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A scoping review of item-level missing data in within-trial cost-effectiveness analysis 

 

Abstract 

Introduction: Cost-effectiveness analysis (CEA) alongside randomised controlled trials (RCTs) often relies on self-

reported multi-item questionnaires which are invariably prone to missing item-level data. The purpose of this study 

is to review how missing multi-item questionnaire data are handled in trial-based CEAs. 

Methods: We searched the National Institute for Health Research (NIHR) journals to identify within-trial CEAs 

published between Jan 2016 and Apr 2021 using multi-item instruments to collect costs and quality-of-life (QoL) 

data. Information on missing data handling and methods, with a focus on the level and type of imputation, was 

extracted. 

Results: Eighty-seven trial-based CEAs were included in the review. Complete case analysis or available case 

analysis (CCA/ACA) and multiple imputation were the most popular methods, selected by similar numbers of 

studies, to handle missing costs and QoL in base-case analysis. However, CCA/ACA dominated sensitivity analysis. 

Once imputation was chosen, missing costs were widely imputed at item level via multiple imputation, while 

missing QoL was usually imputed at the more aggregated time point level during the follow-up via multiple 

imputation. 

Conclusion: Missing costs and QoL tend to be imputed at different levels of missingness in current CEAs alongside 

RCTs. Given the limited information provided by included studies, the impact of applying different imputation 

methods at different levels of aggregation on CEA decision-making remains unclear. 
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Introduction 

Cost-effectiveness analysis (CEA) is routinely performed alongside randomised controlled trials (RCTs) using 

individual-level outcome data for both cost and effectiveness measures that are collected at specific time points 

throughout the study follow-up. CEA data are typically based on self-reported multi-item questionnaires (e.g. EQ-

5D1) and almost inevitably are partially observed due to some individuals not fully completing the questionnaires, at 

least at some time points2,3.  

 

Due to the multi-item structure of the questionnaires and the longitudinal design of studies, missing data in CEAs 

present an inherent three-level hierarchy (see Appendix Figure 1): (1) missing costs or quality-of-life (QoL) items, 

(2) missing questionnaires at specific time points, i.e. missing costs, QoL values or utility scores at some time point 

during the follow-up and (3) missing total costs or effectiveness (e.g. quality-adjusted life years or QALYs) 

measures. As CEAs nearly invariably aggregate information collected by questionnaires at several time points to 

create cross-sectional summaries (e.g. QALYs), the application of missing data methods at the aggregated level may 

ignore valuable information at the disaggregated level (i.e. questionnaire items) as well as the possibility that some 

participants may be unwilling to complete specific items4.  

 

Standard methods for missing data and their application at item-level for clinical outcomes have been widely- 

established5–9.  Suitable missing data approaches should allow plausible assumptions about the underlying 

mechanism responsible for missingness, which according to Rubin’s taxonomy10 can be categorised into three 

general classes: missing completely at random (MCAR), missing at random (MAR), and missing not at random 

(MNAR). Since MCAR is generally recognised as an overly restrictive assumption10, it has been widely suggested 

that MAR (broadly speaking assuming that the missingness mechanism depends only on observed data) should be 

considered as the base-case assumption in many situations. In addition, MNAR, (i.e. assuming missingness depends 

also on unobserved values) is usually explored as a sensitivity analysis scenario to assess the impact of departures 

from MAR on the results. Multiple imputation (MI)11 is the current gold standard approach which produces unbiased 

estimates under MAR12 while also providing a flexible framework for inferences under MNAR13. Recent studies 

recommended MI as the reference method to handle missing item-level data7,14. MI at item-level can outperform 

imputation at score-level (i.e. the level of missing questionnaires at some time point) in terms of bias, particularly 
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when only items, not complete questionnaires, are missing14–16. However, the benefits of performing MI for item-

level missingness have not always been recognised17. 

 

The situation is more worrying in CEAs with respect to the standard statistical analysis of clinical outcomes as item-

level imputation may require accommodating the typical complexities of the data, e.g. the fact that resource use 

measures are often categorical and contain more zero values than total costs18. However, such structure has not been 

fully reflected in current methodological work and it remains unclear how missing items could be handled in the 

context of CEAs: Simons et al (2015) assessed the performance of imputing QoL items and scores with MI under 

MAR, and concluded that the decision on the aggregation level of imputation should depend on sample size and 

missing data pattern15. A full economic evaluation based on simulation found that imputation is more precise and 

accurate at the disaggregated level than aggregated level when only item-level missingness occurs 19 . A practical 

guidance on how missing data in CEA alongside trials should be handled pointed out that both costs and QALYs 

could be imputed at aggregated and disaggregated levels but failed to make further recommendations20. Several 

reviews on missing data in trial-based CEAs have also been conducted and recognised a wider use of complete case 

analysis than other missing data methods21–23, although Gabrio et al (2017) observed a shift toward MI in more 

recent years22. A general limitation of these reviews is that they have mostly focussed on missing data at the 

aggregated level, therefore potentially ignoring item-level missingness. Thus, we review existing trial-based CEAs 

to understand the real-world picture of missing items in CEAs with multi-item questionnaires, by exploring how 

missing data are addressed and focussing on how imputation is performed at different levels.  

