Eligibility Criteria
Inclusion criteria
· Methodological studies or reviews of methodological studies addressing methods for handling missing outcome data in clinical trials
· Studies investigating imputation methods under a treatment policy strategy that included MI approaches.
· Studies focusing on MI approaches known to be applicable under a treatment policy strategy, including RB, RD, washout and RTB.
· Full-text articles published in English
Exclusion criteria
· Commentary papers, conference abstracts, or studies focusing primarily on trial findings
· rather than imputation methodology
· Methodological studies focusing specifically on imputation methods for cost-effectiveness analyses
· Studies that did not primarily focus on imputation methods
· Studies that did not include MI
· Studies presenting imputation methods that were unsuitable for the treatment policy strategy or were explicitly proposed for other estimand strategies
Search Strategy
The table below presents the detailed Ovid search strategy used in the literature review
Table S.1: Search strategy in Ovid syntax
	
	Search terms

	1
	(de facto or treatment policy).mp. [mp=title, abstract, heading word, drug trade name, original title, device manufacturer, drug manufacturer, device trade name, keyword heading word, floating subheading word, candidate term word]

	2
	(off treatment data or post-deviation data or post intercurrent event data or post-discontinuation data).mp. [mp=title, abstract, heading word, drug trade name, original title, device manufacturer, drug manufacturer, device trade name, keyword heading word, floating subheading word, candidate term word]

	3
	(off-treatment outcomes or post-discontinuation outcomes or post-intercurrent event outcomes or post-deviation outcomes).mp. [mp=title, abstract, heading word, drug trade name, original title, device manufacturer, drug manufacturer, device trade name, keyword heading word, floating subheading word, candidate term word]

	4
	imput*.mp.

	5
	(reference-based or control-based or placebo-based or controlled-based).mp. [mp=title, abstract, heading word, drug trade name, original title, device manufacturer, drug manufacturer, device trade name, keyword heading word, floating subheading word, candidate term word]

	6
	control imputation.mp.

	7
	(retrieved dropout or retrieve dropout).mp. [mp=title, abstract, heading word, drug trade name, original title, device manufacturer, drug manufacturer, device trade name, keyword heading word, floating subheading word, candidate term word]

	8
	return-to-baseline.mp.

	9
	(washout or wash out).mp. [mp=title, abstract, heading word, drug trade name, original title, device manufacturer, drug manufacturer, device trade name, keyword heading word, floating subheading word, candidate term word]

	10
	5 or 7 or 8 or 9

	11
	4 and 10

	12
	6 or 11

	13
	1 or 2 or 3

	14
	4 and 13

	15
	12 or 14



Summary of Selected Study 
Table S.2: Summary of Selected Study 
	

	Reference
	Title 
	Study Direction
	Summary

	1
	Lu 2014 [1]
	An analytic method for the placebo-based pattern-mixture model
	Development of Imputation
	An analytical expression for the treatment effect was derived, and either posterior simulation or the delta method was proposed for inference about it, as Rubin’s multiple-imputation variance estimator can be overly conservative in this setting.

	2
	Kenward 2015 [2]
	Controlled multiple imputation methods for sensitivity analyses in longitudinal clinical trials with dropout and protocol deviation
	Tutorial/Overview
	To address the need for transparent sensitivity analyses of missing data in longitudinal clinical trials, this tutorial-style article introduces and illustrates controlled imputation, which combines pattern-mixture models with multiple imputation to represent alternative assumptions about outcomes following dropout or protocol deviation.

	3
	Lu 2015 [3]
	Comparison Between Two Controlled Multiple Imputation Methods for
Sensitivity Analyses of Time-to-Event Data With Possibly Informative Censoring
	Comparison and Evaluation
	Two controlled multiple imputation methods, the delta-adjusted method and the reference-based method, were compared for time-to-event data with potentially informative censoring, in terms of Type I error control and statistical power, under different modelling and inference settings.

	4
	Tang 2017 [4]
	An Efficient Multiple Imputation Algorithm for Control-Based and Delta-Adjusted Pattern Mixture Models using SAS
	Development of Imputation
	Simple and efficient imputation algorithms were proposed for MMRMs and control-based and delta-adjusted PMMs to facilitate their implementation in standard statistical software. A modification to the copy reference approach was also suggested to avoid implausible post-dropout response trajectories.

