data experiments used a fixed architecture for all methods and se-
lected among feature transformations and, for CWITE, k and λ using uncensored validation
MAE; exact selected real-data settings are shown in Table 8.

In our synthetic data experiments – when both Assumption 1 and 2 hold, when only
Assumption 1 holds, and when only Assumption 2 holds – we swept over overall weight mag-
nitudes and transformation functions. In the semi-synthetic setting, we evaluated CWITE
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Table 8: Selected real-data architecture and hyperparameter settings. All methods used the
same fixed neural architecture; validation selected among standardized all features
and SelectKBest top 50, 100, or 200 features.

Method Layers Hidden Batch LR WD Feature settings k g, λ

IPCW 3 64 128 10−4 10−4 SelectKBest top 100 – –
Standard 3 64 128 10−4 10−4 SelectKBest top 200 – –
Standard Margin 3 64 128 10−4 10−4 SelectKBest top 200 – –
CWITE 3 64 128 10−4 10−4 SelectKBest top 200 5 linear, 1.0

using both linear and exponential weighting, each with small and large λ; linear weighting
outperformed exponential weighting on MAE (Table 2) and, under linear weighting, per-
formance was largely insensitive to λ (Table 17). Based on this, we used linear weighting in
our real-data experiments. In practice, the weighting function g should reflect the expected
reliability of the clusters and cluster maximum TTCs: exponential weighting is preferable in
lower-dimensional settings where these quantities are likely informative, while linear weight-
ing is safer in high-dimensional settings with noisier clusters. The overall weight λ should
reflect the plausibility of close-to-event censoring and the prediction priority: larger λ is
appropriate when TTCs are likely close to true TTEs or early-TTE accuracy is the priority,
whereas smaller λ is preferable when TTCs may be far from true TTEs.

For the synthetic and semi-synthetic data experiments, we performed random splits of
the data into training, validation, and test sets. For the real-data task, we aimed to create
a setting where the probability of censoring given covariates was higher in training than in
test, as described in the Problem Formalization & Background Section. Observing a decline
in spontaneous labor rates over time, we split the data temporally—assigning individuals
from later years (2021–2024) to the training set and those from earlier years (2014–2020)
to the test set. The validation set is drawn as a random hold-out from the training-year
(2021–2024) individuals, so its censoring distribution matches the training set rather than
the test set; we use it to select hyperparameters by optimizing MAE on its uncensored
individuals. Although this design reverses the typical retrospective setup, it simulates a
realistic deployment setting where the probability of censoring may decrease over time due
to evolving clinical practices.

In CWITE, we implement clustering using k-means due to its simplicity and computa-
tional efficiency. In Appendix Section 5, we compare k-means to more complex clustering
methods—including Gaussian Mixture Models (GMMs), and spectral clustering—by eval-
uating their ability to satisfy Assumption 1 (Gonzalez-Atienza et al., 2015; Gan and Tao,
2015) (Table 13). We also evaluate whether real-data results are sensitive to the number
of k-means clusters or to replacing k-means with alternative clustering procedures.

All experiments were conducted on a dedicated server equipped with eight NVIDIA
GeForce RTX 2080 Ti GPUs (each with 12.9 GB of RAM) and a single AMD EPYC 7702
processor with 64 physical cores and 128 threads, based on the Zen 2 (Rome) architecture.

Code Availability. Code for the synthetic, semi-synthetic, and real-data analyses is
available at https://github.com/MLD3/CWITE. The repository includes scripts for repro-
ducing the synthetic and semi-synthetic experiments, scripts documenting the real-data
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analysis pipeline, and helper scripts for recovering selected hyperparameters from exper-
iment outputs. The protected clinical data used in the real-data experiments cannot be
redistributed.

Appendix Section 5: Results

Verifying Assumptions In our synthetic and semi-synthetic settings, right censoring
and identifiability of tE , tC , and censoring status from observed covariates hold by design.

Assumption 1 states that the clustering procedure groups individuals such that within
each cluster k, true TTEs are relatively homogeneous. In contrast, variation in TTCs
among censored individuals may reflect additional censoring noise (e.g., due to administra-
tive factors), inflating their variance beyond that of the underlying TTEs. Formally, for
each cluster k, we expect

Vari∈Cc
k
(t

(i)
C )−Vari∈Cc

k
(t

(i)
E ) > 0.

Assumption 2 states that each cluster contains at least one censored individual observed
sufficiently close to their true TTE. Formally,

P

(
min
i∈Cc

k

∆(i) ≤ ϵ

)
≫ 0,

where ∆(i) = t
(i)
E − t

(i)
C .

To empirically assess these assumptions, we compute two worst-case cluster-level diag-
nostics over censored individuals: (1) the minimum variance difference,
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(i)
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k
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)
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and (2) the maximum minimum TTC–TTE gap within a cluster,

max
k

(
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i∈Cc

k

∣∣∣t(i)C − t
(i)
E

∣∣∣) .

