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Abstract

Dropout is widespread in clinical trials and real-world oncology studies, with
up to half of patients leaving before the study ends due to side effects or other
reasons. When such dropout is informative (i.e., dependent on survival time), it
induces censoring bias that distorts causal survival analysis and leads to biased
treatment effect estimates. This challenge is particularly acute when estimating
conditional average treatment effects (CATEs), which are central to personalized
medicine because they reveal which patients benefit most from treatment. In this
paper, we propose an assumption-lean method to assess the robustness of CATE
estimates in survival analysis when facing censoring bias. Specifically, we frame
the underlying task through the lens of partial identification, which allows us
to obtain informative bounds on the CATE under such conditions. Importantly,
this approach helps identify patient subgroups where treatment is still effective
despite potential censoring. We then show that our bounds converge to the true
point estimates of the CATE when the censoring bias goes to zero. We further
propose a novel model-agnostic meta-learner to estimate the bounds that can be
used combined with arbitrary machine-learning models and that has favorable
theoretical properties such as double-robustness and quasi-oracle efficiency. We
finally demonstrate the effectiveness of our meta-learner across various experiments
using both simulated and real-world data.

The full version is available at: https://arxiv.org/abs/2510.13397

1 Introduction

Dropout is common in survival studies, particularly in oncology [Shand et al.,[2024]]. Patients may
leave a study because of severe side effects, personal circumstances, or physician decisions about
continued participation [Fizazi et al.|[2017]. Such incomplete follow-up induces censoring, partially
masking event times and, if unaccounted for, biasing treatment-effect estimates (we refer to this as
“censoring bias” in the following), potentially making therapies appear more or less effective than
they truly are for the broader patient population.

This challenge is especially acute when estimating conditional average treatment effects (CATEs),
for personalized medicine, as it helps identify which patients benefit from treatment and can thereby
guide personalized decision-making [Dahabreh et al., 2019, [Feuerriegel et al.l 2024, 'Wang et al.,
2024]. Unlike the average treatment effect (ATE), the CATE captures the variability, which accounts
for that some patients may experience substantial benefits (e.g., delayed disease progression), while
others may see little or even reduced survival due to side effects. In oncology, outcomes are often
measured as time-to-event variables (e.g., survival time, progression-free survival) [Falet et al., 2022}
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Seitz et al.,[2023| Buell et al., [2024]. This is referred to as survival dataﬂ requires tailored methods
for CATE estimation from survival data [[Van Der Laan and Robins| [2003| |Curth et al., 2021}, | Xu
et al.,[2024, [Frauen et al., 2025]].

Methods have been proposed to deal with censoring bias in ATE estimation for survival data [Bai
and Cui} 2025/ [Voinot et al.| [2025], but are typically not directly applicable to CATE. Existing
approaches for dealing with censoring bias in CATE estimates for survival data typically assume
non-informative censoring (i.e., censoring times are fully independent or conditionally independent
of survival time) [Rubin and van der Laan, 2007, [Mao et al.| [2018|, |Cai and van der Laan| [2019,
Cheng et al.| 2022} |Schrod et al., [2022] |Westling et al., 2024]]. These include methods such as specific
model-based estimation, such as Cox models [Gao and Hastie, |2022], tree-based [Zhang et al.,
2017, Henderson et al., 2020, [Tabib and Larocque} 2020\ (Cui et al., [2023], or neural-network-based
methods [Schrod et al.| [2022] [Katzman et al.| 2018\ [Curth and van der Schaar, 2021]]. When the
non-informative censoring assumption fails, estimates of CATE are biased. Even under it, they still
have to estimate the full distribution of observational time via hazard functions, which significantly
increases the complexity of the methods.

In this paper, we make three contributions: (for details, see the full version of this paper, including
theoretical results and experiments at https://arxiv.org/abs/2510.13397): (1) We propose an
assumption-lean framework to audit censoring bias in the CATE estimates from a censored dataset.
Our method replaces the non-informative censoring assumption with sensitivity functions that use
censoring strength and domain knowledge (e.g., expected survival after dropout) to form informative
bounds. (2) We further introduce a model-agnostic meta-learner called SurvB-learner to efficiently
estimate bounds. (3) We provide theoretical results for our meta-learners by showing consistency,
double robustness, and quasi-oracle efficiency properties. Finally, we confirm the effectiveness of our
meta-learners by performing various experiments using both synthetic and real-world data. We

