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ABSTRACT 

Background and Objectives:  

Missing participant data are likely to bias the results of randomized control trials (RCTs) 

when the reason for missingness is associated with status on the outcome of interest. 

Unlike dichotomous MPD in RCTs, which have been thoroughly investigated, knowledge 

regarding continuous MPD in RCTs is much more limited. Our objectives were 1) using 

an adapted checklist, to assess the reporting quality of simulation studies comparing 

methods to deal with continuous MPD; 2) identify optimal methods proposed by 

biostatisticians and tested in simulations studies for continuous MPD in RCTs; 3) 

evaluate how authors report MPD, and how they plan and conduct analyses to deal with 

MPD in RCTs. 

Methods: 

We conducted two systematic surveys. The first identified methods papers published till 

2015 January that compared statistical approaches to deal with continuous MPD in RCTs 

using at least one simulation.  In this sample, we considered both the quality of reporting 

and the results.   The second survey identified a representative sample of individual RCTs 

published in 2014 in core journals reporting the results of at least one continuous variable 

addressing a patient-important outcome. 
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Results and conclusion: 



Ph.D. Thesis – Y. Zhang; McMaster University – Health Research Methodology 

Our survey identified important limitations in reporting quality of simulation studies that 

compared statistical approaches to deal with continuous MPD, particularly in the 

reporting of simulation procedures. Only one of 60 studies reported the random number 

generator used and none reported starting seeds or failures during simulation.  Less then 

half reported software used to perform simulation (41.7%) or analysis (48.3%), and only 

4 (5%) reported justification of number of simulations. When facing continuous MPD in 

RCTs, results of simulation studies demonstrate that trialists seeking optimal approaches 

may choose robust regression or mixed models and avoid using last observation caring 

forward.  Continuous MPD frequently occurs in RCTs and the extent is typically 

substantial (median greater than 10%). Methods sections in trial reports typically do not 

provide adequate detail on how they dealt with MPD in their primary analysis. Among 

methods actually implemented to deal with MPD, most authors use only available data, 

thus excluding MPD from the analysis. Seldom do investigators apply statistical 

approaches to impute or taking into account of MPD nor conduct sensitivity analysis to 

address the impact of it. 

A comprehensive knowledge synthesis summarizing current available statistical 

approaches and its relative merits, as well as the current used methods in RCTs provide 

clear implications on how the practise of using methods to handle continuous MPD 

should shift in individual RCTs. Trialists should use mixed models and robust regressions 

and avoid using last observation caring forward method. 
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Preface 

This thesis has been conducted as a “sandwich thesis” and consists of three 

individual manuscripts/papers submitted to journals for publications.  These are:  

1.) Chapter 1: Introduction of the thesis  

2.) Chapter 2: Reporting quality of simulation studies comparing statistical methods of 

handling MPD for individual RCTs: A systematic survey; manuscript 

3.) Chapter 3:  Handling trial participants with missing outcome data for continuous 

outcomes in randomized control trials: a systematic survey of the methods literature; 

manuscript 

4.) Chapter 4: Reporting and analysis of missing participant continuous data in randomized 

controlled trials: a systematic survey; manuscript 

5.) Chapter 5: Discussion and conclusion/summary  

At the time of writing (June 2015-July 30th 2015) all three chapters have been 

written and submitted for publication.  
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CHAPTER 1: 

INTRODUCTION 

Missing Participant Data  

Missing participant data (MPD) refers to outcome data from trial participants that are not 

available to include in the data analysis.  MPD does not include missing studies 

(unpublished) or unreported outcomes that planned in the protocol but not reported in the 

trials1.  A broadly used classification on reasons of missing data, which also refers to 

missing mechanisms, includes the following three classes2,3. Missing completely at 

random (MCAR) indicates the reason for missing observations is unrelated to either 

observed or unobserved outcome or covariates. For instance, patients missed one follow-

up due to a car accident. In this case, ignoring missing data and only analyzing the 

available data will not cause bias but only reduce power. MCAR is a strong assumption 

and almost always unlikely in trials4.   

Missing at random (MAR), a more reasonable assumption, occurs when the missing 

observations are related to observed outcomes or covariates (i.e. patient characteristics). 

For instance, older patients. In this case, ignoring MPD will cause bias if the patients with 

missing data differ in age in intervention and control groups.  When data are MAR 

statistical approaches need to be applied to reduce bias.  

 

Lastly, and likely the most realistic assumption for at least some of the missing data in 

randomized trials is missing not at random (NMAR). When data is NMAR, the missing 
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observations are associated with unobserved data even after considering apparent 

associations in the observed data5,6.  Dealing with NMAR requires conducting sensitivity 

analyses to test the robustness of the primary analysis under various reasonable 

assumptions about the nature of he missing data3.  Trial investigators are rarely able to 

provide confident judgements about whether MPD is MCAR or MAR, NMAR.  

Therefore, more conservative approache in which one tries to make inferences about 

missing data on the basis of the association between patient characteristics and outcomes, 

and in addition one conducts sensitivity analyses, is advisable for continuous outcomes in 

randomized trials. 

MPD in RCTs 

MPD in randomized controlled trial (RCT) is commonly used interchangeably with loss 

to follow-up, discontinued prematurely, or outcome not assessable1.  RCT is a widely 

used optimal type of study design that provides most trustworthy evidence regarding the 

efficacy of interventions7,8. MPD in RCT threaten the prognostic balance between 

intervention and control groups and may bias the result. For example, for the outcome of 

symptoms, if patients in intervention group with more severe symptoms withdraw more 

frequently than similar patients in the control group, the result will be an overestimate due 

to the MPD. 

 

 

MPD may therefore bias estimates of intervention effects.  MPD, when omitted, might 

also lead to a reduction in statistical power.   
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Although trial investigators applied various strategies and significant endeavours to 

minimize MPD, its presence is in most case unavoidable9. Investigators have reported 

MPD in up to 89% of RCTs across all therapeutic areas10-13.  Moreover Akl et al13 found 

up to one third of RCTs published in leading medical journals may lose statistical 

significant result when applying plausible assumptions regarding the missing data.  It is 

therefore crucial to appropriately deal with MPD in RCTs to minimize biased results. 

Statistical approaches to handle MPD 

Much attention has been given in the past decades to missing data in RCTs. 

Biostatisticians suggested various methods to deal with MPD in RCTs14-18.  The statistical 

approaches can be classified in four broad categories: data deletion, single imputation, 

multiple imputation, and data augmentation19.  

One of the most frequently seen and straightforward approaches within data deletion is 

complete case analysis, which refers to omitting the patients with one or more missing 

values20.  It is easy to apply in analysis and may yield unbiased result when data are 

MCAR but only reduces power2,21,22.  The other data deletion approach is all available 

data analysis also called available case method, which refers to using all available 

observations even patients have some MPD through the entire follow-up when outcomes 

are measured repeatedly. For instance, if one patient missed three follow-ups out of total 

ten follow-ups, all available data analysis would still include the remaining seven 

observations in the analysis19.   

The basic principle for imputation methods is to substitute each missing observation with 

a new one and then conduct the analysis as if no MPD were present.  Single imputation 
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replaces all missing observations with a single value and it therefore reduces the true 

variability in the data and artificially narrows the confidence interval23.  Mean imputation, 

hot-deck, cold-deck, and last observation carried forward (LOCF) are commonly seen 

single imputation methods19.  

In the contrast, multiple imputations produce multiple values and replaces the missing 

observations with more than one plausible value to complete multiple alternative 

complete datasets2. Then each dataset is analyzed independently to obtain the effect 

estimate. Lastly, multiple parameter estimates are combined and obtain one single best 

estimate17.  Multiple imputation takes into account the variability of missing values and 

incorporates uncertainty 2,21,24. 

Data augmentation refers to a method to invoke an algorithm to account for observed and 

missing data, the relationship between these two, as well as underlying statistical 

assumptions to estimate parameters of interest. It does not involve replacement of missing 

values19.  Model based approaches belong to data augmentation. Mixed effects models, 

robust regression, generalized estimating equation (GEE) are frequently investigated 

categories and they are based on maximum likelihood25,26, pseudo-likelihood or 

maximum inference 27,28, and quasi-likelihood inferences respectively29,30.  

Simulation studies and MPD 

Simulation studies use computational procedures to test hypotheses and assess the 

performance of statistical methods in different scenarios in relation to truth31.  Simulation 

studies have been widely used in the medical literature32.  High quality simulation studies 

present compelling evidence on the relative merits of statistical methods in complex 
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situations for data from RCTs and other study designs. However, readers of simulations 

face the challenge of understanding the process of the simulation studies, interpreting 

conflicting results presented in various formats, assessing the validity of result, critically 

appraising the conclusion and making inferences from it. Unsatisfactory or non-uniform 

reporting hinders the appraisal process and may lead to misleading interpretation31,33.  

Objectives and outlines  

The general objective of this thesis is to assess the reporting quality of simulation studies 

on methods of handling continuous MPD, to identify optimal methods for dealing with 

continuous MPD in simulations, and to investigate the reporting, extent of MPD, planned 

and conducted analysis in RCTs.   

The thesis is a “sandwich” composed of three papers (chapters 2-4) exploring issues 

around continuous MPD in RCTs.   

Chapter 2 contains a modified checklist for reporting of simulation studies based on 

Burton et al31 and a systematic survey on the adherence of simulation studies focusing on 

proposing statistical approaches to deal with continuous MPD in parallel design RCTs 

using the modified checklist.  

Having first assessed the quality of reporting in the simulations studies, we further 

investigate the relative merits of the compared methods in simulations. Chapter 3 is a  

systematic survey on all available statistical methods to deal with continuous MPD in 

RCTs that are empirically tested in simulations. We also compare and present the optimal 

and inferior methods based on their relative performance regarding bias, precision, 

accuracy, type I error, coverage, power and overall performance based on above criteria. 
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Having established the performance of existing statistical approaches to deal with 

continuous MPD, we sought to investigate how RCT investigators implement methods in 

planning and conducting analysis to deal with MPD. Chapter 4 assesses how RCT 

investigators report and the extent of MPD for continuous outcomes, and the analytical 

approaches planned and conducted in their primary and sensitivity analysis addressing 

MPD.  

The whole thesis work aims to expound a compelling body of evidence to inform trialists, 

methodologists, biostatisticians, journal editors and users of the medical literatures of the 

reporting and methods to deal with continuous MPD in RCTs.  

Overlap in material covered: 

We design chapter 2 and 3 as independent manuscripts but abstract different sets of 

information from the same studies. Therefore, there are overlaps in the eligibility criteria, 

search strategy, study selection and in the descriptions of general study characterises in 

chapter 2 and 3. 

Research context: 

The series of works focus on continuous MPD in RCTs and are related to a series of 

parallel investigations on dichotomous MPD in RCTs and systematic review (SR)s from 

our research group. Further inspection of these series of studies may facilitate the  

understanding of MPD from a general perspective. Prior to this work, our group 

addressed the reporting, analytical approaches, and the impact of dichotomous MPD in 

five leading general medical journals (LOST-IT)13. Other ongoing investigations include 

the exploration of impact of MPD for dichotomous outcomes on pooled effect estimates 
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in SRs1, and a systematic assessment on approaches of dealing with dichotomous MPD in 

SR (submitted). Finally, chapter 1 and 2 inspired the design, conduct and analysis of the 

other 2 ongoing projects on reporting and performance of statistical approaches on 

dichotomous outcomes in RCTs.  
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Abstract 

Background: Addressing missing participant data (MPD) presents a serious challenge in 

randomized controlled trials (RCTs) focusing on continuous outcomes.  Simulation 

studies provide a valuable method of assessing the performance of statistical methods 

addressing MPD. The reporting quality of simulation studies addressing MPD for 

individual RCTs has not been addressed thus far.  

Objective:  To adapt an existing checklist for simulation studies to deal with quality of 

reporting and to conduct a systematic survey of the reporting quality of simulation studies 

of methods used to handle missing data in RCTs. 

Method: We conducted a systematic search in Medline, Cochrane Library, Web of 

Science, Journal Storage (JSTOR) from inception to January 2015 for simulation studies 

testing statistical strategies for dealing with MPD focusing on continuous outcomes in 

RCTs.  We adapted previously developed criteria for reporting quality and applied them 

to eligible studies.  

Result: Of 16,446 identified citations, 60 studies proved eligible. Studies generally had 

important limitations in reporting quality, particularly in reporting simulation procedures. 

Less then half reported software used to perform simulations (25/60: 41.7% with 95% 

confidence interval of [29.2%, 54.2%]) or analysis (29/60: 48.3% [35.7%, 61.0%]), and 3 

(5% [0%, 10.5%]) reported justification of the number of simulations. All studies 

reported scenarios evaluated, statistical methods and the criteria to evaluate their 

performance. Approximately 95% [89.5%, 100%] (57/60) reported the number of 
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simulations.  

Conclusion: Current reporting of simulation studies addressing methods to deal with 

MPD suffered from serious limitations.  Authors of simulation studies need to attend 

more carefully to transparently reporting all relevant aspects of their methods.   
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Background 

Missing participant data (MPD) is common in randomized control trials (RCTs), and may 

seriously undermine the validity of research findings.1 A systematic survey of RCTs 

reporting statistically significant results published in five prestigious general medical 

journals found that 87% of reported RCTs suffered from MPD in their primary 

outcomes2. Furthermore, in sensitivity analysis under plausible assumptions, up to one 

third of the trials lost significance2. 

In the past decades, investigators have proposed a number of statistical methods to deal 

with MPD. Data deletion methods, data augmentation procedures, single imputation and 

multiple imputations represent the four broad categories of available statistical methods3.  

Statisticians have proposed various approaches for all these methods, and applied them in 

real clinical trials4 or in simulations5.  Demonstrating the use of statistical methods in 

RCT data can reproduce real life scenarios.  Simulation studies have, however, the 

advantage of assessing the performance of statistical methods in relation to the known 

truth and can therefore provide compelling evidence regarding the relative merits of 

alternative approaches6.  

High-quality simulation studies can reflect complex situations in RCTs or other study 

designs that closely reflect real-life data.  Despite their theoretical merits, readers of 

simulation studies face challenges in assessing the integrity of their study designs, 

understanding the process of simulation, interpreting the results, and making inferences.   

Insufficient details in reporting may seriously hamper these assessments6.   
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Reporting criteria summarized in a checklist would aid in evaluation and provide 

guidance to investigators in reporting their simulation studies.  The reporting guidelines 

suggested by the Enhancing the Quality and Transparency of Health Research 

(EQUATOR) Network do not include a checklist for reporting of simulation studies.  

However, Burton et al have proposed a comprehensive checklist of generic issues that 

need to be considered when designing, conducting and reporting simulation studies6.  

Adherence to these criteria would provide transparency and thus facilitate the 

reproducibility and assessment of the credibility of simulation studies.   

Investigators have not thus far addressed the reporting quality of simulation studies 

evaluating methods of dealing with MPD for individual RCTs.  The aims of this article 

are to 1) propose a checklist for reporting of simulation studies modified from the criteria 

of Burton et al6 and 2) conduct a systematic survey using the modified criteria to address 

the reporting quality of simulation studies of methods of handling missing data for 

individual RCTs. 

Methods 

Definition 

MPD represents outcome data from trial participants that are not available to investigators 

to include in their data analysis.  MPD does not refer to either: 1) missing (e.g. 

unpublished) studies; 2) unreported outcomes (e.g. outcomes planned to report in the 

protocol but excluded in the trial report. 
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Checklist for reporting quality of simulation studies 

 

Using Burton et al’s checklist6 that focuses on the design, conduct and reporting of 

simulation studies, we retained and modified items relevant to reporting. To improve 

replicability of studies, we added “reported software to perform analysis” to item 2.  To 

appropriately evaluate methods based on various statistical criteria, we added precision, 

type I error and power to item 8. The final adapted checklist we used included:  

1. Defined the aims of the simulation 

2. Simulation procedures: 

 Reported dependence of simulated datasets 

 Reported starting seeds 

 Reported random number generator 

 Reported the occurrence of failures 

 Reported software used to perform simulation 

 Reported software to perform analysis 

3.  Justification of data generation 

4.  Scenarios investigated 

5.  Statistical methods evaluated 

6.  Number of simulations performed 

7. Justification for number of simulation 

8. Criteria to evaluate the performance of statistical methods under different scenarios 
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For evaluating the statistical methods dealing with MPD the following assessment can be 

used to assess the performances of the methods: bias, precision or variance, accuracy, 

type I error, power, and coverage. 

Having chosen criteria for our modified checklist, we used them to assess the reporting 

quality of simulations studies comparing different statistical methods to deal with 

continuous MPD in RCTs.  

Eligibility criteria 

We included studies that fulfilled the following criteria: 

 Journal articles published in English; 

 Articles that discuss statistical methods to how parallel group RCTs 

might deal with MPD for continuous outcome; 

 Articles that compared at least two statistical methods in at least one 

simulation study; 

 Simulation aimed to assess the impact of MPD on estimated treatment 

effects in RCTs; 

We excluded studies that fulfilled any of the following criteria: 
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 Meeting abstract, letter, commentary, editorials and protocols, books 

and pamphlets; 

 Simulation studies that investigated approaches to dealing with missing 

data for cluster RCTs, and cross-over RCTs; 

 Simulation studies that investigated general performance of methods of 

imputing missing data but did not focus on its impact on treatment 

effect in RCTs; 

 Methods of handling MPD in health economy studies; 

 Duplicate publication 

Search strategy 

A research librarian with expertise in conducting systematic reviews assisted one of the 

authors to develop a comprehensive search strategy.  We modified and finalized the 

search strategy using pre-identified eligible articles. We conducted the electronic searches 

in MEDLINE (from inception to August 2014), Cochrane Library (from inception to 

August 2014), Web of Science (from inception to January 2015), and Journal Storage 

(JSTOR) (from inception to January 2015). Appendix 1 presents the detailed search 

strategy for each database.  

Study selection  

Two authors independently conducted the title and abstract screening for all the identified 

citations using a web-based systematic review software (DistillerSRTM). The articles were 
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included in full-text screening if either reviewer considered the citation might meet the 

eligibility criteria. The same authors, independently and in duplicate, applied the 

eligibility  

criteria to the full-text of all potentially eligible articles.  The reviewers resolved 

disagreement during full-text screening by discussion or, if unsuccessful, through review 

by a third author (a statistician).  