	5
	Liu 2017 [5]
	Control-Based Imputation and Delta-Adjustment Stress Test for Missing Data Analysis in Longitudinal Clinical Trials
	Exploring the Properties for Sensitivity Analysis
	The statistical properties of control-based imputation methods and their relationship with delta-adjustment tipping-point analysis were investigated, and a new sensitivity measure was proposed to address the potential variance overestimation under Rubin’s rule and assess the robustness of results obtained under the MAR assumption.

	6
	Lu 2020 [6]
	Reference-based pattern-mixture models for analysis of longitudinal binary data
	Development of Imputation
	A latent-variable multivariate probit model was utilised to develop imputation procedures for longitudinal binary data under the copy-reference and jump-to-reference assumptions.

	7
	Zhang 2022 [7]
	Missing Data Imputation With Baseline Information in Longitudinal Clinical Trials
	Development of Imputation
	The statistical properties of the return to baseline method were investigated under the assumption that washout holds in the population of interest.

	8
	Garcia-Hernandez 2023 [8]
	A Flexible Analytical Framework for Reference-Based Imputation, Delta Adjustment and Tipping-Point Stress-Testing
	Comparison and Evaluation
	An analytical framework based on the intervention discontinuation effect was developed to implement the treatment policy strategy when post-discontinuation outcomes are unavailable. Time to drug dropout was modelled via the Royston-Parmar model, allowing various reference-based and delta-adjusted imputation rules to be represented and estimated without multiple imputation.

	9
	Bartlett 2023 [9]
	Reference-Based Multiple Imputation: What is the Right Variance and How to Estimate It
	Uncongeniality
	A strong methodological justification was provided for combining bootstrap with multiple imputation as a general approach to variance estimation under reference-based multiple imputation.

	10
	Noci 2023 [10]
	A Comparison of Estimand and Estimation Strategies for Clinical Trials in Early Parkinson’s Disease
	Development of Imputation & Comparison and Evaluation
	Multiple-imputation methods targeting hypothetical and treatment-policy estimands were evaluated for Parkinson’s disease trials with treatment discontinuation or initiation of symptomatic therapy, including standard MAR imputation, a retrieved-dropout approach using time-varying intercurrent-event indicators, and reference-based imputation.

	11
	Lou 2025 [11]
	Direct Estimation for Commonly Used Pattern-Mixture Models in Clinical Trials
	Comparison and Evaluation
	To overcome inconsistent variance estimation with Rubin’s rules, the computational burden of bootstrap methods, and limitations of existing likelihood-based approaches, an analytical framework for efficient direct likelihood estimation was developed for the return to baseline, jump to reference, placebo washout, and retrieve dropout pattern-mixture models, together with a parsimonious tipping-point analysis.

	12
	Carpenter 2013 [12]
	Analysis of Longitudinal Trials with Protocol
Deviation: A Framework for Relevant, Accessible Assumptions, and Inference via Multiple Imputation
	Development of Imputation
	A pattern-mixture multiple imputation framework was developed for de jure and de facto estimands, incorporating reference-based assumptions such as jump to reference, copy reference, and copy increments in reference, as well as randomised-arm MAR and last-mean-carried-forward assumptions.

	13
	Keene 2014 [13]
	Missing data sensitivity analysis for recurrent event data using controlled imputation
	Development of Imputation
	A negative multinomial framework was introduced to extend sensitivity analyses based on controlled and reference-based assumptions to recurrent-event outcomes.

	14
	Tang 2015 [14]
	Short notes on maximum likelihood inference for control-based pattern-mixture models
	Comparison and Evaluation
	Likelihood-based estimation and inference procedures were developed for control-based pattern-mixture analyses of continuous longitudinal data.

	15
	Liu 2016 [15]
	On analysis of longitudinal clinical trials with missing data using reference-based imputation
	Uncongeniality
	The statistical properties of reference-based imputation were investigated, and frequentist and Bayesian approaches to variance estimation were developed to address the excessive conservatism of standard multiple-imputation inference.