2 Problem setup

Data: We consider the standard setting for estimating CATEs based on

time-to-event data [[Van Der Laan and Robins, 2003} |Curth et al., [2021), (3
Frauen et al., 2025| |Zhang et al.l 2017, |Cui et al.l 2023|]. That is, we A :f & T
consider the full population (X, A, T, C') ~ P, where X € X C RP are I >< >{
observed covariates, A € A C N is the discrete treatments, T' € T = X N 1 %
{0,1,...,tmax} is the event time of interest (e.g., the time of overall (C
survival (OS), time of the patient or disease-free survival (DFS)), and

tmax represents, in the general medical sense, the theoretical maximum
human lifespan. C' € T is the censoring time (e.g., the time of a patient
dropping out of the study). Because of censoring, we only observe a
dataset D = {(a:z, a;, i, 51)?:1} of size n € N sampled i.i.d. from the
population Z = (X, A, T,A), where A = 1(C < T) is a censoring
indicator for the event and censoring times and 7' = min{7", C'}. The causal graph is shown in Fig.

A

Figure 1: Causal graph.
Variables in are
observed, while in blue
are unobserved.

Causal estimand: We make use of the potential outcome framework [Rubin, [1974] to for-
malize our causal inference task. Let T'(a) € 7T denote the potential event time correspond-
ing to a treatment intervention A = a. We are interested in the CATE on the survival time
Tar,az(®) = E[T(a1) — T(az) | X = z] with corresponding we define the conditional average
potential outcomes (CAPO) of survival time via 7,(z) = E[T(a) | X = z].

We make standard assumptions (consistency, treatment, overlap, unconfoundedness, censoring
overlap) to ensure identifiability. These assumptions (i)—(iii) are standard in causal inference for
estimating CATEs [Rubin, (1974} Imbens, [2004, [Shalit et al.,[2017} |[Candes et al.,2023|]. Censoring
overlap is also common in survival analysis [Cai and van der Laan| 2019, Westling et al.l [2024]],
ensuring every covariate has a positive chance of being uncensored. However, identifying CATE
further requires the non-informative censoring assumption [[Van Der Laan and Robins} 2003} (Curth
et al 2021} |Frauen et al., [2025]], which assumes survival and censoring times are conditionally

'We deal with the problem of right censoring, which is very common in survival analysis settings. We thus
assume that events have not happened before time ¢t = 0.
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independent given covariates and treatment. This is often violated in practice, leaving E[T | X =
x, A = a, A = 1] non-identified. We therefore focus on partial identification of CATE.

3 Our approach to partial identification of CATE in the presence of censoring

We now move away from point estimation to partial identification of the CATE, which allows us to
obtain informative bounds in the presence of informative censoring. We define the lower and upper
bounds for the CAPO, denoted by 1~ (,a) and ™ (z, a) respectively, which capture the range of
plausible values under our partial identification framework that allows for censoring.

Lower bound: To construct a lower bound for the CAPO, we leverage the definition of T =
min{C, T'}. We then replace T with 7" to account for that our analysis is conditioned on the censored
events (i.e.,, A =1),sothatT > T and v(1,z,a) > E[T | A =1, X = z, A = a]. Therefore, we
have

p(z,a) > p~(x,a)

- 1)

ZV(071', a)[l - f(xa a)] + V(la x,a)f(m, a) = E[T | X=zA= a}'
Upper bound: To construct an upper bound for the CAPO, we introduce the post-dropout survival
time function y(z, a) as a sensitivity function which is naturally defined: it captures the maximum
possible average survival time a patient may live after censoring. Based on «y(z, a), the range of
sensitivity function is given by

ET -T|A=1,X=2,A=a] <y(z,0) <tmax —E[T |A=1,X =2,A=d], (2)

forall z € X and a € A. Then we can directly use it to construct informative upper bounds for the
CAPO. By definition of 7(z, a), the resulting domain knowledge upper bound ;" (x, a) takes the
form (we discuss a special case of the sensitivity function in the main paper as non-informative
upper bound).

u+(x, a) =v(0,z,a)[l — &(z,a)] + v(1,z,a)é(x, a) + v(z,a)é(z,a). 3)

where the bound is expressed as a weighted combination of the uncensored survival function (0, z, a),
the observed censored follow-up 7', and the post-dropout survival captured by v(z, a).

Next, we present our main result: the partial identification bounds, 7, . (z) and 7.} , (z), which
characterize the range of the CATE in the presence of censoring bias.

Theorem 3.1: Under the above assumptions, the CATE is bounded via 7, ,,(2) < Ta, 4, (%) <

sz_l,ag (.CL'), where ch_l,az (.’17) = M+($,a1) - :U’_(xaa/Q) and Ta_l,az (Z‘) = /J'_ (37, al) - u+(x, a2)' Here’

pt(z,a1) and pt(z, az) are given by Eq. (1), and p* (x,a1) and p* (x, az) are given by Eq. (3).