These diagnostics should be interpreted as matters of degree rather than binary indicators.
The first quantity is strictly positive only if Assumption 1 holds in every cluster; values
well above zero provide strong support for the assumption, values near zero indicate the as-
sumption is approximately satisfied, and increasingly negative values indicate progressively
stronger violations. Similarly, the second quantity is small only if every cluster contains
at least one censored individual close to their true TTE; values near zero strongly support
Assumption 2, while larger values reflect progressively weaker support. Because both quan-
tities are continuous, we interpret them in relation to one another and to baseline values
rather than as strict pass/fail criteria.

In the synthetic setting, where we evaluate many datasets, we compute these worst-case
metrics for each dataset and report their mean across datasets. In the semi-synthetic setting,
which consists of a single dataset, we fit clusters on the training covariates, assign validation
points to those clusters, and report the corresponding worst-case metrics separately for the
early- and late-TTE subsets.
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Table 9: Verification of clustering assumptions. For the synthetic settings, we report the
mean across datasets of two worst-case cluster-level diagnostics. For the semi-
synthetic setting, which consists of a single dataset, we report the corresponding
worst-case metric computed within each subset. Positive values in column 3 sup-
port Assumption 1; small values in column 4 support Assumption 2.

Setting Data Subset mink (Var(tC)−Var(tE)) maxk

(
mini |t

(i)
C − t

(i)
E |

)
Synthetic (baseline, η ∈ {1, 2, 5}) All 0.51 2.65
Synthetic (clusters perturbed 25%) All −39.42 1.62
Synthetic (large η ∈ {5, 10}) All −3.93 4.42

Semi-Synthetic tE < 816 days −25.34 0.00
tE ≥ 816 days −30.44 93.97

In the baseline synthetic setting (η ∈ {1, 2, 5}), both assumptions hold on average across
datasets: the mean minimum variance difference is 0.51 and the mean maximum minimum
gap is 2.65. When cluster assignments are perturbed by 25% to violate Assumption 1,
the mean minimum variance difference drops to -39.42, confirming that within-cluster TTE
homogeneity is degraded, while the mean maximum minimum gap remains low at 1.62, indi-
cating that Assumption 2 is preserved. In the second synthetic set (η ∈ {5, 10}), designed to
violate Assumption 2, the mean minimum variance difference is −3.93—only slightly below
zero and much closer to the baseline value (0.51) than to the perturbed setting (−39.42), in-
dicating that Assumption 1 is largely preserved. Meanwhile, the mean maximum minimum
gap increases to 4.42 (compared to 2.65 in the baseline), consistent with Assumption 2 be-
ing weakened, though the effect is considerably milder than in the semi-synthetic late-TTE
subset.

In the semi-synthetic setting, Assumption 1 is violated in both subsets, tE < 816 days
and tE ≥ 816 days, since the variance of TTCs is lower than that of TTEs in both cases.
However, Assumption 2 holds for tE < 816, where the worst-case minimum TTC–TTE
gap is 0 days, but is violated for tE ≥ 816, where this quantity increases to 93.97 days
(Table 9).

Additional Results Table 10 shows the performance of CWITE on synthetic data where
Assumption 1 is violated.

Table 10: Median MAE and 95% CIs for censored-like test individuals in the synthetic-
data setting with Assumption 1 violated (25% cluster perturbation). As-
sumption 2 holds. Baselines do not use cluster assignments and are unaffected
by the perturbation; full baseline results in Table 1.

Method Censored-like Test Individuals

Standard Margin (best baseline) 7.01 [1.29, 12.93]

CWITE (Linear) 3.64 [1.62, 7.43]
CWITE (Exponential) 6.02 [1.82, 11.10]
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C-Index Results We compute c-index values for censored-like and uncensored-like in-
dividuals by including all comparable pairs in which one member belongs to the subgroup
(similar to censored or uncensored training data) and the other can be any individual in
the test set. Tied predictions receive half credit. On synthetic data, c-index results closely
mirror those based on MAE (Table 11). On real data, CWITE matches the best base-
line on c-index for censored-like test individuals (0.76, 95% CI: [0.72, 0.80] vs. 0.76, [0.72,
0.79] for IPCW) while producing lower MAE, and performs comparably to baselines on
uncensored-like test individuals (Table 12).

In the semi-synthetic setting, the pattern differs slightly. CWITE with exponential
weighting performs best on censored-like test individuals with small true TTEs and on
uncensored-like individuals with large true TTEs. In contrast, the Standard Margin method
outperforms others on the remaining subgroups (Table 16). Thus, when optimizing for
c-index in populations where Assumption 1 or Assumption 2 is violated, Standard Margin
or CWITE with exponential weighting is recommended, depending on the characteristics
of the subgroup of interest.