	16
	Akacha 2016 [16]
	Sensitivity analyses for partially observed recurrent event data
	Development of Imputation
	A flexible controlled-imputation framework was developed for sensitivity analyses of recurrent-event data by extending existing constant-intensity methods to continuous-time models with time-varying event intensities and incorporating copy-reference and delta-adjusted assumptions for post-discontinuation events.

	17
	Gao 2017 [17]
	On inference of control-based imputation for analysis of repeated binary outcomes with missing data
	Development of Imputation
	Control-based imputation was applied to longitudinal binary outcomes with monotone missing data, while variance estimators based on Rubin’s formula, the Robins–Wang analytical method, and nonparametric bootstrap were adapted and evaluated for statistical inference.

	18
	Tang 2017 [18]
	On the Multiple Imputation Variance Estimator for Control-Based and Delta-Adjusted Pattern Mixture Models
	Uncongeniality
	The bias of Rubin’s variance estimator was quantified, and a delta-method estimator of the asymptotic sampling variance was derived to provide valid multiple imputation inference for control-based and delta-adjusted PMMs with longitudinal continuous outcomes.

	19
	Mehrotra 2017 [19]
	Missing data in clinical trials: control-based mean imputation and sensitivity analysis
	Comparison and Evaluation
	The proposed approach directly replaces the unobserved mean for treatment-arm dropouts with placebo-based or increasingly conservative values for primary and tipping-point analyses, respectively, and supplements these analyses with a dropout-as-failure approach using quantile regression.

	20
	Gao 2017 [20]
	Control-based imputation for sensitivity analyses in informative censoring for recurrent event data
	Development of Imputation
	A piecewise exponential proportional intensity model with frailty was used to extend control-based sensitivity analysis to recurrent-event outcomes.

	21
	Tang 2018 [21]
	Controlled pattern imputation for sensitivity analysis of longitudinal binary and ordinal outcomes with nonignorable dropout
	Development of Imputation
	Two controlled-imputation approaches based on sequential logistic regression and multivariate probit models, together with efficient MCMC algorithms, were developed for longitudinal binary and ordinal outcomes with nonignorable dropout.

	22
	Quan 2018 [22]
	Considerations of multiple imputation approaches for handling missing data in clinical trials
	Uncongeniality
	The impact of variance estimation on control-based multiple-imputation inference was examined, and bootstrap variance estimation was recommended as an alternative to Rubin’s rule.

	23
	Roger 2019 [23]
	Treatment policy estimands for recurrent event data using data collected after cessation of randomised treatment
	Development of Imputation
	A retrieved dropout multiple imputation procedure based on a negative binomial model was developed for recurrent-event outcomes, using observed off-treatment data to impute missing post-withdrawal event rates.

	24
	Atkinson 2019 [24]
	Reference-based sensitivity analysis for time-to-event data
	Development of Imputation
	Reference-based multiple imputation was extended to time-to-event outcomes through a class of post-censoring assumptions targeting treatment-policy estimands, and the information-anchoring properties of Rubin’s variance estimator were evaluated through simulation.

	25
	Cro 2020 [25]
	Sensitivity analysis for clinical trials with missing continuous outcome data using controlled multiple imputation: A practical guide
	Tutorial/Overview
	A practical tutorial on δ-based and reference-based multiple imputation for sensitivity analyses of missing continuous outcomes was provided, including guidance on selecting δ, implementing the methods in Stata, and using Rubin’s variance estimator with information-anchored inference.

	26
	Cai 2020 [26]
	Estimands and missing data in clinical trials of chronic pain treatments: advances in design and analysis
	Comparison and Evaluation
	To illustrate the use of control-based (reference-based)
imputation for handling missing data in chronic pain
clinical trial.

	27
	White 2020 [27]
	A causal modelling framework for reference-based imputation and tipping point analysis in clinical trials with quantitative outcome
	Development of Imputation
	To address high dropout rates and the limitations of traditional methods for handling missing data in chronic pain trials, the use of control-based (reference-based) imputation was illustrated and compared with existing approaches using data from four pregabalin trials.

	28
	Hartley 2022 [28]
	Estimation of a treatment policy estimand for time to event data using data collected post discontinuation of randomised treatment
	Development of Imputation
	Imputation models allowing different pre- and post-discontinuation hazard rates were developed for time-to-event outcomes, with the post-discontinuation hazard used to impute events during follow-up periods missing because of study withdrawal.