Data abstraction 

We created an Excel spreadsheet to record general characteristics and information related 

to reporting quality from all eligible simulation studies. General characteristics included 

last name of the first author, year of publication, missing mechanism investigated, criteria 

used to evaluate the performance of methods, number of trials simulated, proportion of 

missing data in the simulated datasets, and number of simulations conducted. We also 

recorded the clinical area, type of outcome investigated, and, if applicable, number of 

participants in the trial that motivated the simulation. Reviewers made an assessment of 

whether each item in the checklist was reported or not reported.   

Teams of two authors including one methodologist and one statistician worked in pairs to 

abstract data independently and in duplicate.  Reviewers resolved disagreements by 

discussion or if necessary through arbitration by a third author. All authors participated in 

a calibration process for both screening and data abstraction using a pilot form with 

detailed instructions. The form was modified when the calibration process revealed lack 

of clarity.  For one study, we reviewed supplementary documents published by the 
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authors to abstract information on reporting quality of simulation when authors referred to 

it.  

Data analysis 

We assessed the level of agreement on eligibility between authors for full text screening 

stage using unweighted kappa7.  For all analyses, we summarized the categorical 

variables with numbers and percentages.  

Results 

The search strategy generated a total of 16,446 citations; 507 were retrieved for full text 

screening and 60 were deemed eligible (Figure 1).  The agreement between authors at the 

full text screening stage was high (κ= 0.73).  

General characteristics of included method studies 

Table 1 provides a summary of study characteristics and Table 2 provides a study-by-

study detailed description. 

Of the 60 studies, 52 (92%) specified the clinical area of the trials that motivated the 

simulation 18 (30%) investigated infectious diseases and 12 (20%) investigated 

psychiatry.  Approximately half (48.3%) chose a surrogate as the outcomes of interest for 

their simulations.  The total sample size of simulated trials varied from 288 to 20009,10 

with the most common choice being 101-200 (46.7%).  Twenty-six (43.3%) studies did 

not specify the proportion of missing data for the simulated trial.   For the studies that did 
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specify the proportion missing the most common (38.3%) proportion of data missing was 

21-30%. 

All 60 studies specified at least one criterion to evaluate the performance of statistical 

methods; 49 (81.7%) assessed bias, 28 (46.7%) assessed coverage, and 26 (43.3%) 

assessed precision or variance.  Over half the studies investigated methods’ performance 

under not missing at random (NMAR) (32, 53.3%) and/or missing at random (MAR) 

missing mechanisms (32, 53.3%). Three quarters (45, 75%) of the simulations were 

motivated based on real trials or were described by the authors as typical of real trials. 

 Reporting quality of simulation studies discussing methods to handle MPD 

Table 3 presents a summary of the reporting quality of the eligible studies. Most (54 out 

of 60: 83.3% with 95% confidence interval [73.9%, 92.7%]) clearly specified the aim of 

the simulation.   

Regarding the simulation procedures, many critical items were not explicitly reported. 

Most (45, 75% [64.0%, 86.0%]) failed to report whether they created independent 

simulated datasets for different scenarios.  All but one study (59, 98.3% [95%, 101.6%]), 

failed to report the use of a random number generator (the one that did reported stated 

they used the random number generator ‘normal (0)’ in SAS)11.  No study mentioned 

their choice of starting seeds, nor whether failure occurred when estimating the outcome 

of parameter of interest. Over half of the studies reported neither the software package 

used to perform simulations (35, 58.3% [45.8%, 70.8%]) nor to conduct analysis (31, 51.7% 

[39.1%, 64.3%]).  In those that did provide the information, SAS (13 studies, 21.8% 
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[11.4%, 32.3%]) was the most frequently applied software both for simulation and for 

analysis.   

A minority (15, 25% [14.0%, 36.0%]) failed to provide justification for data generation.  

Almost all (57, 95% [89.5%, 100.5%]) reported the number of simulations which varied 

from 50 to 50,000 replications, with the most common choices being 1000 (23 studies, 

38.3% [26.0%, 50.6%]) and equal or less than 250 (12 studies, 20% [9.9%, 30.1%]).  

Three studies failed to make clear how many simulations were performed12-14.  Very few 

(3, 5% [0%, 10.5%]) provided a justification for the number of simulations.  Of the 3 that 

did provide the rationale, two estimated the number of simulation based on an expected 

standard error around 95% confidence interval of the coverage rate9,15 and one provided 

the justification based on the distribution of unstructured covariance matrix5. All included 

studies provided criteria to evaluate the performance of statistical methods.  

Discussion 

Summary of findings 

The reporting quality of published simulation studies addressing methods of handling 

MPD for individual RCTs suffer from important limitations, especially regarding the 

simulation procedures. The most egregious omissions included failures during simulation, 

proportion of missing data, and software to perform simulation or analysis (Table 3).  

Less serious but frequent omissions included justification of number of simulations, 

included failure to report the random number generator used, the starting seeds (Table 3).  
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Strengths and limitations 

Our study has several strengths.  To our best knowledge, we conducted the first study that 

systematically assessed the completeness of reporting of these simulation studies. We 

conducted a systematic and comprehensive search across general medical databases as 

well as databases that capture statistically oriented articles. The screening and data 

abstraction processes were performed independently and in duplicate with each pair 

including one statistician and one methodologist.  Chance-corrected agreement in judging 

eligibility was high. Finally, we used a modification of an established checklist developed 

specifically for simulation studies to evaluate reporting quality. 

One limitation of our study is that we focused exclusively on reporting and did not try to 

assess the merits of the design and conduct of simulation studies.  Therefore, our 

systematic survey does not explicitly provide information addressing the methodological 

quality of included simulation studies. Another limitation is that the results might not be 

generalizable to simulation studies dealing with dichotomous or time to event outcomes, 

on MPD in non-parallel group RCTs, or on simulation studies addressing issues other 

than MPD. Lastly, we could have searched EMBASE database to capture potential 

eligible studies.  

Implications 

Statisticians and methodologists need to enhance the clarity, completeness and 

transparency of simulation studies evaluating methods for dealing with MPD for 

individual RCTs by following standards for comprehensive reporting. Providing explicit 
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descriptions assists the understanding of readers and makes it more likely that results will 

be reproducible – or, if they are not, to allow explanations of discrepancies.  Transparent 

reporting reveals drawbacks of research that facilitates the critical appraisal of simulation 

studies and may play a role in improving the design and conduct of future studies. 

Our results suggest that evaluations of other simulation studies may also reveal serious 

limitations in reporting quality.  If this proves a frequent problem, editors of medical and 

statistical journals may consider endorsing a checklist for the reporting of simulation 

studies.  If such a checklist were adopted and adhered to, poorly reported simulation 

studies would not pass through the peer review process without correction of the 

omissions. 
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Figure legends: 

Figure 1: PRISMA flow diagram  

Reporting of Simulation studies 2015 Flow Diagram 
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Table 1. Summary of general characteristics of 60 included studies  

Clinical Area*  n % 

    Non-Medical 1 1.7 

    Dermatology 0 0.0 

    Cardiology 3 5.0 

    Endocrinology 3 5.0 

    Gastro Intestinal 1 1.7 

    Hematology 0 0.0 

    Intensive Care 0 0.0 

    Infectious Diseases 18  30.0 

    Neurology 0 0.0 

    Oncology 0 0.0 

    Psychiatry 12 20.0 

    Renal 1 1.7 

    Respiratory 3 5.0 

    Rheumatology 3 5.0 

    Other 9 15.0 

Type of Primary Outcome* n % 

    Unclear 16 26.7 

    Length of stay (in hospital, ICU) 1 1.7 

    Symptoms 5 8.3 

    Quality of life 3 5.0 

    Functional status 2 3.3 

    Disease severity 5 8.3 

    Length of drug use 3 5.0 

    Surrogate outcome 29 48.3 

Number of different trials n % 

    1 56 93.3 

    2 4 6.7 

Total Sample size# n % 

    0-50 1 1.7 

    50-100 16 26.7 

    101-200 28 46.7 

    201-300 12 20.0 

    301-400 3 5.0 

    401-500 9 15.0 

    500-1000 9 15.0 

    2000 2 3.3 
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Proportion of missing data* n % 

    0-4% 1 1.7 

    5-10% 13 21.7 

    11%-15% 7 11.7 

    16%-20% 5 8.3 

    21%-30% 23 38.3 

    31%-40% 9 15.0 

    41%-50% 12 20.0 

    51%-60% 1 1.7 

    61%-70% 2 3.3 

    71%-80% 1 1.7 

    81%-90% 1 1.7 

    Unclear 26 43.3 

Criteria to assess performance of methods* n % 

    Bias 49 81.7 

    Precision/variance 26 43.3 

    Accuracy 18 30.0 

    Type I error 11 18.3 

    Power 13 21.7 

    Coverage 28 46.7 

Missing mechanisms investigated* n % 

    NMAR 32 53.3 

    MAR 32 53.3 

    MCAR 15 25.0 

    Ignorable missing (MCAR or MAR) 8 13.3 

    Combined missing (NMAR and MAR) 2 3.3 

Software used to perform simulations n % 

    SAS 13 21.8 

    R 4 6.7 

    Splus 3 5.0 

    C++ 2 3.3 

    STATA 1 1.7 

    MATLAB 1 1.7 

    Fortron 1 1.7 

    Not stated 35  58.3 

Software used to perform analysis n % 

    SAS 19 31.7 

    Combination 4 6.7 

    R 2 3.3 

    C++ 2 3.3 
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NMAR: 

Not 

missing 

at 

random; 

MAR: Missing at random; 

MCAR: Missing completely at random. 

* The total % of clinical areas, criteria to assess the performance of methods, and missing 

mechanisms may exceed 100% since there are included studies that simulated more than 

one trials in different clinical areas, investigating more than one missing mechanism and 

using more than one criteria to assess the performance of methods. 

# The percentage of total sample size may exceed 100% since there are included studies 

that simulated scenarios with multiple sample sizes. 

@ The proportion of missing data may exceed 100% since there are included studies that 

simulated scenarios with multiple proportion of missing data. 
  

    Splus 1 1.7 

    MATLAB 1 1.7 

    Not stated 31 51.7 

Number of simulations n % 

    Up to 250 12 20.0 

    400-600 9 15.0 

    1000 23 38.3 

    2000 1 1.7 

    3000 2 3.3 

    5000 3 5.0 

    10, 000 5 8.3 

    25, 000 1 1.7 

    50, 000 1 1.7 

    Not stated 3 5.0 

Justification for data generation n % 

    Based on a real data set 32 53.3 

    Typical of real data  13 21.6 

    Not stated 15 25.0 
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Table2: Characteristics of included studies 

Last name of 

the first author 
& Year of the 

publication  

Missing 

mechanism 

investigated 

Criteria used 

to evaluate the 
performance of 

methods: 
a. A: Bias   

b. B: 

Precision 
c. C: 

Accuracy 

d. D: 

Coverage 

e. E: Type I 
error 

f. F: Power 

Number 

of trials 

simulated 

Clinical application of 
the simulation 

Type of 

outcome 

investigated 

Number of 

participants 
in simulated 

datasets 

Proportion of 
missing data 

Number of 
simulations 

Desouza  

2009 
MAR A; F 1 Other Unclear 100 

10% 
15% 

30% 

1000 

Horvitz-

Lennon  

2005 

MAR/NMAR A; C; D 1 Psychiatric Unclear 500 Not specified 10000 

Li  

2004 

MCAR 

NMAR 
A; C; D 1 Renal 

Surrogate 

outcome 
240 Not specified 1000 

Lin  
2003 

MAR 
NMAR 

A; B; D 1 Infectious Diseases 
Functional 
status 

200 

50% 

80% 

90% 

1000 

Peng  

2004 

MAR 

NMAR 
A; C; D 1 Not specified 

Quality of 

life 
200 Not specified 250 

Demirtas 

2005a 

NMAR 
Ignorable 

missing 

A; B; C; D 1 Infectious Diseases 
Surrogate 

outcome 
66 28.78% 1000 

Hallgren  

2013 

MCAR 

MAR 
NMAR 

A; B; C; E; F 1 
Other (Behavioral+ 

Medication) 

Length of 

drug use 
1000 

5% 
10% 

25% 

30% 

200 

Huang  

2013 
MAR E; F 1 Rheumatology 

Surrogate 

outcome 

100/200/300

/372 
50% 1000 

Wiens 
2013 

MAR 
NMAR 

A; E; F 1 Not specified Unclear 130 
10% 
25% 

10000 

Liu 

2013 

MCAR 

MAR 
A; E; D; F 1 Not specified Unclear 120/200/300 Not specified 1000 

Lepri 

1998 
NMAR A 1 Infectious Diseases 

Surrogate 

outcome 
100 44%-75% 100 

Xue 
2011 

MAR B; D 1 Not specified Unclear 
60/100/150/
250 

Not specified 5000 

Abrahantes 

2011 

MAR 

NMAR 
A; C 1 Not specified Unclear 300 Not specified 100 

Wang 
1995 

MCAR 
MAR 

NMAR 

A; B; D; F 1 Respiratory 
Surrogate 
outcome 

200 50% 600 

Hu 
2010 

MAR A; B; C  1 Infectious Diseases 
Surrogate 
outcome 

500 Not specified 1000 

Hedden 

2009 

MCAR 

MAR 
E; F  1 Other 

Length of 

drug use 
100 

10% 

40% 
2000 

Liang 

2007 
MCAR D 1 Infectious Diseases 

Surrogate 

outcome 
200 Not specified 25000 

Barnes 
2008 

NMAR A; D 1 Psychiatric Symptoms 60/480 29% 3000 

Baron 

2008 
NMAR A; E; F  1 Rheumatology 

Disease 

severity 
300 

8% 

15% 
1000 

Mallinckrodt 

2002 
NMAR A; D; E 1 Psychiatric Symptoms 100 Not specified 3000 

Wei  

2001 
MCAR A; B; D 1 Respiratory 

Length of 

drug use 
300 11% 1000 
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Roderick 2009 
MAR 

NMAR 
A; B; D 1 Infectious Diseases 

Surrogate 

outcome 
200 Not specified 1000 

Guo  

2004 

Ignorable 

missing 
A 1 Psychiatric Symptoms 157 Not specified 500 

Carpenter 
2007 

MAR A; B  1 Not specified Unclear 200 50% 1000 

Yuan  

2007 
NMAR A; B; D 1 Psychiatric Symptoms 367 Not specified 10000 

Tsonaka  
2009 

NMAR A; B; C  1 Rheumatology Symptoms 200 30% 200 

Cook  

1997 
NMAR A  1 Cardiology 

Surrogate 

outcome 
675 

NMAR18%+ 

MAR7% 
0 

Gueorguieva  

2012 

I Ignorable 

missing 
A  1 Psychiatric 

Quality of 

life 
500 Not specified 200 

Hogan  

1998 
NMAR F  1 Infectious Diseases 

Functional 

status 
424 

18% 

25% 
500 

Demirtas  

2005b 

NMAR 

Ignorable 
missing 

A; B; D 2 Not specified Unclear 999 Not specified 1000 

Demirtas  

2007 

NMAR 

 Ignorable 
missing 

A; B; C; D 1 Gastro Intestinal 
Surrogate 

outcome 
65 Not specified 1000 

Demirtas   

2003 

NMAR 

Ignorable 
missing 

B; D 2 
Psychiatric and the 

other one unclear 

Unclear and 

Disease 
severity 

100/413 29% 1000 

Longford  

2006 
NMAR A; C  1 Psychiatric 

Disease 

severity 
28 Not specified 1000 

Michael  
2012 

MAR 

Proposed 

posterior 

predictive loss 
model 

selection 
criterion 

1 Endocrinology 
Surrogate 
outcome 

50/100/2000 Not specified        200 

Gadbury  

2003 

MCAR 

MAR 
NMAR 

A; B; D 1 Obesity  
Surrogate 

outcome 
100 20% to 50%  1000 

Gilbert  

2010 

MCAR 

MAR 
A; C; D 1 Infectious Diseases 

Surrogate 

outcome 
999 50% 500 

Hogan  

2004 
MCAR A 1 Infectious Diseases 

Surrogate 

outcome 
50 Not specified 0 

Groenwold  
2011 

MAR 
NMAR 

A; B; D 1 Not specified Unclear 250 30% 5000 

James  

1995 
MAR A; D 1 Infectious Diseases 

Surrogate 

outcome 
500 Not specified 200 

Hebert  
2011 

MAR 
NMAR 

A; B; D 1 Cardiology 
Surrogate 
outcome 

416 25% 1000 

Lin  
2004 

MAR A; B; C  1 Other 

Length of 

stay (in 
hospital, 

ICU) 

250 Not specified 200 

Yi  

2009 
MAR A; B; D 1 Infectious Diseases 

Surrogate 

outcome 
200/1000 Not specified 500 

Stuart  
2002 

MAR A  1 Infectious Diseases 
Surrogate 
outcome 

200 Not specified 200 

Huson  
2007 

MCAR 

MAR 
NMAR 

A; B  1 Infectious Diseases 
Surrogate 
outcome 

200/500 

5% 

10% 
30% 

1000 

Wei  

1999 
MAR A; D 1 Infectious Diseases 

Surrogate 

outcome 
150 

12% 

26% 
29% 

33% 

37% 

500 

James  

1998 

MCAR 

NMAR 
A; D 1 Infectious Diseases 

Surrogate 

outcome 
200/2000 Not specified 1000 

Lane MCAR A; F  1 Psychiatric Unclear 182/232/244 25% 1000 
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MAR: Missing at random; 

NMAR: Not missing at random; 

MCAR: Missing completely at random. 