Varying λ results CWITE introduces two key parameters beyond those used in standard
survival analysis methods: the weighting function g(·) and the scaling coefficient λ. For
each censored data point, its loss is scaled by the ratio g(tobs)/g(tmax), where tmax is the
maximum observed censoring time within the cluster. The function g(·) thus acts as a soft
filter, modulating the relative contribution of each censored point based on its proximity to
the cluster’s maximum. An exponential form of g assigns greater weight to censored points
near tmax, while a linear form yields a more uniform weighting. Separately, the coefficient
λ is applied to all censored losses and controls their overall contribution to the objective
function.

In our main experiments, we focus primarily on varying the weighting function g(·).
Here, we also investigate the effect of the weighting coefficient λ. We find that λ has the
greatest impact when CWITE is used with the exponential form of g, as it amplifies the
effect of the exponential weights. In contrast, when using a linear g, model performance is
largely insensitive to the choice of λ, suggesting that the linear weights exert a more uniform
influence regardless of magnitude (Table 17). Thus, g should be chosen based on cluster
reliability, while λ should be chosen based on the plausibility of close-to-event censoring
and whether early-TTE accuracy is the main prediction priority.

Real-Data Stratification Diagnostics The logistic regression model used to estimate
the probability of being uncensored in the real-data setting had moderate discrimination
(AUROC: 0.632, 95% CI: [0.625, 0.639]) and imperfect calibration (Brier score: 0.248,
95% CI: [0.246, 0.250]). Because the model is used only to stratify test individuals by
similarity to uncensored training support, ranking is the key requirement. This ranking was
adequate for subgroup construction: observed uncensoring rates increased monotonically
across predicted-propensity bins, from 17.3% to 67.0%.

Clustering Results Although CWITE is compatible with any clustering algorithm, we
implement it with k-means, which can be unstable in high-dimensional settings. On the
semi-synthetic dataset, where clusters are designed to be informative, k-means produced
clusters that best satisfied Assumption 1, outperforming alternatives such as k-means with
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Table 11: Median c-index and 95% CI for test individuals in the synthetic-data setting
that are most similar to censored and uncensored training data.

Method Censored-like Test Individuals Uncensored-like Test Individuals

IPCW 0.52 [0.42, 0.76] 0.95 [0.54, 0.99]
Standard 0.53 [0.45, 0.78] 0.95 [0.50, 0.99]
Standard Margin 0.64 [0.44, 0.93] 0.95 [0.50, 0.99]
CWITE 0.92 [0.67, 0.98] 0.95 [0.64, 0.99]

Table 12: Median c-index and 95% CI for test individuals in the real-data setting that
are most similar to censored and uncensored training data after feature selection.
Values are computed with ties receiving half credit and with each subgroup ranked
relative to the full test set.

Model Censored-like Test Individuals Uncensored-like Test Individuals

IPCW 0.76 [0.72, 0.79] 0.54 [0.50, 0.58]
Standard 0.61 [0.56, 0.65] 0.53 [0.49, 0.57]
Standard Margin 0.70 [0.68, 0.72] 0.52 [0.48, 0.56]
CWITE 0.76 [0.72, 0.80] 0.53 [0.49, 0.57]

principal component analysis, Gaussian Mixture Models, and spectral clustering (see Ap-
pendix Table 13). Randomly perturbing synthetic cluster assignments increased CWITE’s
censored-like MAE from 1.89 to 3.64 days (Tables 1 and 10), showing that cluster quality
matters when the underlying clusters are informative. In contrast, after feature selection
in the real-data setting, CWITE was stable to clustering choices. Varying the number of
k-means clusters from 2 to 40 changed censored-like MAE by at most 0.20 days. Rela-
tive to selected k-means, alternative clustering methods changed censored-like MAE only
modestly: k-means with PCA increased MAE by 0.11 days, GMM increased MAE by 0.03
days, and spectral clustering increased MAE by 0.08 days (Tables 14 and 15). Replacing
k-means with random clustering increased censored-like MAE by only 0.11 days, and using
one global no-cluster group increased censored-like MAE by 0.12 days. These real-data
sensitivity analyses suggest that, in this high-dimensional setting, CWITE’s performance
does not depend strongly on the specific learned clustering procedure.
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Table 13: Mean difference on the entire semi-synthetic dataset between within-cluster TTC
variance and TTE variance across clustering methods. Less negative values in-
dicate better satisfaction of Assumption 1, with k-means achieving the smallest
difference.

Dataset k-means k-means + PCA GMM Spectral Clustering

SUPPORT -6.000 -41.292 -33.961 -44.996

Table 14: Clustering sensitivity in the real-data setting: median MAE with 95% CIs after
feature selection.