 

Methods 

Literature search 

We performed a bibliographic search in May 2021 of the five journals in the National Institute for Health Research 

(NIHR) Journals Library (https://www.journalslibrary.nihr.ac.uk/#/), i.e. Efficacy and Mechanism Evaluation, 

Health Services and Delivery Research, Health Technology Assessment, Programme Grants for Applied Research 

and Public Health Research. The NIHR journals were chosen based on the assumption that their publications 

contained more detailed description than those from other medical journals because the journals allow much more 

space to report analysis details in CEAs and could be considered as a reference for the typical methods used in 
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routine trial-based CEAs. As a result, the analysis was mainly based on UK-funded research. The search was 

undertaken using search terms “cost effective” and “trial”. We excluded terms for missing data in the search strategy 

to avoid missing studies that did not incorporate them in their abstracts. To extend and complement the time frame 

covered by previous reviews, we targeted studies that were published between Jan 2016 and Apr 2021. 

Methodological or evidence synthesis studies were not considered, but no further restriction was applied to research 

type, disease area or programmes.  

 

Inclusion and exclusion criteria 

The eligibility of each study was assessed first by title and abstract and then by full text. We included studies that 

were within-trial CEAs, had individual-level costs and QoL data, and collected data using multi-item instruments. 

We excluded review or qualitative studies, phase I trials, pilot studies, and feasibility studies. We did not set any 

language limitation. Any discrepancy was discussed and resolved by all authors. 

 

Data extraction 

A data extraction form was developed to record information from each included study. The information extracted 

included: journal, year of publication, study design, type of economic evaluations (i.e. CEA, cost-benefit analysis 

(CBA), cost-utility analysis (CUA) and cost-consequence analysis), perspective, time horizon of economic 

evaluations, data collection methods, the number of data collection points, the number and proportion of complete 

cases by treatment arms, missing data methods in the base-case analysis, and missing data methods in the sensitivity 

analysis. For studies that adopted more than one economic perspective, we only kept results related to the health 

sector perspective (in the UK, it would be the UK NHS and Personal Social Services) to facilitate comparison 

between studies. 

 

When both base-case analysis and sensitivity analysis were performed, their results were recorded and compared. 

Base-case analysis was defined as the primary analysis with both costs and QoL outcomes. If more than one analysis 

had been performed, we considered the one that had been reported first as the real base-case analysis and assumed 

the others to be part of the sensitivity analysis. Sensitivity analysis was defined as any alternative method to address 
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the uncertainty due to the missing data. If multiple non-primary analyses had been conducted, they were all treated 

as sensitivity analyses. 

 

The data extraction tables were created using Microsoft Excel Version 16.42 and all the extracted information was 

summarised using R version 4.0.3. Supplementary materials and relevant economic analysis published in non-NIHR 

journals for each study were checked, and information of interest was recorded to supplement the original NIHR 

reports. 

 

Analysis 

The extracted information was compared across studies. First, we investigated the extent of missing data, 

distinguishing between the type of missing data method. We focused on the proportion of missingness reported for 

the time point and instrument used in base-case analysis. We grouped missing data methods into six categories: (1) 

Complete case analysis or available case analysis (CCA/ACA): CCA focused on participants with complete costs 

and QoL data, while ACA included participants whose costs or QoL were available and performed the analysis for 

the two outcomes separately10,20; (2) Single imputation: it included but was not limited to mean and median 

imputation24, hot and cold deck imputation10, last value carried forward25 and computing prorated scale scores26; (3) 

Multiple imputation (MI): this was used to label any type of MI method; (4) “Unspecified imputation” referred to 

studies that imputed missing data but did not provide enough information to identify the method; (5) “Composite 

methods” described those that dealt with missing data with a combination of different approaches, for instance, 

applying mean imputation at baseline and then MI at some later time point, or using single imputation at item level 

before performing MI at more aggregated levels; (6) “Unclear”: it described situations where no information on 

missing data was given in the publication. 