	29
	Fang 2022 [29]
	Sequential modeling for a class of reference-based imputation methods in clinical trials with quantitative or binary outcomes
	Development of Imputation
	A flexible class of reference-based imputation methods ranging from J2R to CR was developed for sensitivity analyses to reflect different levels of treatment-effect persistence after discontinuation, with sequential modeling allowing application to both quantitative and categorical longitudinal outcomes.

	30
	Wang 2022 [30]
	Impute the missing data using retrieved dropouts
	Development of Imputation
	A retrieved-dropout multiple-imputation method aligned with the treatment-policy strategy was proposed using data from the last on-treatment visit.

	31
	Wolbers 2022 [31]
	Standard and reference-based conditional mean imputation
	Comparison and Evaluation
	Conditional-mean imputation with jackknife-based inference was proposed as an alternative to Bayesian multiple imputation with Rubin's rules, providing reproducible treatment-effect estimates and avoiding the standard error overestimation of Rubin's rules for reference-based imputation methods in longitudinal clinical trials.

	32
	Yang 2023 [32]
	SMIM: A unified framework of survival sensitivity analysis using multiple imputation and martingale
	Uncongeniality
	The multiple-imputation estimator was decomposed into a martingale series through its sequential construction, and a wild-bootstrap inference procedure was developed by resampling the resulting martingale terms.

	33
	Liu 2023 [33]
	Sensitivity analyses in longitudinal clinical trials via distributional imputation
	Comparison and Evaluation
	Distributional imputation was proposed for sensitivity analysis, replacing each missing value with samples drawn from its target conditional distribution given the observed data, with weighted bootstrap providing consistent variance estimation and avoiding the overestimation inherent in Rubin's rules.

	34
	Wang 2023 [34]
	Statistical methods for handling missing data to align with treatment policy strategy
	Comparison and Evaluation
	Five imputation methods aligned with the treatment-policy strategy were evaluated: retrieved dropout, jump to reference, copy reference, return to baseline, and washout imputation.

	35
	Liu 2024 [35]
	Robust analyzes for longitudinal clinical trials with missing and non-normal continuous outcomes
	Development of Imputation
	A robust, assumption-free framework based on sequential weighted robust regressions was developed for control-based imputation of nonnormally distributed outcomes, ensuring consistent ATE estimation even under analysis model misspecification.

	36
	He 2023 [36]
	Retrieved-Dropout-Based multiple imputation for time-to-event  data in cardiovascular outcome trials
	Development of Imputation
	Retrieved-dropout multiple imputation was extended to time-to-event outcomes in cardiovascular outcome trials to target the treatment policy estimand, with practical guidance provided for its implementation 

	37
	Cro 2019 [37]
	Information-anchored sensitivity analysis: theory and application
	Uncongeniality
	The concept of information-anchored sensitivity analysis was introduced, and a broad class of controlled and reference-based multiple-imputation procedures for longitudinal continuous outcomes was shown to preserve the proportion of information lost due to missing data in the primary analysis.

	38
	Rehal 2023 [38]
	Handling intercurrent events and missing data in non-inferiority trials using the estimand framework: A tuberculosis case study
	Development of Imputation
	Hypothetical and treatment-policy estimands were formulated for non-inferiority trials. The hypothetical estimand was estimated using twofold fully conditional specification multiple imputation, whereas reference-based multiple imputation was extended to binary outcomes to estimate the treatment-policy estimand and conduct sensitivity analyses.

	39
	Garcia-Hernandez 2024 [39]
	An illness-death multistate model to implement delta adjustment and reference-based imputation with time-to-event endpoints
	Comparison and Evaluation
	A fully analytical illness–death multistate framework was developed to estimate survival outcomes under on the treatment policy strategy when follow-up after intercurrent events is unavailable, incorporating delta-adjusted and reference-based assumptions through numerical integration and delta-method variance estimation.

	40
	Jin 2024 [40]
	Imputation methods for informative censoring in survival analysis with time dependent covariates 
	Development of Imputation
	Several methods were proposed for addressing informative censoring in survival analyses with time-dependent covariates under the Cox model, including tipping-point analysis and reference-based imputation through jump-to-reference and copy-reference assumptions.