 

 

 

 

 

 

2008 MAR 

NMAR 

29% 

33% 
49% 

Li  

2011 
MCAR A; B; D 1 Other (vaccine) 

Surrogate 

outcome 
200 Not specified 10000 

Liu  

2006 

Ignorable 

missing 
A; C; D 2 Endocrinology 

Surrogate 

outcome 
999 

 22% 

24% 

41% 
42% 

 48% 

0 

Mehrotra  
2012 

MAR A; E; F  1 Other 
Surrogate 
outcome 

60/160 25%-35% 5000 

Revicki  
2001 

NMAR A 1 
Other (physical health 
status) 

Quality of 
life 

200/400/100
0 

5% 

10% 
15% 

20% 
25% 

50 

Scharfstein  

2003 
NMAR B; C  1 Psychiatric 

Surrogate 

outcome 
613 34% 500 

Siddiqui  
2011 

Ignorable 
missing 

B; E; F 1 Psychiatric Unclear 200 35% 1000 

Tang  

2005 
MAR A; B; D 1 Psychiatric 

Disease 

severity 
501 

9% 
16% 

28% 

1000 

Touloumi  
1999 

MAR A; B; C 1 Infectious Diseases 
Surrogate 
outcome 

200 Not specified 100 

Unnebrink  

2001 

Combined 

missing 
E; F  1 Endocrinology 

Disease 

severity 
266 

1% 

20% 
50000 

Wu  
2001 

MAR A;C 2 
Respiratory and 
Cardiology 

Surrogate 
outcome 

200 
11% 
10% 

400 

Xu  

2012 
MCAR C; E 1 Infectious Diseases 

Surrogate 

outcome 
120 15%-35% 10000 

Yuan  

2010 
NMAR A; B  1 Infectious Diseases 

Surrogate 

outcome 
200 50% 1000 

Tseng  

2012 

MAR 
NMAR 

Combined 
missing 

A; C  1 Other Unclear 200 10% 500 
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Table 3: Summary of reporting quality of 

included 60 studies  

 

Criteria n  % (95% CI) 

Aims of the simulation  

    Reported 50      83.3 [73.9, 92.7]  

Dependence of samples  

    Samples Independent 15  25.0 [14.0, 36.6] 

Starting seed  

    Different seeds used 0 0 [0, 3] 

Random number generator   

    Reported 1  2.0 [0, 5.54] 

Failures occur during simulation  

    Reported 0 0 [0, 3] 

Software to perform simulations  

    Reported 25   41.7 [29.2, 54.2] 

Software to perform analysis  

    Reported 29  48.3 [35.7, 61.0] 

Justification for data generation  

    Reported 45  75.0 [64.0, 86.0] 

Scenarios and statistical methods evaluated  

    Reported 60  100.0 [97, 100] 

Number of simulations  

    Reported 57  95.0 [89.5, 100.5] 

Any justification for number of simulations  

    Reported 3  5.0 [0, 10.5] 

Criteria to evaluate the performance of statistical methods 

    Reported 60  100.0 [97, 100] 

 

Appendix 1: Search Strategy (Medline) 

#1  "drop-out*".m_titl. 

#2  missing.m_titl. 

#3  "withdraw*".m_titl. 
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#4  (los* and follow*).m_titl. 

#5  per protocol.m_titl. 

#6  intention-to-treat.m_titl. 

#7  intent-to-treat.m_titl. 

#8  ITT.m_titl. 

#9  (exclusion or exclusions).m_titl. 

#10  excluded.m_titl. 

#11  or/1-11 

#12  ((randomized controlled trial or controlled clinical trial).pt. or randomized.ab. or placebo.ab. 

or drug therapy.fs. or randomly.ab. or trial.ab. or groups.ab.) not (exp animals/ not humans.sh.) 

#13  11 and 12 

 

Search Strategy – Cochrane Library 

attrition or (drop out) or missing or withdraw* or (loss* and follow*) or (per protocol) or 

(intention to treat) or (intent to treat) or ITT or (exclusion or exclusions or exclude):ti,ab,kw   

Restricted to: Methods Studies and Technology Assessments  

Search Strategy – Web of Science 

#1 TI=drop-out*  
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#2 TI=missing 

#3 TI=withdraw*  

#4 TI=(los* and follow*)  

#5 TI=per protocol  

#6 TI=intention-to-treat  

#7 TI="intention to treat"  

#8 TI=intent-to-treat  

#9 TI=ITT  

#10 TI=(exclusion or exclusions)  

#11 TI=excluded  

#12 #11 OR #10 OR #9 OR #8 OR #7 OR #6 OR #5 OR #4 OR #3 OR #2 OR #1  

#13 TI=attrition  

#14 #13 OR #12  

#15 TS= clinical trial* OR TS=research design OR TS=comparative stud* OR TS=evaluation 

stud* OR TS=controlled trial* OR TS=follow-up stud* OR TS=prospective stud* OR 

TS=random* OR TS=placebo* OR TS=(single blind*) OR TS=(double blind*)  

#16 #15 AND #12  

#17 #15 AND #14  
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# 18 TOPIC: (simulat*) 

# 19 #18 AND #17 

Search Strategy – JSTOR 

((((dropout OR attrition OR missing OR withdraw OR "per-protocol" OR "intent* to treat" OR 

ITT or "loss to follow*" or "lost to follow") AND ((randomi?ed) or "clinical trial")) AND 

simulat*) AND la:(eng OR en)) 
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Abstract 

Background: Missing participant data (MPD) are a common potential source of bias in 

randomized controlled trials (RCTs).  Appropriate analytic approaches may reduce the 

bias and produce more trustworthy results.  It is likely that some approaches are superior 

to others.  

Objective:  To compare the performance of analytical approaches for dealing with MPD 

for continuous outcomes in individual RCTs. 

Method: We conducted a systematic survey of methodological papers indexed on 

MEDLINE, Cochrane Library, Web of Science, and Journal Storage (JSTOR) up to 

January 2015. Eligible studies used simulation to compare at least two statistical methods 

to deal with continuous MPD in RCTs in terms of bias, precision, coverage, accuracy, 

power, and type I error and overall ranking. We stratified the findings according to the 

statistical method used and to the pattern of missingness: ignorable (missing completely 

at random or missing at random) versus non-ignorable (missing not at random). 

Result: We included 60 studies comparing 250 methods; 47/60 addressed ignorable and 

32/60 non-ignorable data.  For both categories, studies addressed a wide variety of 

methods with limited overlap. The mixed model approach was the most frequently 

assessed (in 31/60 studies).  For each comparison, we report the frequency with which 

each approach was best followed by the percentage of times tested in which it was the 

best.   For ignorable missing data, mixed model was most frequently the best on overall 

ranking (9, 34.6%) and bias (10, 55.6%). Multiple imputation also performed well. For 

non-ignorable data, mixed model was most frequently the best on overall ranking (7, 
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46.7%), and bias (8, 57.1%). Mixed model performance varied on other criteria including 

precision and coverage. Last observation carried forward was very seldom the best 

performing, and for non-ignorable MPD frequently the worst performing method.  

Conclusion: The mixed model approach was superior to other methods for dealing with 

continuous MPD in RCTs, in terms of overall performance and bias.  Last observation 

carried forward performed the worst.   
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Background 

Missing participant data (MPD), broadly defined as “missing information on the 

phenomena in which we are interested1” —also labeled as loss to follow-up, discontinued 

prematurely or outcome not assessable2 —is frequent in randomized controlled trials 

(RCTs).  When intervention and control groups have different reasons for MPD, and 

those reasons are associated with the outcome of interest, the prognostic balance and the 

validity of the statistical methods used for analysis that randomization is intended to 

achieve is threatened.  

MPD can adversely influence RCT results in 2 ways. Firstly, it may systematically 

exaggerate or underestimate – that is, bias - the treatment effect. For instance, if there is 

more likely to be loss to follow-up with worse outcomes in the intervention group than 

the control group, the treatment effect will be overestimated. Secondly, MPD can reduce 

the ability of trials to detect true differences between groups (i.e., reduce the statistical 

power) when only patients with available outcome data are included in the analysis. 

Ensuring minimal loss to follow-up is the best approach to deal with MPD. Often, 

however, despite institution of strategies to minimize MPD, investigators fail to achieve 

full follow-up in RCTs.  A methodological survey found that in a sample of RCTs 

published in leading general medical journals, 87% reported MPD in their primary binary 

outcomes3. Moreover, the treatment effects in up to one third of the RCTs lost statistical 

significance when applying plausible assumptions regarding the distribution of events 

among the MPD in intervention and control groups3.  It is therefore crucial for clinicians 
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and researchers to be aware of the risk of bias associated with MPD and for researchers to 

appropriate apply statistical methods that minimize bias, and to identify the extent to 

which MPD constitutes risk of bias - whatever the bias-minimizing strategies that are put 

in place4.   

Statisticians have noted important differences in the mechanism underlying MPD.  A 

commonly used taxonomy proposed by Little and Rubin5 classifies MPD as missing 

completely at random (MCAR), missing at random (MAR), and not missing at random 

(NMAR).  If data are truly MCAR, outcomes are identical in distribution in those with 

MPD and those with complete data, and estimates based on available data will not be 

misleading.  If data are MAR, the probability of being missing is independent of the 

outcome given the observed values, but available patient characteristics are associated 

with the outcomes; thus, patient characteristics can be used to make inferences about 

outcomes in those with MPD.  If data are NMAR, missingness is associated with 

outcomes, and patient characteristics may also associated with missing outcomes, 

suggesting the necessity for sensitivity analysis. An alternative taxonomy that uses similar 

concepts refers to ignorable missingness (MCAR or MAR) and non-ignorable (NMAR) 

missingness6.  

MPD for continuous outcomes provide special challenges7.  In the past decades, 

statisticians have proposed many methods to deal with MPD for continuous outcomes in 

RCTs8-13. Common approaches include data deletion, single imputation methods, multiple 

imputation (MI) methods14 and data augmentation approaches15. Single imputation 

includes methods such as hot deck, cold deck, mean imputation, regression techniques, 
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last observation carried forward (LOCF) and composite methods that apply several of the 

above methods14.   

Single imputation fails to take into account uncertainty in the imputed data and therefore 

may result in spuriously narrow confidence intervals (CIs)16,17. MI builds on the 

assumption that data in the trials are MAR1,18-20. In contrast to single imputation, MI 

incorporates multiple imputed datasets with consideration of within and between dataset 

variability that avoids spuriously narrow confidence intervals.  

Data augmentation does not explicitly replace missing values. Instead, it invokes an 

algorithm that takes into account the observed data, the missing data, the relationships 

among the observed data, and some underlying statistical assumptions when estimating 

parameters15. Common data augmentation methods include model-based approaches such 

as mixed effects models, robust regression, and s (GEE).  These methods are based on 

maximum likelihood inference21,22, pseudo-likelihood or maximum inferences23, and 

quasi-likelihood inferences24.  

Simulation studies defined as an approach using computer intensive procedure to assess 

the performance of statistical methods comparing to known truth25. Statisticians have 

used simulation techniques to investigate the relative performance of different methods of 

dealing with MPD in continuous outcomes26-31.  In comparison to applying alternative 

statistical methods to observed data from clinical trials32,33, simulation has the advantage 

of assessing performance in relation to the known truth and thus provides more robust 

evidence of the relative merits of the methods under consideration25.  
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We are not aware of any systematic summary of simulation studies evaluating the 

available statistical methods to deal with continuous MPD in RCTs. We therefore 

undertook a systematic survey of simulation studies comparing the performance of 

analytical methods for dealing with continuous MPD in RCTs. 

 

Methods 

Definition 

We defined MPD as information that is missing for an outcome of interest for a number 

of trial participants. For these participants, the trialist would typically have information 

available for their baseline characteristics, and potentially for outcomes other than the one 

of interest. As a consequence, this study assumes that trialists have access to individual 

participant data. 

MPD does not refer to missing (e.g. unpublished) studies or unreported outcomes (e.g. 

outcomes planned to report in the protocol but excluded from the trial report).  

Eligibility criteria 

We included studies that fulfilled all of the following criteria:  

 Journal articles published in English; 

 Discussed methods for how parallel designed RCTs dealt with continuous MPD as 

their primary objective; 

 Compared at least two approaches in at least one simulation study; 
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 The simulation study assessed at least one of the following properties: bias, 

precision, coverage, accuracy, power, and type I error and overall ranking 

 Included simulation aimed to assess the impact of MPD on treatment effect in 

RCTs; 

We excluded studies that fulfilled any of the following criteria: 

 Meeting abstract, letter, commentary, editorials, protocols, books and pamphlets; 

 Missing data not related to individual participant(s) (e.g. missing studies, selective 

outcome reporting, missing summary data (e.g. SD), missing study level 

characteristic (e.g. mean age); 

 Simulation studies that investigated approaches of handling missing data for 

cluster RCTs, or cross-over RCTs; 

 Simulation studies that handled MPD in health economy studies; 

 Simulation studies that investigated general performance of methods of imputing 

missing data but did not focus on its impact on treatment effect in RCTs; 

 Methodological studies summarizing how RCTs reported, dealt with, or judged 

risk of bias associated with MPD; 

 Duplicate publication. 

Search strategy 

An experienced medical librarian participated in developing the search strategy. We 

conducted electronic searches in MEDLINE (from inception to August 2014), Cochrane 

Library (from inception to August 2014), Web of Science (from inception to January 
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2015), and Journal Storage (JSTOR) (from inception to January 2015).  Appendix 1 

presents the detailed search strategy for each database. 

 

Study selection  

Teams of two reviewers worked in duplicate and independently to screen titles and 

abstracts of all citations identified in our search. We obtained the full text of all articles 

that either reviewer deemed as potentially eligible. The same reviewers screened the full 

texts in duplicate and independently and resolved disagreement through discussion, and 

when unsuccessful, with the help of a third author (a statistician). We conducted both 

stages of screening using a web-based systematic review software (DistillerSRTM; https:// 

systematic-review.ca). For both screening and data abstraction (see details below), we 

developed and pilot tested standardized forms with clear instructions, and conducted 

calibration exercises. 

Data abstraction 

Teams of two reviewers (each including one methodologist and one statistician) 

abstracted data independently and in duplicate.  Teams resolved disagreement through 

discussion or, if necessary, with assistance from another statistician. 

When authors referred to supplementary materials regarding simulation process and the 

relative performance of methods, we obtained those materials and abstracted the 

information accordingly.  
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We used an excel spreadsheet to abstract information related to: 

 The general study characteristics  

 The missing mechanism(s) of MPD assumed when comparing methods 

 The name and type(s) of methods compared in the simulation 

 The sample size, overall proportion of missing data, and the distributions used to 

simulate dataset(s).  

 For simulations motivated from clinical trials, we also collected the clinical area 

of the trial, primary outcome, number of trials simulated.  

 For the relative performance of investigated methods, we recorded the ranking of 

the methods regarding bias, precision, type I error, power, accuracy and coverage, 

and the overall ranking provided by the authors along with the rationale for the 

overall ranking.  

 When a study investigated multiple factors 25 such as sample size or proportion of 

missing data that can influence model performance, we recorded the ranking from 

all scenarios.  

Data analysis  

Agreement 

We assessed agreement between reviewers on full text eligibility using an unweighted 

kappa.  We interpreted kappa values as slight agreement (0.21 to 0.40), moderate 

agreement (0.41 to 0.60), substantial agreement (0.61 to 0.80), or almost perfect 

agreement (greater than 0.80)34.  
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Classification of findings: 

Firstly, we classified results on the basis of the missing mechanism: missing completely 

at random (MCAR), missing at random (MAR), ignorable missing (either MCAR or 

MAR), not missing at random (NMAR, also non-ignorable missing), and combined 

missing (MAR and NMAR) (Figure1).  

Based on classification in the literature13,15,27,28,35 and consensus among authors we 

created two classification systems for the methods investigated.  The first was a 14-

category list of approaches including: classic complete case analysis, modified complete 

case analysis, classic single imputation, modified single imputation, classic LOCF, 

modified LOCF, classic MI, modified MI, classic mixed model, modified mixed model, 

classic GEE, modified GEE, classic robust regression, and modified robust regression 

Categories labelled “classic” referred to approaches conducting analyses while assuming 

data are based on ignorable missingness, though some can also be applied to data NMAR. 

When the 14 categories of methods were conceptually similar and performed similarly, 

we then combined them into an even broader 7-category list of approaches: complete case 

analysis, single imputation, LOCF, MI, mixed model, GEE, and robust regression. In 

summaries of method performance in both the 14-category and 7-category classifications, 

we excluded studies that compared only variations in methods within a single category. 

Synthesis of findings: 

We recorded rankings (including best and worst) of the performance of categories of 

methods for each simulation and for each evaluation criterion (bias, precision, type I error, 
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power, accuracy and coverage) 25 and, if provided by the authors, an overall ranking. The 

overall ranking typically considered one key property (such as bias) or several properties 

(e.g. bias and precision, power and accuracy).  

We also provided a data summary that combines MCAR, MAR and ignorable missing as 

labelled by the authors into a category we called “ignorable missing”. We decided to 

collapse the findings in this way because the performance of the methods was similar 

across above 3 categories as identified by the authors of simulation studies. 

Studies investigated the performance of methods using a different number of simulations, 

each with its own condition(s) (e.g. one study might conduct simulations in 10 conditions 

that differed in sample size, effect size and proportion of data missing, and another study 

conduct a single simulation with a single condition). For each mechanism (MCAR, MAR, 

ignorable missing, NMAR, and combined missing), whether identified by the authors or 

in our own classification, we counted each study only once.   

When studies conducted multiple simulations addressing the same mechanism, and one 

approach was the best (or the worst) in all simulations, that approach was counted in the 

summary tables accordingly. When multiple simulations were conducted, and the best or 

worst approaches varied in simulations, that study was not included in the summary 

tables. The latter situation occurred for the best performing method, using the authors’ 

classification, in 4 studies for MAR, 3 studies in NMAR and did not occur in MCAR and 

ignorable missing; for the worst performing method, the situation occurred in 4 studies 

for MAR, and did not occur in MCAR, ignorable and NMAR. 
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Results 

General characteristics of included studies  

Among 16,446 identified citations we retrieved 507 studies for full text screening; 60 

proved eligible (Figure 2).  The agreement between reviewers for full text screening was 

substantial (kappa 0.74).   

Studies investigated conditions as follows: MCAR (n=15, 25%), and MAR (n=32, 

53.3%), ignorable missing (n=8, 13.3%), NMAR (n=32, 53.3%, including 4 reported as 

non-ignorable missing), and combined missing (n=2, 3.3%)  (Table 1).  Including MCAR 

and MAR as ignorable missing, 47 studies investigated ignorable missing data.  

The total number of scenarios investigated within each of the 60 studies varied from 1 to 

40 with 4 as the most common number of scenarios found in 13 (21.7%) studies. 