Proof: See our main paper

We state the width property of our bounds in our main paper. Our partial identification bounds
are especially effective under low censoring, where they remain tight enough to approximate point
estimates without modeling the full hazard function, enabling reliable identification of treatment-
benefiting subgroups.

4 SurvB-learner: A meta-learner for estimating the bounds

We now develop our two-stage meta-learner for estimating the bounds in Theorem [3.1] For simplicity,
we derive the two-stage meta-learner for the CAPOs, while the corresponding bounds for the CATE
can be obtained directly by taking the difference between the two CAPOs. Importantly, our two-stage
meta-learner is flexible and can be instantiated with arbitrary machine learning methods.

Formally, we first estimate the nuisance functions with any suitable machine learning models. We
rely on standard nuisance functions: the propensity score m,(z) = P(A = a | X = x), censoring
strength {(z,a) = P(A =1 | X = x,A = a), expected survival time function u(x,a) = E[T |
X = z, A = a] and conditional survival time function v(6,z,a) = E[T | A =6,X = x,A = q],
and the post-dropout survival function y(x, a) which denotes the expected maximum survival time



after dropout for patients with covariates x under treatment a. Second, we combine them with
observed data to construct a debiased estimator. This design ensures consistency, double-robustness,
and quasi-oracle efficiency.

Theorem 4.1: Our SurvB-learner is consistent, doubly-robust, and quasi-oracle efficient.

Proof: For the proof and the detailed theorem, see the full version of our paper.

Using the pseudo-outcomes derived above, our SurvB-learner first estimates the nuisance functions
and then computes the pseudo-outcomes. In future work, we plan to extend our methods to continuous
treatment settings and observational data (see our full version).

S Experiments

We now evaluate the effectiveness of the proposed bounds and SurvB-learner by performing experi-
ments on synthetic and open-access public datasets. Synthetic data are commonly used to evaluate
causal inference methods [[Van Der Laan and Robins|, [2003, |Curth et al., 2021, [Frauen et al.,|2025]]
as they have the advantage that we have access to the ground-truth CATEs and thereby can make
comparisons against oracle estimates. Further, medical data allows us to demonstrate both the
applicability and relevance of our method in practice.

Data. Following |[Frauen et al.| [2025]], we simulate datasets from different functions under varying
censoring strengths (£ = 0.2,0.4,0.6). Since the ground-truth data-generating process is known,
we compare SurvB-learner against the oracle CATE and oracle bounds derived from ground-truth
nuisance estimators. Both domain-knowledge and non-informative bounds are evaluated against the
plug-in learner.

Dataset Exponential function
Bound Type
Censoring strength £ 0.2 0.4 0.6
Domain knowledee Plug-in learner 3.219+£3.528  4.063 +£3.214  4.529 £ 2.576
€ SurvB learner 0.143 +£0.003 0.147+0.006 0.152 4+ 0.008
Non-informative Plug-in learner 5.455 £6.573  6.359 £5.801 6.620 £ 4.581
SurvB-learner 0.138 £0.003 0.137+0.004 0.135+0.006

* Smaller is better. Best value in bold.

Table 1: Mean and standard deviation of the RMSE over 5 random runs for synthetic datasets.

Results. Table[I|reports RMSEs relative to oracle bounds. SurvB-learner achieves the lowest average
error and variability, with RMSE up to 7.4 fold smaller than the plug-in learner, consistent with
Kiinzel et al.[[2019], Nie and Wager [2020].

In the full version of our paper, we further show that SurvB-learner reliably recovers both domain-
knowledge and non-informative bounds, and the width of non-informative bounds shrinks as censoring
decreases. And we will demonstrate our framework using the ADJUVANT trial [Zhong et al., 2018|
Liu et al.| 2021]] of adjuvant gefitinib in resected EGFR-mutant NSCLC in the full version of our

paper.
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We have the data generation file in our code.



Guidelines:

* The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: Yes it is in the code.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: Yes, we use RMSE and report the mean and standard deviation over five runs.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

 The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.
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* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Yes, we record them in our code.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: I reviewed it.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We state it in our introduction.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.
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* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: We don’t make use of the large language or generatino model.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: [TODO]
Guidelines:

» The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: I correctly cited the origin paper of adjuvant dataset.
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Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper uses publicly available datasets and does not involve new experi-
ments with human subjects or crowdsourcing.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

¢ Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The study uses publicly available datasets and does not involve new experi-
ments with human participants; hence no IRB approval is required.

Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: I use LLM to help me correct the grammar of writing and some typos.
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Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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