	41
	Fairfax 2024 [41]
	Distributional imputation for the analysis of censored
recurrent events
	Comparison and Evaluation
	Distributional imputation, together with a wild-bootstrap variance estimator, was proposed for control-based sensitivity analyses of recurrent-event outcomes.

	42
	Cro 2024 [42]
	Handling Partially Observed Trial Data After Treatment  Withdrawal: Introducing Retrieved Dropout  Reference-Base Centred Multiple Imputation
	Development of Imputation
	A novel method was proposed by starting from a core reference-based imputation model and extending it with a retrieved-dropout compliance model and mildly informative Bayesian priors to stabilize poorly estimable parameters.

	43
	Drury 2024 [43]
	Estimation of Treatment Policy Estimands for  Continuous Outcomes Using Off-Treatment Sequential Multiple Imputation
	Development of Imputation
	A set of sequential multiple-imputation models was developed and evaluated to account for differences between on- and off-treatment outcomes for continuous endpoints under the treatment policy strategy.

	44
	Medcalf 2024 [44]
	Addressing missing outcome data in randomised controlled trials: A methodological scoping review.
	Scoping Review
	A methodological scoping review was conducted to identify and summarise analytical methods for handling missing outcome data in RCTs, finding that control-based multiple imputation under the MNAR assumption was the most commonly used approach, and providing a four-step practical guide for trialists.

	45
	Yuan 2025 [45]
	An adaptive imputation method of missing data for sparsely retrieved dropouts in treatment policy strategy
	Development of Imputation
	An adaptive RD_OICSR retrieved-dropout imputation model was developed to stabilise variance estimation under sparse retrieved-dropout data by dynamically borrowing information from placebo completers, while reverting to the standard retrieved-dropout approach when sufficient data are available.

	46
	Cro 2025 [46]
	Reference-Based Multiple Imputation for Longitudinal Binary Data
	Development of Imputation
	Two implementations of reference-based multiple imputation for longitudinal binary outcomes, adaptive rounding under a joint multivariate normal model and a latent multivariate normal model, were developed under the treatment policy strategy.

	47
	Wang 2025 [47]
	Comprehensive implementations of multiple imputation using retrieved dropouts for continuous endpoints
	Development of Imputation
	A new class of retrieved-dropout multiple imputation methods using all available retrieved-dropout data was proposed, simplifying implementation compared with the established method based only on the last on-treatment visit.

	48
	Bell 2025 [48]
	Estimation Methods for Estimands Using the Treatment  Policy Strategy; a Simulation Study Based on the PIONEER  1 Trial
	Comparison and Evaluation
	A likelihood-based retrieved-dropout method was developed and evaluated against existing sequential retrieved-dropout and reference-based multiple-imputation methods in terms of statistical performance.

	49
	Yan 2025 [49]
	Comparison of different approaches in handling missing data in longitudinal multiple-item patient-reported outcomes: a simulation study.
	Comparison and Evaluation
	Eight methods for handling missing patient-reported outcome data were compared across different missing-data mechanisms, rates, and patterns, showing that item-level pattern-mixture imputation performed best under MNAR.

	50
	Li 2025 [50]
	Impute the missing data by combining retrieved dropouts and return to baseline method
	Development of Imputation
	A hybrid imputation method combining retrieved-dropout information with a return-to-baseline formula was proposed to account for intercurrent events and differences between retrieved and non-retrieved dropouts, thereby reducing bias and standard errors in treatment-effect estimation.

	51
	Floden 2025 [51]
	A demonstration of estimands and sensitivity analyses for time-to-deterioration of patient reported outcomes
	Comparison and Evaluation
	The estimand framework was applied to define time-to-deterioration estimands for patient-reported outcomes in oncology trials, incorporating composite, hypothetical, and treatment policy strategies with multiple imputation sensitivity analyses.

	52
	Medcalf 2025 [52]
	Evaluating missing outcome data methods for the analysis of the MEL-SELF trial of patient-led surveillance for early-stage melanoma: A 
simulation study
	Comparison and Evaluation
	A simulation study was conducted to evaluate six imputation methods based on a melanoma surveillance trial.
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