Model Censored-like Test Individuals Uncensored-like Test Individuals

CWITE k-means selected 6.50 [5.55, 7.40] 6.50 [5.54, 7.61]
CWITE random clusters 6.61 [5.68, 7.54] 6.52 [5.50, 7.71]
CWITE global no clusters 6.62 [5.68, 7.51] 6.41 [5.39, 7.58]
CWITE k-means rerun 6.50 [5.55, 7.40] 6.50 [5.54, 7.61]
CWITE k-means + PCA 6.61 [5.67, 7.52] 6.38 [5.43, 7.48]
CWITE GMM 6.53 [5.61, 7.44] 6.39 [5.43, 7.49]
CWITE spectral 6.58 [5.66, 7.51] 6.44 [5.46, 7.54]

Table 15: Clustering sensitivity in the real-data setting: median c-index with 95% CIs
after feature selection.

Model Censored-like Test Individuals Uncensored-like Test Individuals

CWITE k-means selected 0.76 [0.72, 0.80] 0.53 [0.49, 0.57]
CWITE random clusters 0.77 [0.73, 0.80] 0.52 [0.47, 0.56]
CWITE global no clusters 0.77 [0.73, 0.80] 0.53 [0.49, 0.57]
CWITE k-means rerun 0.76 [0.72, 0.80] 0.53 [0.49, 0.57]
CWITE k-means + PCA 0.77 [0.73, 0.80] 0.53 [0.50, 0.58]
CWITE GMM 0.77 [0.73, 0.80] 0.54 [0.50, 0.58]
CWITE spectral 0.77 [0.73, 0.80] 0.53 [0.49, 0.57]
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Table 16: Median c-index with 95% CIs for test individuals in the semi-synthetic data
setting. Assumption 1 is always violated. Results are segmented by whether
Assumption 2 holds (true TTE <816 days) or not (true TTE ≥816 days).

True TTE <816 days (Assumption 2 holds)

Method Censored-like Test Individuals Uncensored-like

IPCW 0.611 [0.560, 0.649] 0.654 [0.613, 0.687]
Standard 0.562 [0.514, 0.607] 0.645 [0.624, 0.663]
Standard Margin 0.679 [0.545, 0.974] 0.686 [0.522, 0.978]
CWITE (Exponential) 0.711 [0.626, 0.780] 0.663 [0.586, 0.724]
CWITE (Linear) 0.658 [0.630, 0.682] 0.681 [0.639, 0.715]

True TTE ≥816 days (Assumption 2 violated)

Method Censored-like Test Individuals Uncensored-like

IPCW 0.644 [0.605, 0.670] 0.658 [0.611, 0.698]
Standard 0.606 [0.566, 0.654] 0.490 [0.442, 0.543]
Standard Margin 0.688 [0.565, 0.987] 0.701 [0.540, 0.987]
CWITE (Exponential) 0.675 [0.628, 0.717] 0.711 [0.634, 0.764]
CWITE (Linear) 0.678 [0.652, 0.700] 0.689 [0.649, 0.730]

Table 17: Median MAE (in days) with 95% CIs for test individuals in the semi-synthetic
data setting using CWITE with linear or exponential weighting, with small and
large overall weight λ.

True TTE <816 days (Assumption 2 holds)

Method Censored-like Test Individuals Uncensored-like

CWITE - Exponential, Small λ 591.72 [420.28, 795.09] 581.16 [365.49, 884.92]
CWITE - Exponential, Large λ 667.63 [484.32, 875.48] 932.22 [591.61, 1112.45]
CWITE - Linear, Small λ 368.52 [338.49, 399.05] 232.73 [170.93, 318.22]
CWITE - Linear, Large λ 366.31 [338.85, 395.05] 231.41 [178.82, 323.45]

True TTE ≥816 days (Assumption 2 violated)

Method Censored-like Test Individuals Uncensored-like

CWITE - Exponential, Small λ 366.77 [303.75, 509.25] 309.03 [254.19, 384.64]
CWITE - Exponential, Large λ 378.34 [308.10, 537.22] 309.03 [257.90, 403.26]
CWITE - Linear, Small λ 536.77 [495.44, 574.41] 559.52 [486.90, 636.62]
CWITE - Linear, Large λ 549.90 [512.34, 589.25] 577.31 [509.13, 651.44]

Table 18: Percentage of uncensored individuals in the real-data test set for whom each ap-
proach overpredicted TTE. Overprediction means that the predicted TTE was
later than the true TTE, such that spontaneous labor occurred earlier than pre-
dicted. In a scheduling context, this could result in a planned induction being
scheduled after spontaneous labor had already begun.

IPCW Standard Standard Margin CWITE

49.4 [48.5, 50.1] 69.0 [68.2, 69.8] 54.4 [53.6, 55.2] 45.3 [44.5, 46.1]
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