All studies used at least one criterion to evaluate method performance. Of the 60 studies, 

49 (81.7%) assessed bias; 28 (46.7%) coverage; 26 (43.3%) precision; and 42 (70%) 

provided an overall ranking (Table 1). Appendix 2 presents a study-by-study detailed 

description. 

Of the 60 studies, 52 (92%) specified clinical areas that motivated their studies (either 

specific clinical trials, or typical of trials in an area, or a reference to a specific clinical 

context without specific trials).  The most common motivating areas were infectious 

diseases (n=18, 30%) and psychiatry (n=12, 20%) (Table 1).  Almost half the studies 

addressed surrogate outcomes (n=29, 48.3%). The extent of missing data in simulated 
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trials varied widely (1%36 to 90%37) with the most frequently investigated being 21-30% 

(n=23, 38.3%). Most studies assumed data were normally distributed (n=38, 63.3%) in at 

least one of the simulations conducted. 

Methods studied 

The studies addressed 250 methods. Many authors did not provide the full name for the 

acronym of methods38,39, a clear definition of the proposed method38,40, or official names 

for proposed methods (instead referring to it as “proposed method”)37,41.  Thus, our 

classifications of methods required some judgment.  Of the 60 studies, the 14-strategy 

classification system identified 18 (30%) investigated a classic mixed model, 17 (28.3%) 

modified mixed model; 18 (30%) classic MI; 12 (20%) modified MI; 19 (31.7%) classic 

LOCF; 4 (6.7%) modified LOCF; 15 (25%) classic complete case analysis; 6 (10%) 

modified complete case analysis; 15 (25%) classic single imputation; 2 (3.3%) modified 

single imputation; 8 (13.3%) classic robust regression; 10 (16.7%) modified robust 

regression; 4 (6.7%) classic GEE; 7 (11.7%) and modified GEE. Of 60 studies, 12 

(20.0%) studies compared 2 methods, 16 (26.7%) compared 3 methods, 15 (25.0%) 

compared 4 methods, 17 (28.3%) compared more than 4 methods (Table 1). 

In the 7-categories classification 31 (51.7%) investigated mixed model; 21 (35%) MI; 20 

(33.3%) LOCF, 17 (28.3%) complete case analysis, 15 (25%) single imputation, 14 

(23.3%) robust regression, and 7 (11.7%) GEE  (Table 2).  Of the 60 included studies, 20 

(33.3%) investigated different methods from only one category, 18 (30%) from two 

categories, 15 (25%) from three categories, and 7 (11.7%) from four categories (Table 1).  
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Among 20 studies that investigated only one category of methods, 6 (30%) studies 

investigated mixed model; 6 (30%) robust regression, 3 (15%) MI, 3 (15%) GEE, and 2 

(10%) complete case analysis (Appendix3). Appendix 4 is the map of categories of 

methods included in each study. Appendix 5 lists all 250 investigated methods with 

reference number, first author, broad categories, our classifications, methods name and its 

descriptions.  

Performance of included methods 

In the following, we first present the 14-category classification of methods, the best 

performing category for each of MCAR, MAR, ignorable missing, NMAR and combined 

missing (all as labeled by the authors). We then present, using the 7-category 

classification, the performance of each method for each of ignorable and non-ignorable 

MPD (our classification), first with regard to the best approach, then the worst.  These 

summaries are presented as the number of times a method performed best (or worst) and, 

the percentage in which it was the best (or worst) out of the total times it was compared.   

Best performance using 14-category classification 

MCAR: Of the 15 (25%) studies that investigated data MCAR, 12 studies compared 

different categories of methods. Among these 12 studies, 10 (83.3%) reported overall 

ranking; all reported bias, and 8 (66.7%) precision. Classic mixed model performed the 

best in the overall ranking (n=4, 80%) and bias (n=4, 100%) (Table 3.1). Classic 

complete case analysis performed the best second most frequently on bias (n=3, 75%). 
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Classic LOCF performed the best most frequently regarding precision (n=3, 75%) (Table 

3.1). 

MAR: Of 32 studies that investigated data MAR, 31 studies compared different 

categories of methods. Among these 31 studies, 26 (83.9%) reported best overall ranking, 

30 (96.8%) bias, 14 (45.2%) precision, 10 (32.2%) accuracy, 10 (32.2%) type I error, 13 

(41.9%) power, and 15 (48.4%) coverage. Classic and modified mixed model (n=5, 

55.6%; n=4, 57.1%) respectively, performed best in overall ranking, and classic and 

modified robust regressions (n=3, 60%; n=3, 42.9%) respectively, performed similarly 

regarding overall ranking; they also performed similarly with respect to bias (Table 3.2).  

Regarding precision, classic LOCF performed the best most frequently (n=4, 66.7%), and 

classic robust regression had the highest percentage best (n=3, 100% (Table 3.2). 

Regarding power, classic LOCF (n=3, 75%) and classic MI (n=3, 75%) were most 

frequently, and with the highest percentage, the best (Table 3.2). For coverage, classic 

complete case analysis (n=4, 50%) was the best most frequently and classic MI (n=3, 

75%) had the highest percentage best. (Table 3.2)  

Ignorable missing data: Of 8 (13.3%) studies that investigated what authors 

characterized as ignorable missing data, 7 studies compared different categories of 

methods. Among these 7 studies, 6 (85.7%) reported consistent best overall ranking, 6 

(85.7%) bias, 5 (71.4%) precision, 3 (42.9%) accuracy, 1 (14.3%) type I error, 1 (14.3%) 

power, 4 (57.1%) coverage. Modified MI was most frequently the best on overall ranking 

(n=2, 50%) and coverage (n=2, 40%). Classic mixed model was also most frequently the 

best on overall ranking (n=2, 40%), and most frequently on bias (n=3, 100%) and 
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precision (n=2, 100%). Classic LOCF performed best the most regarding precision (n=2, 

100%) and accuracy (n=2, 100%). (Table 3.3) 

NMAR: Of 32 (53.3%) studies that investigated NMAR data, 26 studies compared 

different categories of methods. Among these 26 studies, 24 (92.3%) reported consistent 

overall ranking, 26 (100%) bias, 11 (42.3%) precision, 11 (42.3%) accuracy, 3 (11.5%) 

type I error, 6 (23.1%) power, 12 (46.2%) coverage. Classic and modified mixed model 

performed the best most frequently regarding overall ranking (n=6, 75%; n=3, 42.9%), 

and on bias (n=6, 85.7%; n=6, 100%) and accuracy (n=4, 80%; n=2, 40%). Classic MI 

performed best most frequently and with highest percentage on coverage (n=3, 100%). 

Classic LOCF performed the best most frequently regarding precision (n=4, 57.1%). 

(Table 3.4) 

MAR and NMAR: Two studies36,42 investigated the combined missing mechanism 

(MAR and NMAR), there was no clear optimal methods. One study36 investigated 4 

scenarios; classic complete case analysis were the best in 2/4, classic single imputation 

1/4 and classic multiple imputation ¼ on overall. The other study42 investigated 2 

scenarios; classic mixed model and modified robust regression performed the best in each 

scenario on overall ranking and bias respectively. 

We observed similar performances of methods in the classic and modified categories 

across all MCAR, MAR and ignorable missing mechanisms. Classic and modified 

approaches also performed similarly in the NMAR mechanism. We therefore grouped 

mechanisms to create ignorable missing (MCAR, MAR, or ignorable) and non-ignorable 
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missing (NMAR), and combined classic and modified approaches into single broader 

approaches.  For the 14-category system, if an approach (e.g. mixed model) performed 

similarly in the classic and modified categories (e.g. classic mixed model and modified 

mixed model, respectively), we presented them both.  After combining categories, for 

such situations in the 7-category summary, we only counted them once.  This explains the 

smaller number of studies in the 7 versus the 14 category summaries.  

Best performance using 7-category classification 

All types of ignorable missing data: Of the 47 (78.3%) studies that investigated all types 

of ignorable missing data, 31 (66.0%) studies compared different categories of methods. 

Among these 31 studies: 21 (67.7%) reported consistent best overall ranking, 22 (71%) 

bias, 14 (45.2%) precision, 2 (6.4%) accuracy, 4 (12.9%) type I error, 5 (16.1%) power, 

14 (45.2%) coverage. Mixed model and MI performed similarly with the highest number 

best and most frequently the best on overall ranking and bias respectively (n=9, 34.6%; 

n=8, 38.1%) (n=10, 55.6%; n=7, 43.8%) (Table 4.1). MI performed the best most 

frequently on coverage (n=6, 50%). LOCF preformed the best most frequently for 

precision (n=7, 77.8%), and almost always was least frequently the best for the remaining 

criteria. (Table 4.1) 

NMAR: Of 32 (53.3%) studies investigating NMAR data, 23 (71.9%) studies compared 

different categories of methods. Among these 23 studies: 18 (78.3%) reported best overall 

ranking, 19 (82.6%) bias, 8 (34.8%) precision, 7 (30.4%) accuracy, 3 (13.0%) type I 

error, 6 (26.1%) power, 8 (34.8%) coverage. Mixed model performed the best most 
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frequently on overall ranking (n=7, 46.7%), bias (n=8, 57.1%), accuracy (n=4, 66.7%), 

and power (n=2, 40%). MI performed approximately as well as mixed model on overall 

ranking (n=6, 42.9%). MI also performed the best most frequently on coverage (n=4, 

50%). LOCF preformed most frequently the best for precision (n=4, 57.1%) (Table 4.2). 

Worst performance with 7-categories classification 

Studies often presented the best performing methods and infrequently specified the worst 

performing methods. Therefore, the number of studies presented was much fewer. 

For all ignorable missing data, there was little to choose regarding the worst performer 

across methods (Table 5.1). LOCF was, however, the worst for accuracy (n=2, 66.7%) 

and coverage (n=2, 28.6%)(Table 5.1). 

Among all NMAR simulations, LOCF performed worst most frequently on overall 

ranking (n=4, 26.7%), bias (n=7, 46.7%); on power (n=3, 75%); and on type I error (n=3, 

75%). Complete case analysis had the highest percentage worst on bias (n=4, 57.2%) 

(Table 5.2). Mixed model was not infrequently the worst on general ranking (n=3, 20%), 

precision (n=3, 37.5%) and accuracy 2 (33.3%).  In all of these 3 cases, mixed model was 

only compared against robust regression, and robust regression consistently performed 

better than mixed model in these studies43-45. (Table 5.2) 

Studies comparing alternatives within single categories of methods 

Twenty studies focused on a single category of methods.  Because it performed the best 

of the available methods, we focus here on the studies examining mixed models.  Among 
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6 such studies, 435,46-48 investigated ignorable missing data, one study43 non-ignorable 

missing data, one study44 both situations. The sample size of simulated trials varies from 

5047 to 50046 with number of simulations varies from 20046,48 to 10,00043.   

A study44 that compared 6 mixed models found that, when data was NMAR, a lognormal 

selection model outperformed conditional quadratic models, quadratic/linear model, 

conditional linear model, and pattern mixture model, regarding overall ranking, bias and 

accuracy. One study35 compared random parameter mixture models with shared-

parameter model and these 2 methods performed the best regarding bias in different 

simulations. One study46 found a joint model with separate dropouts outperformed joint 

models with common dropout and ignoring dropout on bias in all settings. One study48 

found joint multivariate random effect model outperformed random effect model 

regarding bias and overall ranking. One study47 found a varying coefficients model 

outperformed conditional linear model regarding bias and overall ranking.  

Discussion 

Main findings 

We identified 60 simulation studies that compared 250 methods of dealing with MPD for 

continuous outcomes in RCTs.  Studies addressing both ignorable (MCAR and MAR, 

47/60 studies) and non-ignorable (NMAR, 32/60 studies) mechanisms evaluated a wide 

variety of statistical methods, with limited overlap. The most frequently addressed 

approach, mixed model, was assessed in 31 studies. Across studies addressing ignorable 

missing data, mixed model was most frequently the best performing approach on overall 
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ranking (9), though it was best among all the instances in which it was tested in a third of 

cases.  With respect to bias, mixed model was frequently the highest ranking (10), and 

also ranked first in a large percentage of instances in which it was best (55.6%), though 

its performance on other properties (precision, accuracy, Type I error, power, and 

coverage) was much weaker (Table 4.1). MI also performed well for ignorable MPD 

(Table 4.1).  

Across studies addressing non-ignorable (NMAR) data, mixed model was most 

frequently ranked best for overall ranking (n=7, 46.7%), bias (n=8, 57.1%), and accuracy 

(n=4, 66.7%), though seldom on other properties.  MI performed similarly well and was 

second most frequently the best on overall ranking (n=6, 42.9%). Aside from precision, 

LOCF seldom performed best on any criterion (Table 4.2) and performed the worst most 

frequently for overall ranking (n=4, 26.7%), bias (n=7, 46.7%), type I error (n=3, 75%) 

and power (n=3, 75%) (Table 5.2).  

Strengths and limitations 

Strengths of our study include a comprehensive search, and independent and duplicate 

screening and data extraction.  Pilot testing of data extraction helped ensure the validity 

of the data collection process.  By choosing to summarize only studies comparing 

statistical methods in simulations for dealing with MPD, we restricted comparisons to 

those presented in relation to known truth, an approach more compelling than 

examination of trial results alone, where the truth cannot be known25.   
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We examined all the major characteristics relevant to performance of each method.  Our 

pairing of a statistician with a methodologist for data abstraction data helped ensure the 

accuracy of the process.  We applied a strategy to eliminate the cluster effect that would 

otherwise have occurred if we counted each condition from studies that conducted 

simulations for several conditions.    

Our study has some limitations.  The variation in simulation approaches across studies 

limits strength of inference from our results.  Ideally, all studies would have addressed 

similar criteria (e.g. bias, precision, coverage) using similar assumptions and parameters 

(such as extent of MPD). Had this been the case, we could have made cross-study 

comparisons.  Because the assessment criteria, statistical assumptions, and parameters 

differed across studies, we were restricted to within-study comparisons. 

Summarizing the results of 60 studies addressing 250 methods proved challenging.  First, 

we had to place methods in categories, a process that involves judgement.  Once 

categorized, summarizing the relative performance of the methods presented challenges.  

We counted the number of times each method was ranked best or worst, and the 

percentage of times it was tested best or worst.  This approach ignores intermediate 

performance, and is highly dependent on the number of methods authors chose to 

compare in individual studies. For instance, one study compared 2 methods and found 

LOCF was superior to complete case analysis.  In this instance, LOCF gets the same 

credit for being the best as mixed model might when being compared against a number of 

other methods.  The relatively small number of times methods were tested leaves 

uncertainty about their relative merits. Lastly, due to the variation of assumptions, sample 
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size of simulated dataset, number of simulations, as well as the criteria used to assess 

performance of methods, we only summarized the results of studies that evaluated 

different approaches within mixed model but not other single category.  

Interpretation of Findings 

The best and worst ranking were generally consistent: methods deemed least frequently to 

be best were more frequently the worst.  For both ignorable and non-ignorable MPD, 

mixed model and MI were the superior methods with respect to bias. Although MI 

performed similarly to mixed model, considering it is more complicated to apply in the 

analysis (multiple data sets need to be analyzed), mixed model is more efficient and to 

that extent superior49. LOCF had very high precision but was worst on bias, type I error 

and power, which indicated using LOCF would have the estimated effect precisely 

deviating far from the truth with low power. 

Implications 

Implications for trialists 

Our results suggest trialists should consider using mixed models to deal with MPD 

whether they believe MPD is or is not ignorable.  If they are concerned about minimizing 

bias, trialists should seldom if ever use LOCF.   

 

Implications for methodologists and future research 
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Our proposed study provides a comprehensive evidence synthesis on existing approaches 

and therefore provides direction the development of future research for MPD on 

continuous outcome in RCTs. Authors proposing new statistical methods should first 

categorize the methods they are testing.  A standard classification system for this 

categorization would be helpful; in the interval, authors might use the 14-category 

classification we have proposed.  Authors should also provide the full name of the 

methods with acronyms if applicable using established terminology regarding the name of 

the methods, and a clear description of the methods. Development of a consensus 

regarding criteria that define optimal performance of methods of analysis, and statistical 

procedures for addressing these criteria (e.g. sample sizes and extent of MPD used in 

simulations) would be highly desirable.  

When statisticians choose a mixed model to deal with continuous MPD for trialists, they 

should consider the empirical results of a simulation study sharing similar characteristics 

(same missing mechanism, sample size, distribution of the data etc).  The 6 simulation 

studies35,43,44,46-48 that assessed the performance of the mixed methods - as well as the 

studies that compared mixed model with other categories of methods – will provide 

evidence on which to base the selection. 
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Figure legends: 

Figure 1: The classification of missing mechanism 

 Taxonomy 1 Taxonomy 2 

Missing mechanism MCAR Ignorable missing 

Ignorable missing  MAR 

 NMAR Non-ignorable missing 

 

MCAR: Missing completely at random. 

MAR: Missing at random. 