 

Second, we compared the methods used to handle missing costs and QoL in base-case and sensitivity analysis. 

Comparisons of missing data methods that were made were as follows: (1) costs- and QoL-specific methods in the 

base-case analysis; (2) costs- and QoL-specific methods in the sensitivity analysis; (3) the base-case and sensitivity 

analysis methods for costs; and (4) the base-case and sensitivity analysis methods for QoL.    
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Finally, we focussed on the level at which imputation methods were employed to handle missingness. Missing data 

methods were categorised following the three-level hierarchy (from the most aggregated to the most disaggregated): 

(1) total costs or QALYs; (2) total costs, QoL values or utility scores at each time point during the follow-up; (3) 

costs items, including resource use count, cost categories, and cost components, and QoL (utility) items. When 

imputation was performed at multiple levels (such as single imputation for items and then MI at the level of time 

point), studies were counted multiple times. 

 

 

Results 

Study identification 

A total of 244 records were identified, of which 102 met at least one of the exclusion criteria and were thus 

discarded. Out of the remaining 142 records that have been screened by full-text, 55 were excluded as they failed to 

satisfy all the inclusion criteria and one was also excluded as the analysis had not been completed by the time of this 

review. Finally, 86 articles met the eligibility criteria and were included in the analysis (see Appendix Figure 2). 

There was one article that reported two trials. Because they both had their own economic evaluations, they were 

considered as two independent studies. As a result, 87 studies were analysed in this review. 

 

General characteristics 

Out of 87 included studies, 82 were CUA. The time horizon of 56 economic evaluations was within one year. 

Thirty-five studies fully relied on multi-item questionnaires to collect cost data while thirty-six obtained cost 

information from different sources. The most common instrument to measure QoL was EQ-5D (n=71). More studies 

reported the number of data measurements and presented a longitudinal data structure for QoL than costs. Details of 

general characteristics are listed in Table 1. 

 

Table 1. General characteristics of the 87 included studies 

 Number of Studies Percentage 

Journal   
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 Number of Studies Percentage 

  Efficacy and Mechanism Evaluation 3 3.4% 

  Health Services and Delivery Research 5 5.7% 

  Health Technology Assessment 74 85.1% 

  Public Health Research 5 5.7% 

Year of publication   

  Jan – Apr. 2021 2 2.3% 

  Jan – Dec. 2020 10 11.5% 

  Jan – Dec. 2019 11 12.6% 

  Jan – Dec. 2018 15 17.2% 

  Jan – Dec. 2017 28 32.2% 

  Jan – Dec. 2016 21 24.1% 

Study design in RCTs   

  2x2 factorial design 2 2.3% 

  Cluster 11 12.6% 

  Stepped-wedge 1 1.1% 

  Head-to-head individual 73 83.9% 

Type of economic evaluations*   

  Cost consequence analysis 12 13.8% 

  CEA 35 40.2% 

  CUA 82 94.3% 

Costs data collection methods   

  Case report 2 2.3% 

  Electronic medical records 2 2.3% 

  Multi-item questionnaires 35 40.2% 

  Multiple sources 36 41.4% 

  Unclear§ 12 13.8% 

QoL data collection methods   



   
 

 8 

 Number of Studies Percentage 

  ADQoL 1 1.1% 

  AQoL-4D 1 1.1% 

  CHU-9D 5 5.7% 

  EQ-5D 71 81.6% 

  SF-12 3 3.4% 

  SF-36 1 1.1% 

  Multiple questionnaires 5 5.7% 

Number of costs data measurements   

  Cross-sectional† 3 3.4% 

  Longitudinal 76 87.4% 

  Unclear‡ 8 9.2% 

Number of QoL data measurements   

  Cross-sectional† 2 2.3% 

  Longitudinal 84 96.6% 

  Unclear‡ 1 1.1% 

 

ADQoL = Atopic dermatitis quality of life; AQoL-4D = Assessment of quality of life; CEA = cost-effectiveness 

analysis; CHU-9D = Child health utility 9D; CUA = cost-utility analysis; EQ-5D = EuroQol-5 Dimensions; QoL = 

Quality of life; RCT = randomised controlled trial; SF-12 = Short form questionnaire-12 items; SF-36 = Short form 

questionnaire-36 items. 

*39 studies performed multiple analyses. 

§Data were labelled as unclear when the data collection methods were not clearly stated in the original studies. 

†Data were labelled as cross-sectional when they were collected once only at the end of follow-up. 

‡Data were labelled as unclear when the number of data measurements were not clearly stated in the original 

studies.  
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Description of missing data 

Thirty-six and forty-four CEAs reported the proportion of cases with missing costs and QoL data respectively. The 

median proportion for missing costs was 36.7% and the median for missing QoL was 35.7%.     