NMAR: Not missing at random. 
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Figure 2: PRISMA flow diagram  

Performance of Simulation studies 2015 Flow Diagram 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1. Summary of general characteristics of 60 included studies 

Records identified through database 

searching (n = 16,446) 

Medline (n=8622) 

 Cochrane methods register 

technology studies (n=19) 

 Cochrane methods register 

methods studies (n=1931)  

 Web of science (n=1374) 

 JSTOR (n=4500) 

  
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Records after duplicates removed  

n = 15,134 

Title and abstract screening 

n =15,134 

Records excluded  

n =14,627 

Full-text screening  

n =507 

Full-text articles excluded (n = 

447) 

 Meeting abstract or 

commentary (n=35) 

 Not about dealing with 

MPD in RCTs (n=248) 

 No simulation has 

conducted (n=59) 

 Methods compared in 

simulation(s) are not for 

continuous MPD (n=79) 

 Methods do not apply in 

parallel design RCTs (n=24) 

 Methods compared are 

not intented to assess how well it 

works when comparing treatment 

effect between groups (n=2) 

 

 

 

 

Studies included in qualitative 

synthesis  

n =60 
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Clinical Area*                                                                               n (%) 

    Non-Medical 1 (1.7) 

    Cardiology 3 (5.0) 

    Endocrinology 3 (5.0) 

    Gastro Intestinal 1 (1.7) 

    Infectious Diseases   18 (30.0) 

    Psychiatric 12 (20.0) 

    Renal 1 (1.7) 

    Respiratory 3 (5.0) 

    Rheumatology 3 (5.0) 

    Other 9 (15.0) 

Type of primary outcome                                                            n (%) 

    Unclear 16 (26.7) 

    Length of stay (in hospital, ICU) 1 (1.7) 

    Symptoms 5 (8.3) 

    Quality of life 3 (5.0) 

    Functional status 2 (3.3) 

    Disease severity 5 (8.3) 

    Length of drug use 3 (5.0) 

    Surrogate outcome 29 (48.3) 

Number of different trials simulated                                          n (%) 

    1 56 (93.3) 

    2 4 (6.7) 

Total sample size#                                                                        n (%) 

    0-50 1 (1.7) 

    50-100 16 (26.7) 

    101-200 28 (46.7) 

    201-300 12 (20.0) 

    301-400 3 (5.0) 

    401-500 9 (15.0) 

    500-1000 9 (15.0) 

    2000 2 (3.3) 

Proportion of missing data@                                                      n (%) 

    0-4% 1 (1.7) 

    5-10% 13 (21.7) 

    11%-15% 7 (11.7) 

    16%-20% 5 (8.3) 

    21%-30% 23 (38.3) 

    31%-40% 9 (15.0) 

    41%-50% 12 (20.0) 
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    51%-60% 1 (1.7) 

    61%-70% 2 (3.3) 

    71%-80% 1 (1.7) 

    81%-90% 1 (1.7) 

    Unclear 26 (43.3) 

Number of scenarios investigated                                               n (%) 

    1 10 (16.7) 

    2 6 (10.0) 

    3 9 (15.0) 

    4 13 (21.7) 

    5 1 (1.7) 

    6 6 (6.7) 

    8 3 (5.0) 

    9 4 (6.7) 

    10 1 (1.7) 

    12 4 (6.7) 

    15 1 (1.7) 

    18 1 (1.7) 

    32 2 (3.3) 

    40 1 (1.7) 

Number of methods investigated                                                n (%) 

    2 12 (20.0) 

    3 16 (26.7) 

    4 15 (25.0) 

    5 6 (10.0) 

    6 4 (6.7) 

    7 2 (3.3) 

    8 2 (3.3) 

    11 2 (3.3) 

    12 1 (1.7) 

Number of different categories of methods 

investigated (based on 7-category classification) 

      n (%)            

    1   20 (33.3) 

    2   18 (30.0) 

    3   15 (25.0) 

    4     7 (11.7) 

Criteria to assess performance of methods*                              n (%) 

    Bias 49 (81.7) 

    Precision 26 (43.3) 

    Accuracy 18 (30.0) 
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ICU: Intensive care unit. 

MCAR: Missing completely at random. 

MAR: Missing at random. 

NMAR: Not missing at random. 

‘methods’ refers to the specific method used in each study. 

‘categories of methods’ refers to the 7-category of classification regarding methods. 

* The total % of clinical areas may exceed 100% since there are included studies 

simulated more than one trials in different clinical areas or missing mechanisms. 

# The percentage of total sample size may exceed 100% since there are included studies 

simulated scenarios with multiple sample sizes. 

@ The proportion of missing data may exceed 100% since there are included studies 

simulated scenarios with multiple proportion of missing data. 
 

 

 

  

    Type I error 11 (18.3) 

    Power 13 (21.7) 

    Coverage 28 (46.7) 

Missing mechanisms investigated*                                             n (%)            

    MCAR 15 (25.0) 

    MAR 32 (53.3) 

    Ignorable missing (MCAR or MAR) 8 (13.3) 

    NMAR 32 (53.3) 

    Combined missing (NMAR and MAR) 2 (3.3) 

Justification for data generation                                                 n (%)            

    Based on a real data set 32 (53.3) 

    Typical of real data  13 (26.7) 

    Not stated 15 (25.0) 
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Table2. Category of methods investigated in 60 included 

studies* 

7-category 

classification 

14-category classification n (%)         

Data deletion Classic complete case analysis 15 (25) 

Data deletion Modified complete case analysis 6 (10) 

Single imputation Classic single imputation 15 (25) 

Single imputation Modified single imputation 2 (3.3) 

Single imputation Classic LOCF 19 (31.7) 

Single imputation Modified LOCF  4 (6.7) 

Multiple imputation Classic MI 18 (30) 

Multiple imputation Modified MI 12 (20) 

Data augmentation Classic mixed model 18 (30) 

Data augmentation Modified mixed model 17 (28.3) 

Data augmentation Classic GEE 4 (6.7) 

Data augmentation Modified GEE 7 (11.7) 

Data augmentation Classic robust regression 8 (11.7) 

Data augmentation Modified robust regression 10 (16.7) 

* The total % of clinical areas may exceed 100% since one study can investigated more 

than one category of methods 

LOCF: Last observation caring forward. 

MI: Multiple imputation. 

GEE: Generalized estimating equations. 
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Table 3.1 Best performed methods when reported as MCAR in all scenarios for 14-categories of 

methods (n=12 studies)* 

  n (%) 

Category  Overall 

ranking 

Bias Precision  Accuracy  Type I 

error  

Power  Covera

ge  

Complete case 

analysis 

Classic 0 3 (75) 1 (33.3) 1 (50) 0 0 0 

Modified  1 (50) 0 0 0 1 (100) 1 (50) 1 (100) 

Single imputation Classic  0 1 (25) 0 0 0 0 0 

Modified  0 0 0 0 0 0 0 

LOCF Classic  0 1 (20) 3 (75) 0 0 1 (33.3) 0 

Modified  1 (50) 1 (50) 1 (50) 0 0 0 0 

MI Classic  2 (40) 1 (25) 1 (25) 1 (100) 1 (50) 1 (50) 1 (50) 

Modified  0 1 (100) 0 0 1 (100) 0 1 (100) 

Mixed model Classic  4 (80) 4 (100) 1 (25) 0 1 (100) 1 (50) 1 (25) 

Modified  1 (25) 1 (25) 0 1 (50) 1 (50) 0 1 (33.3) 

GEE Classic  0 0 0 0 0 0 0 

Modified  0 0 0 0 0 0 1 (100) 

Robust regression Classic  1 (100) 0 1 (100) 0 0 0 1 (100) 

Modified  0 0 0 0 0 0 1 (100) 

* n is the number of studies that compared between categories of methods. 

MCAR: Missing completely at random. 

LOCF: Last observation caring forward. 

MI: Multiple imputation. 

GEE: Generalized estimating equations. 
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Table 3.2 Best performed methods when reported as MAR in all scenarios for 14-categories of methods (n=31 

studies)* 

  n (%) 

Category  Overall 

ranking 

Bias Precision  Accuracy  Type I 

error  

Power  Coverage  

Complete case analysis Classic 1 (10) 2 (25) 0 2 (66.7) 1 (50) 0 4 (50) 

Modified  2 (40) 0 0 0 1 (100) 1 (50) 1 (25) 

Single imputation Classic  1 (12.5) 2 (33.3) 1 (16.7) 0 1 (33.3) 2 (66.7) 1 (20) 

Modified  1 (100) 1 (100) 0 0 0 0 1 (100) 

LOCF Classic  0 1 (14.3) 4 (66.7) 0 1 (33.3) 3 (75) 0 

Modified  0 1 (50) 0 0 1 (100) 0 0 

MI Classic  2 (18.18) 3 (37.5) 2 (28.6) 1 (50) 2 (66.7) 3 (75) 3 (75) 

Modified  3 (50) 2 (33.3) 1 (33.3) 0 2 (100) 1 (50) 2 (66.7) 

Mixed model Classic  5 (55.56) 6 (85.6) 1 (50) 2 (100) 1 (33.3) 1 (25) 0 

Modified  4 (57.14) 5 (83.3) 1 (33.3) 3 (100) 0 2 (66.7) 1 (33.3) 

GEE Classic  0 0 1 (100) 0 0 0 0 

Modified  1 (20) 1 (20) 0 1 (100) 0 0 0 

Robust regression Classic  3 (60) 4 (100) 3 (100) 1 (100) 0 0 0 

Modified  3 (42.9) 2(25) 0 0 0 0 2 (50) 

* n is the number of studies that compared between categories of methods. 

MAR: Missing at random. 

LOCF: Last observation caring forward. 

MI: Multiple imputation. 

GEE: Generalized estimating equations. 
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Table3.3 Best performed methods when reported as Ignorable in all scenarios for 14-categories of 

methods (n=7 studies)* 

  n (%) 

Category  Overall 

ranking 

Bias Precision  Accuracy  Type I 

error  

Power  Coverage  

LOCF Classic  0 0 2 (100) 2 (100) 0 0 0 

Modified  0 0 0 0 0 0 0 

MI Classic  1 (50) 0 0 0 0 0 0 

Modified  2 (50) 1 (25) 1 (25) 0 0 0 2 (40) 

Mixed model Classic  2 (40) 3 (100) 2 (100) 0 1 (100) 1 (100) 0 

Modified  1 (14.7) 2 (40) 0 1 (33.3) 0 0 2 (50) 

* The remaining 8 classes of methods had 0 count, we therefore omitted those rows. 

* n is the number of studies that compared between categories of methods. 

LOCF: Last observation caring forward. 

MI: Multiple imputation. 

GEE: Generalized estimating equations. 
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Table 3.4 Best performed methods when reported as NMAR or non-ignorable missing in all scenarios for 14-

categories of methods (n=26 studies)* 

  n (%) 

Category  Overall 

ranking 

Bias Precision Accuracy Type I 

error 

Power Coverage 

Complete case analysis Classic 0 0 0 0 0 0 1 (16.7) 

Modified  2 (50) 2 (66.7) 0 1 (50) 0 1 (100) 2 (66.7) 

Single imputation Classic  1 (14.3) 2 (28.6) 1 (25) 1 (50) 0 0 0 

Modified  2 (100) 1 (50) 0 0 0 0 0 

LOCF Classic  0 1 (7.1) 4 (57.1) 0 0 2 (66.7) 0 

Modified  0 0 0 0 1 (100) 0 0 

MI Classic  4 (50) 4 (50) 1 (25) 1 (33.3) 1 (50) 1 (50) 3(100) 

Modified  2 (25) 0 1 (16.7) 0 0 0 1 (16.7) 

Mixed model Classic  6 (75) 6 (85.7) 1 (33.3) 4 (80) 1 (50) 2 (66.7) 0 

Modified  3 (42.9) 6 (100) 0 2 (40) 0 0 3 (50.0) 

GEE Classic  0 0 0 0 0 0 0 

Modified  0 0 0 0 0 0 1 (100) 

Robust regression Classic  2 (66.7) 2 (66.7) 1 (33.3) 2 (66.7) 0 0 0 

Modified  2 (66.7) 2 (66.7) 2 (66.7) 0 0 0 1 (100) 

* n is the number of studies that compared between categories of methods 

NMAR: Not missing at random. 

LOCF: Last observation caring forward. 

MI: Multiple imputation. 

GEE: Generalized estimating equations. 
 

 

 

Table 4.1 Best performed methods when combine all ignorable missing (reported as MCAR, MAR, or 

Ignorable missing) in all scenarios for 7-categories of methods (n=31)* 
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 n (%) 

Category Overall 

ranking 

Bias Precision Accuracy Type I 

error 

Power Coverage 

Complete case analysis 0 1 (11.1) 1 (14.3) 1 (25) 1 (25) 0 0 (0) 

Single imputation 0 1 (16.7) 1 (14.3) 0 0 1 (33.3) 2 (33.3) 

LOCF 1 (7.7) 2 (18.2) 7 (77.8) 0 0 1 (20) 1 (14.3) 

MI 8 (38.1) 7 (43.8) 1 (7.1) 1 (20) 2 (33.3) 2 (28.6) 6 (50) 

Mixed model 9 (34.6) 10 (55.6) 3 (27.3) 0 1 (16.7) 1 (11.1) 4 (33.3) 

GEE 1 (16.7) 0 0 1 (100) 0 0 0 

Robust regression 2 (28.6) 1 (14.3) 1 (33.3) 0 0 0 1 (16.7) 

* n is the number of studies that compared between categories of methods. 

MCAR: Missing completely at random. 

MAR: Missing at random. 

LOCF: Last observation caring forward. 

MI: Multiple imputation. 

GEE: Generalized estimating equations. 
 

 

 

 

Table 4.2 Best performed methods when reported as NMAR or non-ignorable missing in all scenarios for 7-

categories of methods (n=23)* 

 n (%) 

Category Overall Bias Precision Accuracy Type I Power Coverage 
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ranking error 

Complete case analysis 1 (12.5) 3(42.9) 0 0 0 1 (50) 1 (20) 

Single imputation 3 (42.9) 2(28.6) 1 (25) 1 (50) 0 0 0 

LOCF 0 1 (6.7) 4 (57.1) 0 1 (25) 2 (50) 0 

MI 6 (42.9) 4 (30.8) 1 (11.1) 1(20) 1 (50) 1 (50) 4 (50) 

Mixed model 7 (46.7) 8 (57.1) 1 (12.5) 4 (66.7) 1 (25) 2 (40) 3 (30) 

GEE 0 1 (50) 0 0 0 0 0 

Robust regression 1 (50) 1 (50) 1 (50) 1 (66.7) 0 0 0 

* n is the number of studies that compared between categories of methods. 

NMAR: Not missing at random. 

LOCF: Last observation caring forward. 

MI: Multiple imputation. 

GEE: Generalized estimating equations. 
 

 

 

 

 

Table 5.1 Worst performed methods when combine all ignorable missing (reported as MCAR, MAR, or 

Ignorable missing) in all scenarios for 7-categories of methods (n=31)* 

 n (%) 

Category Overall Bias Precision  Accuracy  Type I Power  Coverage  
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ranking error  

Complete case analysis 0 (0) 1 (11.1) 2 (28.6) 2 (40) 0 1 (25) 0 

Single imputation 1 (10.0) 1 (16.7) 1 (14.3) 1 (50) 0 1 (33.3) 1 (16.7) 

LOCF 1 (7.7) 1 (9.1) 0 2 (66.7) 1 (25) 1 (20) 2 (28.6) 

MI 0 2 (12.5) 2(14.3) 0 0 0 2 (16.7) 

Mixed model 0  0 (0) 2 (18.2) 0 0 2 (22.2) 1 (8.3) 

GEE 1 (20.0) 1 (25) 0 1 (100) 0 0 0 

Robust regression 0 1 (14.29) 0 0 0 0 1 (16.7) 

* n is the number of studies that compared between categories of methods. 

MCAR: Missing completely at random. 

MAR: Missing at random. 

LOCF: Last observation caring forward. 

MI: Multiple imputation. 

GEE: Generalized estimating equations. 
 

 

 

 

 

Table 5.2 Worst performed methods when reported as NMAR (non-ignorable) in all scenarios for 7-

categories of methods (n=23)* 

 n (%) 
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Category Overall 

ranking 

Bias Precision  Accuracy  Type I 

error  

Power  Coverage  

Complete case analysis 1 (12.5) 4 (57.2) 2 (50) 1 (50.0) 1 (100) 2 (100) 2 (40) 

Single imputation 1 (14.3) 2 (28.6) 0 1 (50) 0 0 2 (100) 

LOCF 4 (26.7) 7 (46.7) 0 0 3 (75) 3 (75) 2 (28.6) 

MI 1 (7.1) 5 (38.5) 1 (11.1) 2 (40) 1 (50) 0 3 (37.5) 

Mixed model 3 (20.0) 4 (28.8) 3 (37.5) 2 (33.3) 0 2 (40) 1 (10.0) 

GEE 0 0 0 0 0 0 0 

Robust regression 0 1 (50) 0 1 (50.0) 0 0 0 

* n is the number of studies that compared between categories of methods. 

NMAR: Not missing at random. 

LOCF: Last observation caring forward. 

MI: Multiple imputation. 

GEE: Generalized estimating equations. 
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Appendix 1: Search Strategy (Medline) 

 

#1  "drop-out*".m_titl. 

#2  missing.m_titl. 

#3  "withdraw*".m_titl. 

#4  (los* and follow*).m_titl. 

#5  per protocol.m_titl. 

#6  intention-to-treat.m_titl. 

#7  intent-to-treat.m_titl. 

#8  ITT.m_titl. 
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#9  (exclusion or exclusions).m_titl. 

#10  excluded.m_titl. 

#11  or/1-11 

#12  ((randomized controlled trial or controlled clinical trial).pt. or randomized.ab. or placebo.ab. 

or drug therapy.fs. or randomly.ab. or trial.ab. or groups.ab.) not (exp animals/ not humans.sh.) 

#13  11 and 12 

 

Search Strategy – Cochrane Library 

attrition or (drop out) or missing or withdraw* or (loss* and follow*) or (per protocol) or 

(intention to treat) or (intent to treat) or ITT or (exclusion or exclusions or exclude):ti,ab,kw   

Restricted to: Methods Studies and Technology Assessments  

Search Strategy – Web of Science 

#1 TI=drop-out*  

#2 TI=missing 

#3 TI=withdraw*  

#4 TI=(los* and follow*)  

#5 TI=per protocol  

#6 TI=intention-to-treat  
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#7 TI="intention to treat"  

#8 TI=intent-to-treat  

#9 TI=ITT  

#10 TI=(exclusion or exclusions)  

#11 TI=excluded  

#12 #11 OR #10 OR #9 OR #8 OR #7 OR #6 OR #5 OR #4 OR #3 OR #2 OR #1  

#13 TI=attrition  

#14 #13 OR #12  

#15 TS= clinical trial* OR TS=research design OR TS=comparative stud* OR TS=evaluation 

stud* OR TS=controlled trial* OR TS=follow-up stud* OR TS=prospective stud* OR 

TS=random* OR TS=placebo* OR TS=(single blind*) OR TS=(double blind*)  

#16 #15 AND #12  

#17 #15 AND #14  

# 18 TOPIC: (simulat*) 

# 19 #18 AND #17 

Search Strategy – JSTOR 

((((dropout OR attrition OR missing OR withdraw OR "per-protocol" OR "intent* to treat" OR 

ITT or "loss to follow*" or "lost to follow") AND ((randomi?ed) or "clinical trial")) AND 

simulat*) AND la:(eng OR en)
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Appendix2: Characteristics of included studies 
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Appendix2: Characteristics of included studies 

Last name of 

the first author 

& Year of the 
publication  

Missing 
mechanism 

investigated 

Criteria used 

to evaluate the 

performance of 
methods: 

g. A: Bias   
h. B: 

Precision 

i. C: 
Accuracy 

j. D: 

Coverage 
k. E: Type I 

error 
l. F: Power 

Number 
of trials 

simulated 

Clinical application of 

the simulation 

Type of 
outcome 

investigated 

Number of 

participants 

in simulated 
datasets 

Proportion of 

missing data 

Number of 

simulations 

Desouza  

2009 
MAR A; F 1 Other Unclear 100 

10% 

15% 
30% 

1000 

Horvitz-
Lennon  

2005 

MAR/NMAR A; C; D 1 Psychiatric Unclear 500 Not specified 10000 

Li  
2004 

MCAR 
NMAR 

A; C; D 1 Renal 
Surrogate 
outcome 

240 Not specified 1000 

Lin  

2003 

MAR 

NMAR 
A; B; D 1 Infectious Diseases 

Functional 

status 
200 

50% 

80% 
90% 

1000 

Peng  

2004 

MAR 

NMAR 
A; C; D 1 Not specified 

Quality of 

life 
200 Not specified 250 

Demirtas 
2005a 

NMAR 

Ignorable 
missing 

A; B; C; D 1 Infectious Diseases 
Surrogate 
outcome 

66 28.78% 1000 

Hallgren  
2013 

MCAR 
MAR 

NMAR 

A; B; C; E; F 1 
Other (Behavioral+ 
Medication) 

Length of 
drug use 

1000 

5% 

10% 
25% 

30% 

200 

Huang  
2013 

MAR E; F 1 Rheumatology 
Surrogate 
outcome 

100/200/300
/372 

50% 1000 

Wiens 

2013 

MAR 

NMAR 
A; E; F 1 Not specified Unclear 130 

10% 

25% 
10000 

Liu 
2013 

MCAR 
MAR 

A; E; D; F 1 Not specified Unclear 120/200/300 Not specified 1000 

Lepri 

1998 
NMAR A 1 Infectious Diseases 

Surrogate 

outcome 
100 44%-75% 100 

Xue 

2011 
MAR B; D 1 Not specified Unclear 

60/100/150/

250 
Not specified 5000 

Abrahantes 
2011 

MAR 
NMAR 

A; C 1 Not specified Unclear 300 Not specified 100 

Wang 

1995 

MCAR 

MAR 
NMAR 

A; B; D; F 1 Respiratory 
Surrogate 

outcome 
200 50% 600 

Hu 

2010 
MAR A; B; C  1 Infectious Diseases 

Surrogate 

outcome 
500 Not specified 1000 

Hedden 

2009 

MCAR 

MAR 
E; F  1 Other 

Length of 

drug use 
100 

10% 

40% 
2000 

Liang 
2007 

MCAR D 1 Infectious Diseases 
Surrogate 
outcome 

200 Not specified 25000 

Barnes 

2008 
NMAR A; D 1 Psychiatric Symptoms 60/480 29% 3000 

Baron 

2008 
NMAR A; E; F  1 Rheumatology 

Disease 

severity 
300 

8% 

15% 
1000 

Mallinckrodt 
2002 

NMAR A; D; E 1 Psychiatric Symptoms 100 Not specified 3000 

Wei  

2001 
MCAR A; B; D 1 Respiratory 

Length of 

drug use 
300 11% 1000 
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Roderick 2009 
MAR 

NMAR 
A; B; D 1 Infectious Diseases 

Surrogate 

outcome 
200 Not specified 1000 

Guo  

2004 

Ignorable 

missing 
A 1 Psychiatric Symptoms 157 Not specified 500 

Carpenter 
2007 

MAR A; B  1 Not specified Unclear 200 50% 1000 

Yuan  

2007 
NMAR A; B; D 1 Psychiatric Symptoms 367 Not specified 10000 

Tsonaka  
2009 

NMAR A; B; C  1 Rheumatology Symptoms 200 30% 200 

Cook  

1997 
NMAR A  1 Cardiology 

Surrogate 

outcome 
675 

NMAR18%+ 

MAR7% 
0 

Gueorguieva  

2012 

I Ignorable 

missing 
A  1 Psychiatric 

Quality of 

life 
500 Not specified 200 

Hogan  

1998 
NMAR F  1 Infectious Diseases 

Functional 

status 
424 

18% 

25% 
500 

Demirtas  

2005b 

NMAR 

Ignorable 
missing 

A; B; D 2 Not specified Unclear 999 Not specified 1000 

Demirtas  

2007 

NMAR 

 Ignorable 
missing 

A; B; C; D 1 Gastro Intestinal 
Surrogate 

outcome 
65 Not specified 1000 

Demirtas   

2003 

NMAR 

Ignorable 
missing 

B; D 2 
Psychiatric and the 

other one unclear 

Unclear and 

Disease 
severity 

100/413 29% 1000 

Longford  

2006 
NMAR A; C  1 Psychiatric 

Disease 

severity 
28 Not specified 1000 

Michael  
2012 

MAR 

Proposed 

posterior 

predictive loss 
model 

selection 
criterion 

1 Endocrinology 
Surrogate 
outcome 

50/100/2000 Not specified        200 

Gadbury  

2003 

MCAR 

MAR 
NMAR 

A; B; D 1 Obesity  
Surrogate 

outcome 
100 20% to 50%  1000 

Gilbert  

2010 

MCAR 

MAR 
A; C; D 1 Infectious Diseases 

Surrogate 

outcome 
999 50% 500 

Hogan  

2004 
MCAR A 1 Infectious Diseases 

Surrogate 

outcome 
50 Not specified 0 

Groenwold  
2011 

MAR 
NMAR 

A; B; D 1 Not specified Unclear 250 30% 5000 

James  

1995 
MAR A; D 1 Infectious Diseases 

Surrogate 

outcome 
500 Not specified 200 

Hebert  
2011 

MAR 
NMAR 

A; B; D 1 Cardiology 
Surrogate 
outcome 

416 25% 1000 

Lin  
2004 

MAR A; B; C  1 Other 

Length of 

stay (in 
hospital, 

ICU) 

250 Not specified 200 

Yi  

2009 
MAR A; B; D 1 Infectious Diseases 

Surrogate 

outcome 
200/1000 Not specified 500 

Stuart  
2002 

MAR A  1 Infectious Diseases 
Surrogate 
outcome 

200 Not specified 200 

Huson  
2007 

MCAR 

MAR 
NMAR 

A; B  1 Infectious Diseases 
Surrogate 
outcome 

200/500 

5% 

10% 
30% 

1000 

Wei  

1999 
MAR A; D 1 Infectious Diseases 

Surrogate 

outcome 
150 

12% 

26% 
29% 

33% 

37% 

500 

James  

1998 

MCAR 

NMAR 
A; D 1 Infectious Diseases 

Surrogate 

outcome 
200/2000 Not specified 1000 

Lane MCAR A; F  1 Psychiatric Unclear 182/232/244 25% 1000 
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MAR: Missing at random; 

NMAR: Not missing at random; 

MCAR: Missing completely at random. 

  

2008 MAR 

NMAR 

29% 

33% 
49% 

Li  

2011 
MCAR A; B; D 1 Other (vaccine) 

Surrogate 

outcome 
200 Not specified 10000 

Liu  

2006 

Ignorable 

missing 
A; C; D 2 Endocrinology 

Surrogate 

outcome 
999 

 22% 

24% 

41% 
42% 

 48% 

0 

Mehrotra  
2012 

MAR A; E; F  1 Other 
Surrogate 
outcome 

60/160 25%-35% 5000 

Revicki  
2001 

NMAR A 1 
Other (physical health 
status) 

Quality of 
life 

200/400/100
0 

5% 

10% 
15% 

20% 
25% 

50 

Scharfstein  

2003 
NMAR B; C  1 Psychiatric 

Surrogate 

outcome 
613 34% 500 

Siddiqui  
2011 

Ignorable 
missing 

B; E; F 1 Psychiatric Unclear 200 35% 1000 

Tang  

2005 
MAR A; B; D 1 Psychiatric 

Disease 

severity 
501 

9% 
16% 

28% 

1000 

Touloumi  
1999 

MAR A; B; C 1 Infectious Diseases 
Surrogate 
outcome 

200 Not specified 100 

Unnebrink  

2001 

Combined 

missing 
E; F  1 Endocrinology 

Disease 

severity 
266 

1% 

20% 
50000 

Wu  
2001 

MAR A;C 2 
Respiratory and 
Cardiology 

Surrogate 
outcome 

200 
11% 
10% 

400 

Xu  

2012 
MCAR C; E 1 Infectious Diseases 

Surrogate 

outcome 
120 15%-35% 10000 

Yuan  

2010 
NMAR A; B  1 Infectious Diseases 

Surrogate 

outcome 
200 50% 1000 

Tseng  

2012 

MAR 
NMAR 

Combined 
missing 

A; C  1 Other Unclear 200 10% 500 
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Appendix 3: Number of categories of methods investigated 

Appendix 3.1: Studies investigated more than one 

category of methods 
 All Ignorable (n=31) NMAR (n=23) 

Complete 

case analysis 

15 13 7 

Single 

imputation 

15 11 7 

LOCF 20 13 15 

MI 23 18 13 

Mixed model 25 21 15 

GEE 4 3 1 

Robust 

regression 

8 7 2 

* NMAR: not missing at random. 

 

Appendix3.2: Studies investigated one category of method 
 All Ignorable (n=16) NMAR (n=9) 

Complete 

case analysis 

2 1 2 

Single 

imputation 

 0 0 

LOCF  0 0 

MI 3 3 1 

Mixed model 6 5 2 

GEE 3 3 1 

Robust 

regression 

6 4 3 

* NMAR: not missing at random. 
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m. Appendix 4: Categories of methods included in each study 

Last name of the first 
author & Year of the 

publication  

n. Complete case 
analysis 

o. Single 
imputation 

p. Last 
observation 

carrying 
forward 

q. Multiple 
imputation 

r. Mixed model s. Generalize 
estimate 

equation 

t. Robust 
regression 

 C M C M u. C v. M w. C x. M y. C z. M aa. C bb. M cc. C dd. M 

Desouza 2009       ✔  ✔  ✔ ✔   

Horvitz-Lennon 2005 ✔ ✔             

Li 2004          ✔     

Lin 2003             ✔ ✔ 

Peng 2004 ✔ ✔       ✔ ✔     

Demirtas 2005a ✔    ✔   ✔ ✔ ✔     

Hallgren 2013   ✔  ✔  ✔   ✔     

Huang 2013 ✔  ✔  ✔  ✔        

WIENS 2013 ✔     ✔   ✔      

Liu 2013       ✔ ✔  ✔     

lepri 1998   ✔ ✔ ✔          

Xue 2011 ✔  ✔          ✔  

Abrahantes 2011       ✔ ✔       

Wang 1995 ✔ ✔       ✔ ✔     

Hu 2010             ✔ ✔ 

Hedden 2009  ✔ ✔    ✔  ✔      

Liang 2007   ✔  ✔        ✔  

Barnes 2008   ✔    ✔  ✔      

Baron 2008 ✔      ✔  ✔      

Mallinckrodt 2002     ✔ ✔   ✔ ✔     

Wei 2001 ✔    ✔ ✔   ✔      

Roderick 2009     ✔    ✔      

Guo 2004         ✔ ✔     

Carpenter 2007       ✔ ✔       

Yuan 2007          ✔     

Tsonaka 2009          ✔     

Cook 1997   ✔  ✔   ✔       

Gueorguieva 2012         ✔ ✔     

Hogan 1998  ✔             

Demirtas 2005b        ✔       

Demirtas 2007     ✔   ✔  ✔     

Demirtas  2003        ✔ ✔ ✔     

Longford 2006   ✔  ✔  ✔        

Michael 2012         ✔ ✔   ✔  

Gadbury 2003 ✔    ✔  ✔  ✔      

GILBERT 2010 ✔             ✔ 

Hogan 2004         ✔      

Groenwold 2011 ✔  ✔     ✔       

James 1995           ✔ ✔   

Hebert 2011   ✔  ✔  ✔        

Lin 2004           ✔ ✔   

Yi 2009            ✔   

Stuart 2002         ✔ ✔     

Huson 2007   ✔  ✔ ✔ ✔        

Wei 1999             ✔ ✔ 

James 1998            ✔   

Lane 2008     ✔    ✔      

Li 2011               

Liu 2006     ✔  ✔ ✔ ✔ ✔     

Mehrotra 2012        ✔ ✔  ✔ ✔   

Revicki 2001   ✔ ✔ ✔          

Scharfstein 2003              ✔ 

Siddiqui 2011       ✔  ✔      

Tang 2005 ✔  ✔  ✔  ✔        
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C: Classic methods; M: Modified methods. 

  

Touloumi 1999         ✔ ✔     

Unnebrink 2001 ✔  ✔  ✔  ✔        

Wu 2001              ✔ 

Xu 2012 ✔  ✔            

Yuan 2010 ✔            ✔ ✔ 

Tseng 2012         ✔     ✔ 
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Appendix 5: All included methods 
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Background: Missing participant data (MPD) can bias randomized controlled trials’ 

(RCTs) results if it is associated with the outcome of interest. To the best of our 

knowledge, no study has assessed the reporting and analytic approaches to MPD for 

continuous outcomes in RCTs. 

Objective: To assess (1) how trial authors report MPD for patient-important continuous 

outcomes, and (2) the analytic approaches for their primary and sensitivity analyses to 

address MPD. 

Method: We conducted a systematic survey of a representative sample of RCTs 

published in 2014 in the core medical journals. Eligible RCTs reported at least one 

patient-important outcome analyzed as a continuous variable.  

Result: Among 200 studies, 187 (93.5%) trials explicitly reported whether MPD 

occurred. In the 163 (81.5%) trials that reported the occurrence of MPD, the median and 

interquartile ranges of the percentage of participants with MPD were 11.4% (2.5-22.6%). 

It was unclear in 16 (16.5%) of these 163 trials how trialists dealt with MPD in their 

primary analysis. Linear regression showed an association between larger sample size and 

a higher percentage of MPD.   

Among the remaining 147 trials, the approaches trialists used in the primary analysis for 

MPD, by descending order of frequency were: using only complete data (109 trials, 67%), 

mixed effect models (10, 6.1%), last observation carrying forward (9, 4.5%), multiple 

imputation (9, 4.5%), maximum likelihood (3, 1.8%), mean imputation (2, 1.2%), 

regression (1, 0.6%), or other methods (4, 2.5%). Of 163 studies reporting MPD, 16 
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(9.8%) conducted sensitivity analyses examining the impact of the MPD. Very few trials 

(18, 11.1%) discussed the risk of bias associated with MPD . 

Conclusion: Randomized trials reporting continuous outcomes typically have over 10% 

of participant data missing, and over 15% of trials fail to make clear how they deal with 

MPD in their analysis.  When authors did make this clear, most conducted complete case 

analysis without taking into account missing data, and very few conducted sensitivity 

analyses addressing the possible impact of MPD or comment on how MPD might 

influence risk of bias. 
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Introduction: 

Missing participant data (MPD) in randomized controlled trials (RCTs) - also referred to 

loss to follow-up, discontinued prematurely, or outcome not assessable1 - refers to 

missing information on outcomes of interest2. Analyzing patients in the groups to which 

they were randomized will avoid bias for patients with complete data3-5. It does not 

address bias due to MPD, which, if it is substantial and the reasons for MPD differ 

between the intervention and control groups, is likely to bias the results.  For instance, if 

patients with poorer quality of life at study termination withdraw consent more frequently 

from the intervention group than from the control group, and were excluded from the 

analysis, the results could be biased in favour of the treatment.  

A common classification of the reason for missing data (also called missing mechanism) 

includes missing completely at random (MCAR), missing at random (MAR), and not 

missing at random (NMAR)6. When outcome data is MCAR, it indicates no systematic 

differences between missing and observed values. It has been argued that in those cases 

ignoring missing data and only analyzing those with available data (complete case 

analysis) will not bias estimates of effect. Outcome data MAR denotes an explainable 

systematic difference between missing and observed values based on observed data. 

Ignoring missing data may cause bias in this case and imputation or data augmentation 

methods may reduce the extent of bias. When outcome data is NMAR, systematic 

differences between missing and observed values can only be explained by unobserved 

data (e.g. a person not responding to treatment is more likely not to provide an 
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observation)7. NMAR requires conducting sensitivity analysis comparing effect estimates 

under different missing mechanisms6,8.  Since there is no detailed guidance on how to 

judge the missing mechanism, seldom can investigators be confident that their data is 

MCAR; thus, assuming some degree of MAR or NMAR is likely to be a more appropriate 

approach. 

Despite the fact that investigators often expend enormous effort to prevent MPD, across 

all therapeutic areas, up to 89% of the RCTs report dichotomous MPD9-12. Under 

plausible assumptions about the outcomes of participants with missing data, up to one 

third of RCTs claiming treatment effects published in leading medical journals may lose 

statistical significance12. Researchers have thoroughly investigated how RCT authors 

have dealt with MPD in studies focusing on dichotomous outcomes1,12,13. Comparing to 

dichotomous outcomes, dealing with continuous MPD has its special challenges such as 

different distributional assumptions for observed data and the applicability of statistical 

models14. Considering the serious threat of bias from MPD, statisticians and 

methodologists have developed a variety of methods to deal with MPD in RCTs focusing 

on continuous outcomes15-20.   Whether trialists are planning and applying the optimal 

approaches to handle continuous MPD is unknown.   

Following our previous investigation addressing dichotomous MPD (LOST-IT)12, the 

current study aims to assess 1) how trial authors report MPD for patient-important 

continuous outcomes, and 2) the analytic approaches for their primary and sensitivity 

analyses to address MPD. 
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Methods: 

Definitions 

We defined MPD as unavailable data from trial participants that, if available, would have 

been included in the analysis of the specific outcome in RCTs.  We defined a patient-

important outcome as an outcome for which a patient would say “yes” to the following 

question: “If this outcome were the only thing to change with treatment, would the patient 

consider receiving this treatment if it is associated with burden, side effects or cost?”13. 

We used a taxonomy characterizing a hierarchy of the importance of outcomes to select 

one outcome of primary interest from each trial (Appendix 1).  Patient-important 

continuous outcomes high on this hierarchy include quality of life, symptoms and 

functional status. We did not consider surrogate outcomes as patient-important outcomes. 

We defined complete case analysis as excluding all patients with missing value for the 

outcome being analyzed21. In contrast to the complete case analysis, all available data 

analysis refers to using all available observations for a particular outcome; this means 

including data from patients even with some missing values for that outcome.  All 

available data analysis is commonly seen in trials with repeated measures2.   

Eligibility criteria 

Inclusion criteria:  

Eligible studies fulfilled all of the following criteria: 

 Published in 2014 in one of 119 core Abridged Index Medicus Journal Titles 
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clinical journals, also known as the core medical journals;  

 Described by authors as a RCT; 

 Reported an analysis of data for at least one patient-important outcome analyzed 

as a continuous variable 

Exclusion criteria:  

We excluded studies meeting any of the following criteria: 

 RCT reporting time to event outcomes and analyze those as continuous data;  

 Non-human trials;  

 Cluster RCT, factorial RCT, cross-over RCT, n-of-1 trials, cost-utility studies; 

 Studies reporting continuous outcomes but analyzed as dichotomous data;  

 Meta-analysis of two or more previously published RCTs; 

 Secondary analysis of RCTs. 

Literature search 

We conducted the search using the Cochrane Collaboration’s highly sensitive search 

strategy to identify RCTs through Medline (OVID interface) in the 119 core clinical 

English journals indexed under Abridged Index Medicus by the National Library of 

Medicine (available at http://www.nlm.nih.gov/bsd/aim.html)(see appendix 2).  

Random sampling of citations 

We retrieved a random sample of the identified citations using generated random numbers 

from an Excel sheet and retrieved correspondingly citation numbers. We repeatedly 

http://www.nlm.nih.gov/bsd/aim.html
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sampled and screened identified citations meeting eligibility criteria until we achieved the 

target sample size. 

Study selection and data collection 

A team of 20 reviewers, with health research methodology training, worked in pairs using 

standardized forms to conduct screening of title and abstract, screening of full text, and 

data abstraction, all independently and in duplicate. We applied a calibration process prior 

to screening and data abstraction to ensure accuracy.  Regarding screening and data 

abstraction process, reviewers resolved disagreement through discussion and with the 

assistance from an independent arbitrator (YZ), if needed. We also reviewed 

supplementary documents published by the authors to abstract information on detailed 

description on the reporting and analysis of MPD when authors referred to it. We 

conducted screening and data abstraction using a web-based systematic review software 

(DistillerSRTM; https://systematic-review.ca). 

Selection of outcome and comparison 

For RCTs including more than one patient-important continuous outcome, we selected the 

primary outcome as the authors reported.  If authors reported more than one primary 

continuous outcome, we selected the first one reported in the abstract. For RCTs 

including more than one patient-important continuous outcome with none reported as the 

primary outcome, we selected the outcome first reported in the abstract, or in the results if 

not presented in the abstract. 

https://systematic-review.ca/
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In multiple-arm RCTs, we considered the first comparison reported in the results. For 

RCTs with multiple follow-up times, we used the analysis that included all time points or, 

if there was no such analysis, the analysis focused on the longest follow-up time. 

Data abstraction 

For each trial, we abstracted data regarding general characteristics, methodological 

characteristics, reporting, planned and conducted analytic approach regarding MPD, and 

the extent of MPD.  We recorded the categories trial investigators used to describe 

participants with potential MPD including: ineligible participants, mistakenly 

randomized, did not receive any intervention, withdrew consent, dead, experienced 

adverse events, non-compliant or non-adherent, discontinued prematurely, excluded as 

part of center exclusion, and outcome not assessable. We also recorded the missing 

mechanism the trial assumed when dealing with MPD, whether authors reported a 

justification of their approach to MPD, as well as whether trialist assessed risk of bias 

associated with MPD.  

Sample size: 

We chose a sample size to achieve a precise confidence interval (+/-0.05) around the 

proportion of RCTs that conducted primary analytical approach regarding MPD. In the 

most conservative situation in which the proportion is 0.5, we would need 200 RCTs to 

achieve the desired confidence interval (0.45, 0.55).  

Analysis 
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We assessed agreement for eligibility between reviewers at both the title and abstract 

screening stage and the full text screening using kappa statistics. We followed the 

interpretation guideline from Landis and Koch22: kappa values of 0 to 0.20 represent 

slight agreement, 0.21 to 0.40 fair agreement, 0.41 to 0.60 moderate agreement, 0.61 to 

0.80 substantial agreement, and greater than 0.80 almost perfect agreement.  

For all descriptive analyses, we used absolute number and percentages for dichotomous 

(categorical) variables and mean with standard deviation for continuous outcomes when 

distribution was normal or near normal. When the distribution was skewed to a large 

extent, we used median and interquartile range (IQR).  

Categories of trial participants investigators considered as having MPD 

For all the categories that trial investigators used to describe participants with potential 

MPD, such as “ineligible participants”, “withdrew consent”, “outcome not assessable”, 

we reported the number and percentage of trials documenting the categories. 

Reporting and extent of MPD 

We calculated the percentage of participants with MPD in each trial and the median and 

interquartile range of the percentage across all trials. For trials with multiple follow-up 

times, in addition to these analyses we also calculated:  

 The percentage of missing data points overall through the entire follow-up 

counted as the number of missing data points divided by total number of possible 

data points. 
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 At the last follow-up time, the percentage of missing data points counted as the 

number of missing data points divided by the total number of possible data points. 

We planned to conduct a logistic regression in which the dependent variable was whether 

trials did or did not report MPD and the independent variables were:  

 Sample size  

 Type of intervention (pharmaceutical vs. surgical/invasive non surgical vs. others) 

 Type of funding (for profit vs. not for profit vs. no funding reported) 

 Journal type (top 5 vs. non-top 5) 

Top 5 refers to the five general medical journals with the highest impact factor in 

2015: Annals of Internal Medicine, British Medical Journal, Journal of the 

American Medical Association, The Lancet, and New England Journal of 

Medicine (http://impactfactor.weebly.com/medicine.html). 

 Allocation concealment (inadequate vs. adequate) 

Our a priori hypotheses were: trials with smaller sample size, for-profit type of funding, 

non-pharmaceutical type of intervention, inadequate allocation concealment and non-top 

5 medical journal were less likely to report MPD.   

We also conducted a linear regression with “the percentage of MPD” as dependent 

variable and the same independent variables described above. Our a priori hypotheses 

were: trials with larger sample size, for-profit type of funding, non-pharmaceutical type of 

intervention, inadequate allocation concealment and non-top 5 medical journal tended to 

have higher percentage of participants with MPD.  
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Planning and conduct of analyses addressing MPD 

We conducted a descriptive analysis of the planned analysis regarding MPD for all 

continuous outcomes and the analysis conducted by trial investigators for the chosen 

outcome.  We planned to conduct a logistic regression with whether trials planned a 

sensitivity analysis regarding MPD as the dependant variable and the independent 

variables in noted above. Our a priori hypotheses were: trials with smaller sample size, 

for-profit type of funding, non-pharmaceutical type of intervention, inadequate allocation 

concealment, and non-top 5 medical journal would be less likely to plan a sensitivity 

analysis regarding MPD. 

The analysis was performed using the SPSS software, version 22/12 (IBM Corp, Tx). 

Results 

General characteristics of included RCTs 

We included 200 eligible trials that met out target sample size (figure 1).  Agreement 

between reviewers was substantial: kappa of 0.63 for title and abstract screening and 0.64 

for full text screening.  

Table 1 presents the general trial characteristics and Table 2 the methodological 

characteristics of the included studies. Symptoms (84, 42%), quality of life (44, 22%), 

and functional status (33, 16.5%) were the most frequently investigated continuous 

patient-important outcomes. All but one trials that reported time at which patients were 

followed up, the median follow-up time was 3.3 months (interquartile range of 0.7 to 12 
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months). Of these 199 trials, 92 (46%) reported a single follow-up time and 107 (53.5%) 

multiple follow-up times.   

Reporting and extent of MPD 

Table 3 presents information regarding the reporting of missing participant data.  Among 

all 200 included trials, 187 (93.5%) had, in the main text or CONSORT flow diagram, an 

explicit statement of whether MPD occurred. Among the 187 trials that explicitly 

reported the presence or absence of MPD, 24 (12%) studies explicitly stated MPD did not 

occur, and 163 (81.5%) explicitly reported the extent of MPD, of which 44 (27%) trials 

reported the percentage of MPD in each arm and overall; the overall median and 

interquartile range of participants in all time points with MPD were 11.4% (2.5-22.6%). 

The reporting of MPD was mainly focused on the number of patients who had MPD for 

the overall study sample but not by the specific outcome. 

For 91 trials that included multiple follow-up times and reported MPD from either overall 

or per arm or both, the medians and interquartile ranges for the percentage of total 

missing data points were 13.1% (6.1-23.7%). At the last follow-up time, the medians and 

interquartile ranges for the percentage of missing data points were 14.4% (7.4-23.6%).  

None of the differences between intervention and control in the frequency of missing data 

approached conventional levels of statistical significance.  

We could not conduct the logistic regression with the dependent variable explicitly 

reporting (or not) the occurrence of MPD because of the small number of studies (13, 

6.5%) that failed to report whether MPD occurred.  
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We conducted a multiple linear regression addressing the percentage of participants with 

MPD based on sample size, type of intervention, funding, journal, and allocation 

concealment.  A significant beta coefficient indicated that there was a higher percentage 

MPD when sample size was larger (Beta coefficient 0.01(0.0-0.02), p=0.005, meaning the 

MPD would be 1% more for each 100 patients), with an R2 of 0.167 (Appendix 3). We 

further explored the correlation between larger sample size and higher percentage of 

missing data using a bivariate analysis and found a correlation coefficient of 0.29 

(p=0.001). Another significant beta coefficient indicated that there was a lower 

percentage of MPD when funding was not explicitly reported (Beta coefficient 4.89 

(0.40-9.38), p=0.03). There was a trend that a larger percentage of participants with MPD 

may be associated with inadequate allocation concealment (beta coefficient -6.52(-13.14-

0.11), p=0.05). 

Categories of trial participants trial investigators considered as having MPD 

Table 4 provides data regarding studies’ reports of the reasons for MPD. Of 200 included 

studies, 24 explicitly reported absence of MPD, the remaining 176 studies potentially had 

MPD. The most frequently considered categories for potential MPD were “withdrew 

consent” (81 trials, 46.0%) and “experienced adverse event” (41 studies, 23.3%). 

Analyses planned regarding MPD 

Table 5 presents the analysis plan reported in the methods section of included trials. 

Among all 200 included studies, 58 (29%) and 21 (10.5%) reported, in the methods 

section of their article, a plan to handle MPD in their primary and sensitivity analysis, 
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respectively. The most frequent approaches specified were last outcome carried forward 

(LOCF) (11, 5.5%) and mixed effect model (11, 5.5%) for the primary analysis, multiple 

imputation (MI) for the sensitivity analysis regarding MPD.   

Analyses conducted regarding MPD 

Table 6 presents the analysis approaches authors used regarding MPD. Among 163 trials 

explicitly reporting the occurrence of MPD, it was unclear how trialists dealt with MPD 

in their primary analysis in 16 (9.8%) trials. Of the remaining 147 trials, 74 (45.4%) used 

complete case analysis, 35 (21.5%) all available data analysis, 9 (5.5%) LOCF, 10 (6.1%) 

mixed effect model, 9 (5.5%) MI, 3 (1.8%) maximum likelihood, 2 (1.2%) mean 

imputation, 1 (0.6%) regression, and 4 (2.5%) methods other than the above mentioned.  

Very few (14, 8.6%) trials specified the missing mechanism when conducting an analysis 

regarding MPD; in 13 of 14 that did make such an explicit statement, the assumption was 

MAR (table 5).   

Regarding discordance between planned and conducted sensitivity analyses, among the 

163 (81.5%) trials that explicitly reported occurrence of MPD, 138 (84.7%) trials neither 

reported in their methods a plan to conduct such analyses and did not do so, 11 (6.7%) 

trials reported a plan and reported results, 9 (5.5%) reported a plan but did not report 

results, and 5 (3.1%) did not report a plan in their methods but reported results of a 

conducted sensitivity analysis regarding MPD (table 7).   

Of these 163 studies, 16 (9.8%) studies conducted sensitivity analysis for MPD (more 

than one sensitivity analysis can be conducted); multiple imputation (4, 2.5%), complete 
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case analysis (3, 1.8%), LOCF (2, 1.2%), mean imputation (1, 0.6%), combination of 

more than one method (1, 0.6%), other methods not mentioned above (2, 1.2%), and not 

reported (6, 4.5%). Of the 16 trials that reported results of a sensitivity analyses to assess 

the impact of MPD, 2 reported that results were no longer statistically significant in one 

of their sensitivity analyses. Of 163 trials reporting the occurrence of MPD, 18 (11.1%) 

discussed the implications of MPD regarding risk of bias. 

We could not perform the planned logistic regression to explore the factors associated 

with whether trials planned sensitivity analysis regarding MPD, due to the small number 

of studies conducting sensitivity analysis. 

Discussion 

Summary of findings 

Almost all trials 187 (93.5%) made explicit statements regarding MPD, of which 163 

(81.5%) reported the occurrence and extent of MPD (table 2).  Many of these 187 trials 

reported substantial MPD (median 11.4%, Q1 2.5% to Q3 22.6%). 

Very few (14, 8.6%) trials specified the missing mechanism when conducting an analysis 

regarding MPD; in 13 of 14 that did make such an explicit statement, the assumption was 

MAR (table 6).  The most common way trialists handled MPD was a complete case or all 

available data analysis (109, 67%).  Other approaches included mixed effect models (10, 

6.1%), LOCF (9, 4.5%), and MI (9, 4.5%).  

Among all 200 trials, less than a third (58 trials, 29%) planned an analytical approach to 
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address MPD in their primary analysis and even fewer (21 trials, 10.5%) reported a plan 

for sensitivity analysis (table 5).  

Strengths and limitations of study 

Strengths of our study include a systematic and comprehensive search, independent and 

duplicate screening and data abstraction, and a focus on patient-important continuous 

outcomes. We also implemented standardized built-in instructions in both screening and 

data abstraction forms on the web-based systematic review software and conducted 

calibration exercises.  Our random sample of eligible studies from the 119 core medical 

journals published in 2014 ensures high representativeness of the most updated practise 

among trialists and generalizability of our results23-25. 

One of the limitations is that we only captured the information authors reported in the 

publication and in the additional information provided in the appendix and supplementary 

data files. We might not have captured what authors have done beyond what they 

reported with respect to MPD. We could have contacted authors to clarify things that 

were unclear in the publications. The other limitation is we could have checked registered 

protocols of trials for their MPD analyses plan when applicable. Lastly, we should have 

adjusted for potential clustering effect for papers published in the same journal since they 

might have followed the same requirement from the journal to report the manuscript in a 

certain manner. 

Comparing Findings with Other Studies 
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Akl et al.12 investigated the extent of MPD, the reporting, and the impact on results 

associated with MPD in studies addressing binary outcomes in five general prestigious 

medical journals. They found 13% of the trials did not report whether MPD occurred and 

20% did not clearly report the analytical approaches used to handle MPD.  These results 

are very similar to what we found with respect to continuous outcomes.  Alshurafa et al.26 

investigated how methodological articles defined intention to treat (ITT) analysis in the 

context of MPD. They found the most frequently mentioned strategies suggested to deal 

with MPD within ITT were LOCF (50%), general sensitivity analysis (50%), and 

imputation using all available data (46%).  We found investigators took advantage 

(though infrequently) of a wider variety of sophisticated statistical strategies, and did not 

frequently use LOCF.  

Interpretation of Findings 

In a recently conducted systematic survey27we conducted on the performance of methods 

of handling continuous MPD, LOCF proved to be one of the worst methods among more 

than 14 categories and 250 methods investigated.  

In our study, investigators seem aware of the limitations of LOCF, with only 9 of 200 

studies using the method, which is likely much less than in the past.  Also among 58 

studies that reported analysis plan to deal with MPD in their primary analysis, LOCF is 

one of the most frequently chosen method reported in 11 studies. On the other hand, 

mixed effects models, which proved one of the best methods in the survey, was used or 

planned no more frequently than LOCF.  Investigators can still make better choices in 
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choosing approaches to MPD. 

We found an association between explicit reporting of MPD with explicit reporting of 

funding. This showed a potential association between not reporting MPD and poor 

reporting of other trial aspects. Not surprisingly, we also found trials with larger sample 

size had larger percentages of missing data. This finding highlights both the challenges of 

minimizing MPD in larger trials and enhances the importance of planning optimal 

analytical strategies to handle potential MPD. 

Implications for trialists 

Trial investigators should be more explicit in providing details on the reporting of MPD 

both at participant level and at outcome level. Particularly when trials have multiple 

follow-up times as is commonly seen in the context of continuous outcomes.  Reporting 

only the number of patients missing without specification of MPD at outcome level may 

obscure the clarity of the extent of MPD. 

Ideally, there are a number of strategies trial investigators may institute to minimize the 

risk of bias due to MPD.  The first is to institute measures to minimize MPD28.   MPD is 

often, however, inevitable, and strategies to deal effectively with MPD once it occurs will 

be necessary.  These include developing in advance a plan to deal with MPD and 

reporting that plan in their protocol and ultimately in the methods section of their 

manuscripts. Investigators should determine if baseline characteristics and other 

covariates differ between patients with missing data and patients with complete data. 

Differences in characteristics suggest that data might be MAR or that they could even be 
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NMAR.  Further, they should examine the relation between patients’ characteristics and 

observed outcomes; if there are substantial associations it also suggests that to some 

extent the data are MAR and that imputation and data augmentation methods may be 

useful, at least as sensitivity analyses.  The failure to find such associations suggests data 

might be NMAR and again mandates sensitivity analyses that include a wide range of 

plausible results for MPD.  

Investigators should be aware of the current optimal methods for handling MPD such as 

mixed effect models and avoid using simple methods such as LOCF or other single 

imputation methods that might provoke more biased results27.  The use of more 

sophisticated methods is likely to require help from statisticians.  Investigators should 

provide a justification for the sensitivity analyses they choose, and discuss the implication 

of sensitivity analyses of MPD regarding risk of bias. 

Implications for systematic reviewers 

When judging the risk of bias of included trials, systematic reviewers should examine the 

quality and extent of reporting MPD in CONSORT and text of the trials at an outcome of 

interest level. Furthermore, they should examine the sensitivity analysis regarding MPD 

conducted in individual trials; this may provide a sense of the extent of risk of bias related 

to MPD across studies.  These results may influence the application of across-trial 

methods to estimate the impact of MPD on risk of bias across the body of evidence29,30. 

Implications for future research 
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A checklist addressing the reporting of analysis regarding MPD in RCTs may be useful 

for both evaluating and optimizing analytic strategies in studies of continuous outcomes. 

Further investigation might focus on optimal approaches to conducting sensitivity 

analysis regarding MPD.  
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Figure legends: 

Figure 1: PRISMA flow diagram  

                            LOST-IT-II 2015 Flow Diagram 
8 
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determine effect of missing participant data on outcomes 

Variable        n (%) 

Outcome classification 

Efficacy  191 (95.5) 

Safety        9 (4.5) 

Types of chosen outcome 

Length of stay (in hospital, ICU)    25 (12.5) 

Symptoms    84 (42.0) 

Quality of life    44 (22.0) 

Functional status    33 (16.5) 

Disease severity        8 (4.0) 

Length of drug use        6 (3.0) 

Intervention 

Pharmacological    86 (43.0) 

Surgical    24 (12.0) 

Invasive non-surgical procedure      14 (7.0) 

Rehabilitation    24 (12.0) 

Behavioral intervention    24 (12.0) 

Diagnostic test        1 (0.5) 

Complementary and alternative medicine        3 (1.5) 

Other    24 (12.0) 

Control 

Standard care     47 (23.5) 

Placebo/sham    61 (30.5) 

Pharmacological    31 (15.5) 

Surgical      16 (8.0) 

Invasive non-surgical procedure        7 (3.5) 

Rehabilitation      12 (6.0) 

Behavioural intervention      10 (5.0) 

Diagnostic test        1 (0.5) 

Number of centers 

Single center  102 (51.0) 

Multi-centers    98 (49.0) 

Journal types 

Top 5 journals    37 (18.5) 

Non-top 5 journals  163 (81.5) 

Arms 

2 arms  154 (77.0) 

More than 2 arms    46 (33.0) 

Funding* 

Private for profit (ONLY provide drugs)    35 (17.5) 

Private for profit (Provide things OTHER than drugs)    38 (19.0) 

Private not for profit     72 (36.0) 
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Governmental    78 (39.0) 

Not funded      13 (6.5) 

Not reported    25 (12.5) 
*Adds up to more than 200 because some trials have more than one source of funding. 
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Table 2: Methodological characteristics of 200 included trials to 

determine effect of missing participant data on outcomes 

Variable        n (%) 

Allocation concealment^  

Adequate  139 (69.5) 

Inadequate    61 (30.5) 

Blinding*: 

Patients    99 (49.5) 

Providers    80 (40.0) 

Data collectors   106 (53.0) 

Outcome adjudicators  105 (52.5) 

Data analysts     21 (10.5) 

No early stopping for benefit   198 (99.0) 

Primary analysis authors described 

    Analysis described as Intention to Treat        5 (2.5) 

    Analysis described as modified Intention to Treat    94 (47.0) 

    Analysed participants for whom outcome data were        

    available in group to which they were randomised  

     11 (5.5) 

    No explicit statement    63 (31.5) 

    Per protocol analysis    27 (13.5) 
^Allocation concealment refers to judgement of “definitely concealed” or “ probably concealed” 

*Blinding refers to judgment of “definitely blinded” or “probably blinded.” 

 

 

 

 

 

 

 

Table 3: Reporting of information regarding missing participant data 
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in included trials to determine effect of missing participant data on 

outcomes 

Variable               n (%) 

Among all included studies (n=200) 

Explicit statement about missing participant data occurred in the main 

text or CONSORT flow diagram  

Yes, stated MPD occurred    163 (81.5) 

Yes, stated MPD did not occur       24 (12.0) 

No explicit statement        13 (6.5) 

Among studies reported MPD occurred (n=163)  

Assessment of baseline characteristics 

Yes, MPD group vs. non MPD group        12 (7.4) 

Yes, MPD in 1st arm vs. MPD in 2nd arm          2 (1.2) 

Yes, They did both that mentioned above        1 (0.61) 

No     148 (90.8) 

Reporting of MPD  

Separately reported for two arms    114 (69.9) 

Reported overall only           5 (3.1) 

Reported both per arm and overall      44 (27.0) 
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Table 4: Categories of trial participants trials investigators 

considered as having MPD 

Variable          n (%)  

Number of studies stating the different types of MPD 

(n=176)* 

 

Ineligible participants/mistakenly randomized 
 

  15 (8.5) 

Did not receive any intervention  38 (21.5) 

Withdrew consent 81 (46.0) 

Dead 35 (19.8) 

Experienced adverse events 41 (23.3) 

Non-compliant /non-adherent 30 (17.0) 

Discontinued prematurely 29 (16.5) 

Excluded as part of center exclusion     3 (1.7) 

Outcome not assessable   14 (7.9) 
*The percentages may add up to more than 100 because some trials have more than one category.  
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Table 5: Planned analytic approach in 200 included trials for MPD on 

any continuous outcome 

Variable            n (%) 

Primary analysis  

       Yes, planned in methods        58 (29.0) 

       No, did not plan in the methods         142 (71) 

What primary analysis was planned (n=58)  

Complete case analysis 
 

      9 (4.5) 

All available data analysis       3 (1.5) 

Mean imputation       3 (1.5) 

Last Observation Carrying Forward (LOCF)     11 (5.5) 

Regression for MPD       1 (0.5) 

Multiple imputation (MI)       9 (4.5) 

Maximum Likelihood (ML) 
 

      3 (1.5) 

Mixed effect model for missing data     11 (5.5) 

Other       6 (3.0) 

Not reported       2 (0.0) 

Sensitivity analysis  

       Yes, planned in methods        21 (10.5) 

       No, did not plan in the methods      179 (89.5) 

What sensitivity analysis was planned (n=21)  

Complete case analysis 
 

      3 (1.5) 

Mean imputation       1 (0.5) 

Last Observation Caring Forward (LOCF)       2 (1.0) 

Regression for MPD       1 (0.5) 

Multiple imputation (MI)       8 (4.0) 

Mixed effect model for missing data       1 (0.5) 

Other       3 (1.5) 

Not reported       2 (1.0) 
 

 

 

 

  



Ph.D. Thesis – Y. Zhang; McMaster University – Health Research Methodology 

 129 

Table 6: Reporting of information regarding analysis of missing 

participant data in included trials on patient-important outcomes 

Variable            n (%) 

Among studies reported MPD occurred (n=163)  

Assumed missing mechanism when conduct analysis 

Missing at random     13 (7.9) 

Ignorable missing      1 (0.7) 

Not stated 149 (91.4) 

Primary analysis   

Complete case analysis 
 

  74 (45.5) 

All available data analysis   35 (21.5) 

Mean imputation       2 (1.2) 

Last Observation Caring Forward (LOCF)       9 (5.5) 

Regression for MPD       1 (0.6) 

Multiple imputation (MI)       9 (5.5) 

Maximum Likelihood (ML) 
 

      3 (1.8) 

Mixed effect model for missing data     10 (6.1) 

Other       4 (2.5) 

Unclear     16 (9.8) 

Provide justification for the method used to handle 

MPD in the primary analysis  

           9 (5.5) 

Whether they conducted sensitivity analysis regarding MPD for chosen 

outcome 

Yes          16 (9.8) 

No      147 (90.2) 

Implications of MPD regarding risk of bias discussed         18 (11.0) 

Among studies conducted sensitivity analysis regarding MPD 

(n=16) * 

Complete case analysis 
 

      3 (1.8) 

Mean imputation       1 (0.6) 

Last Observation Carrying Forward (LOCF)       2 (1.2) 

Multiple imputation (MI)       4 (2.5) 

Combination of more than one method above for MPD       1 (0.6) 

Other       2 (1.2) 

Not reported       6 (4.5) 

Sensitivity analysis changed the statistical significant 

result  

           2 (1.2) 

*(n=16; it is possible that there are more than one sensitivity analysis) 

 

Table 7: Planned sensitivity analysis and conducted sensitivity 
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analysis in 163 trials with MPD 

Variable            n (%) 

Sensitivity analysis  

       Neither planned nor conducted      138 (84.7) 

       Planned and conducted          11 (6.7) 

       Planned but not conducted            9 (5.5) 

       Did not plan but conducted            5 (3.1) 
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Appendix1: Hierarchy of outcomes relative to patient importance 

I. Mortality 

1. All - cause mortality   

2. Disease specific mortality  

II. Morbidity 

1. Cardiovascular major morbid events 

2. Other major morbid events  (e.g. loss of vision, seizures, fracture, 

revascularization)  

3. Onset/recurrence/relapse/remission of cancer and other chronic diseases (e.g. 

COPD exacerbation, new onset of diabetes) 

4. Renal failure requiring dialysis 

5. Hospitalization, medical and surgical procedures (e.g. placement of a pacemaker, 

and cardioversion) 

6. Infections 

7. Dermatological/ rheumatologic disorders 

III. Symptoms/Quality of life/Functional status (e.g. failure to become pregnant, 

successful nursing/breastfeeding, depression) 

IV. Surrogate outcomes (e.g. viral load, physical activity, weight loss, cognitive 

function, recurrent polyps, adherence to medication) 

 

Appendix 2: Search strategy for Medline using OVID interface  

 

1. randomized controlled trial.pt. 

2. controlled clinical trial.pt. 

3. randomized controlled trial/ 

4. random allocation/ 

5. double blind method/ 

6. single blind method/ 
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7. clinical trial.pt. 

8. exp clinical trial/ 

9. exp Clinical Trials as Topic/ or exp Randomized Controlled Trials as Topic/ 

10. (clin$ adj25 trial$).mp. 

11. ((singl$ or doub$ or trebl$ or tripl$) adj25 (blind$ or mask$)).mp. 

12. Placebos/ 

13. placebo$.mp. 

14. random$.mp. 

15. research design/ 

16. or/1-15 

17. animals/ not humans/ 

18. 16 not 17 

19. "2014".yr. 

Appendix 3: multiple linear regression for percentage of missing data 

Covariate Beta coefficient P-value 

Sample size 0.01 (0.0-0.02) 0.005 

Intervention type  0.33 (-3.17-3.8) 0.853 

Funding 4.89 (0.40-9.38) 0.033 

Journal type -3.05 (-11.12-5.02) 0.455 

Allocation 

concealment 

-6.52 (-13.14-0.11) 0.054 

(Goodness of fit: R2=0.167) 
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CHAPTER 5: 

DISCUSSION AND CONCLUSION 

Part 1 of this chapter summarizes the research findings from chapters 2 to 4.  Part 2 I 

highlights the implications for trialists, methodologists, and journal editors and discusses 

directions for future research.  

Part 1: Summary of findings 

Findings on adherence of checklist on reporting of simulation studies (chapter2) 

From 16,446 citations, we found 60 eligible simulation studies addressing statistical 

methods to deal with continuous missing participant data (MPD) in RCTs.  Although 

almost all studies reported number of simulations (57, 95%) and all studies reported 

statistical methods compared, scenarios in which they were investigated, and the criteria 

to assess their relative merits. These simulation studies, the studies nevertheless suffered 

from limitations in reporting quality.  In particular, they omitted details and clarities 

regarding the procedures of simulations. No study reported starting seeds and only one 

study reported the random number generator used. Approximately half reported software 

to perform analysis (29, 48.3%) and less than half reported software to perform 

simulations (25, 41.7%). Very few reported justification of number of simulation (3, 5%). 

Findings on the performance of the statistical methods (chapter3) 

We summarized 60 studies that compared 250 methods of dealing with MPD in primary 

studies using continuous variables of which 47 addressed ignorable (missing completely 
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at random (MCAR), or missing at random (MAR)) and 32 addressed non-ignorable (not 

missing at random (NMAR)) data. There was limited overlap on the methods being 

compared: mixed model was the most frequently investigated class of method (31, 

51.7%). We presented the number of times a method performed best and the number of 

times it performed the worst and the percentage in which it was the best or worst out of 

the total times it was compared.   

Under the ignorable missing assumption, we found mixed model produced the smallest 

bias (10, 55.6%) and also proved to be the best most frequently on overall ranking (9, 

34.6%). However, it had less impressive performance on other properties (precision, 

accuracy, Type I error, power, and coverage). Multiple imputation (MI) was the other 

method that stood out with better perfmorance on bias and overall performance than other 

methods.  

Under the non-ignorable assumption mixed model performed the best most frequently on 

overall ranking (7, 46.7%), bias (8, 57.1%), and accuracy (4, 66.7%) but was less 

frequently the best on other properties. Multiple imputation performed similarly to mixed 

model and ranked second most frequently regarding overall performance (6, 42.9%). 

Last observation caring forward (LOCF) was most frequently the worst on overall 

ranking (4, 26.7%), bias (7, 46.7%), type I error (3, 75%), and power (3, 75%). 

Reporting of analysis of MPD in RCTs (chapter4) 

In a representative sample of 200 RCTs published in core medical journals, we found 

more than 90% (187) of the trials explicitly reported whether MPD occurred or not. 

Approximately 80% (163) of the trials reported substantial MPD with a median of 11.4% 
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and interquartile ranges 2.5 to 22.6%.  Among the 163 trials explicitly reporting MPD, 

trialists did not specify how their primary analysis dealt with MPD in 16 (9.8%) trials.  

Of 147 trials reporting approaches to deal with MPD, 109 (67%) only analyzed only 

observed data. Of the remainder, trialists augmented data using a mixed effect model (10, 

6.1%), or replaced missing value using LOCF (9, 4.5%), multiple imputation (9, 4.5%), 

maximum likelihood (3, 1.8%), mean imputation (1, 2.0%), regression (1, 0.6%) or another 

method (4, 2.5%) to deal with MPD. Of the 163 trials with MPD, 18 (11.1%) discussed 

the implications of MPD regarding risk of bias, and 16 conducted sensitivity analysis to 

assess the impact of MPD for their primary analysis.  Using logistic regression, we found 

an association between reporting of funding and reporting of MPD, and between larger 

sample size and longer follow-up time and larger percentage of MPD. 

Part 2: Implications for trialists, methodologists and biostatisticians and journal 

editors 

Implications for trialists 

Trialists need to be consistent and explicit in reporting MPD at the outcome level and at 

the patients level. When trials have multiple follow-up times, specific reporting MPD at 

each follow-up is ideal. Omitting reporting MPD at the outcome level but only at patients 

level leaves the extent of MPD ambiguous. Trialists might consider applying strategies to 

minimize MPD and also plan strategies1 in the protocol as well as the methods section of 

the manuscript to deal with MPD since MPD is almost always inevitable.   
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Prior to choosing a method, observing the baseline characteristics and other covariates as 

well as the observed outcome would lead to making a more plausible assumption about 

missing mechanism and therefore guide trialists to choose a optimal method. For 

example, patients living in remote areas may drop out more frequently than patients who 

live in urban settings.  In such an instance, it is more likely that data are MAR2. If after 

considering possible associations between patient characteristics and missingness, the 

reason for MPD remains unclear, then the most plausible assumption would be NMAR2.  

 

Trialists may be wise to choose mixed models to deal with MPD rather than other 

methods irrespective of whether data is ignorable or non-ignorable. Trialists should avoid 

using LOCF. It might also be helpful to seek help from statisticians to select a specific 

approach within the categories of mixed model. When choosing methods for sensitivity 

analysis, trialist should justify their choice. Lastly, they should discuss the implication of 

MPD on risk of bias.  

Implications for methodologists and biostatisticians 

It is necessary for statisticians and methodologists to adhere to criteria for transparent and 

comprehensive reporting to reinforce the clarity and readability of simulation studies 

assessing performance of statistical methods to deal with continuous MPD in RCTs.  

Clear description facilitates readers' understanding and increases the reproducibility of 

such simulations. Moreover, high quality reporting discloses methodological weakness of 

the simulations, which ease the critical appraisal process and may lead to ultimate 

improvement in designs and conduct of future research.  
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Methodologists and statisticians need to be aware of the current available approaches to 

handling MPD and use the established terminology regarding the name of the methods. 

When researchers propose new statistical approaches, they should define the category in 

which the proposed method belongs. Other than considering using our proposed 14-

category classification, development of standard classification system might be helpful to 

ensure the consistency in the literature. Authors should provide the full name along with a 

clear definition of the method, as well as acronyms when applicable. Further research 

might be focused on exploring and comparing more superior approaches within one 

optimal performed category of method such as mixed model. Furthermore, establishing 

consensus criteria to assess the optimal performance of methods, as well as the 

procedures to investigate these criteria, is warranted.  

When statisticians recommend mixed model to deal with continuous MPD for trialists, 

they should consider the empirical evidence on simulation study sharing similar 

characteristics (missing mechanism, sample size, distribution of the data, etc). The 6 

simulation studies3-8 that assessed the performance of the mixed methods, as well as other 

simulation studies that compared mixed model with other categories of methods- will 

provide evidence on the selection of method. 

Methodologists need to scrutinize the extent of reporting, analytical approaches reported 

and conducted regarding MPD, as well as the sensitivity analysis conducted to examine 

the impact of MPD on RCTs when critically apprise the quality of individual RCTs. Our 

results showed an association between general poor reporting on funding with poor 
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reporting of MPD.  Future research exploring the impact of MPD on statistical important 

effect estimates may be interesting.  

Implications for journal editors 

Journal editors need to be aware of the potential limitation and poor reporting quality of 

simulation studies that deal with MPD.  It might be helpful to endorse and recommend 

that authors use a checklist to enhance the reporting quality to prevent publishing poorly 

reported simulation studies.  

Final remark 

This thesis has consistent findings on the extent of MPD with previous investigations on 

dichotomous MPD in RCTs9, and commonly applied strategies for MPD in the analysis in 

RCTs10. It created new knowledge synthesis on the reporting quality of simulation 

investigating methods to deal with continuous MPD for individual RCTs, optimal and 

inferior statistical methods for handling continuous MPD in RCTs that has systematically 

tested in simulation studies, and the reporting, analytical approached planned and 

conducted in RCTs.   
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