 

Figure 1 shows the proportion of missing data categorised by outcome and base-case missing data method. Studies 

with CCA/ACA generally had lower missing data proportions than those with MI or composite methods in the base-

case analysis. All studies using CCA/ACA for costs and nearly all those using the same method for QoL have a 

proportion of missing data no larger than 50.0%. The extent of missing data was greater in studies that used MI or 

composite methods: the highest proportion of missing costs was 76.0% and 73.4% respectively while the highest 

proportion of missing QoL were 63.5% and 77.2%. Most studies with a proportion of missing data higher than 

50.0% were found to impute missing values.   

 

Figure 1. Proportion of missing costs and QoL by costs- or QoL-specific base-case missing data methods. ACA = 

Available cases analysis; CCA = Complete case analysis; Composite = Composite methods; MI = Multiple 

imputation; QoL = Quality of life. Note: none of these studies with single imputation alone for missing costs or QoL 
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reported the proportion of missingness; no study with unspecified imputation for missing costs provided proportion 

of missingness and only one study with unspecified imputation for missing QoL reported proportion of missingness 

(48.5%); one study with missing costs and three studies with missing QoL provided no information on missing data 

methods - the proportion of missing costs for the former was 23.1% while the median proportion of missing QoL for 

the latter was 19.8%. They were all excluded from the figure. 

 

Missing data methods 

Figure 2 compares costs- or QoL-specific missing data methods employed in the base-case and sensitivity analysis 

of the reviewed studies. Each sub-figure contains a “bubble plot” to describe the joint distribution of missing data 

methods and two bar plots to indicate their marginal distributions. The number of studies using corresponding 

methods is reflected by the area of each bubble and the height of each bar respectively. Most studies applied the 

same missing data methods for costs and QoL, as shown by large bubbles on the diagonal line in the figure: missing 

data were most widely handled by CCA/ACA (n=25/87, 28.7%) or MI (n=24/87, 27.6%) in the base-case analysis 

while CCA/ACA predominated sensitivity analysis (n=31/96, 32.3%), followed by MI (n=20/96, 20.8%). Costs and 

QoL also share the same most common combination of missing data methods used in base-case and sensitivity 

analysis – MI or CCA/ACA was primarily employed in the base-case while the other approach was used as the 

alternative. 
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Figure 2. Costs or QoL-specific missing data methods in base-case and sensitivity analysis. C/A = Complete case 

analysis or available case analysis; CM = Composite methods; MI = Multiple imputation; No = Not included in the 

sensitivity analysis; QoL = Quality of life; SA = Sensitivity analysis; SI = Single imputation; UI = Unspecified 

imputation. In each subfigure, the bubble plots count the number of studies with specific methods for costs or QoL 

in the base-case or sensitivity analysis. The area of these bubbles has been scaled to reflect the counts and bubbles 

on the red diagonal line present studies that use same methods for costs and QoL. Marginal plots on the top describe 

the use of methods on the horizontal axis while those on the right-hand side show the use of methods on the vertical 
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axis. Base-case analysis methods were summarised based on 87 reviewed studies. As eight of them performed 

multiple analyses in their sensitivity analyses and were counted more than once, there were 96 records in figures 

with regard to sensitivity analysis. “Unclear” refers to studies without information on how missing data have been 

handled; “No” represents studies where only costs or QoL was included in the sensitivity analysis while the other 

was excluded and labelled as “no”; “No SA” includes studies without sensitivity analysis. 

 

A few studies were also found to be inconsistent in their choice of missing data methods for costs and QoL, 

particularly in the base-case analysis. Although most studies imputed missing costs and QoL in the base-case 

analysis, costs were more likely to be imputed using composite methods than QoL. The wider use of composite 

methods in costs resulted in the difference between the most popular costs-specific and QoL-specific methods: 

CCA/ACA and MI were the most common approaches for costs, chosen by similar proportions of studies, while MI 

predominated other methods for QoL. The composite methods typically include MI: out of sixteen studies that used 

composite methods for costs, fifteen performed MI together with single imputation, while the remaining study 

limited the analysis to participants with complete costs at baseline but switched to MI at later time points27; out of 

four studies that applied composite methods for QoL, three performed MI and single imputation, while the last one 

also excluded participants with missing QoL at baseline and then imputed missing data via MI 28.  

 

Imputation methods at different levels 

We summarised the application of imputation methods at different levels based on the subset of 64 studies that 

carried out some form of imputation and reported aggregation levels. To obtain a larger sample size, we brought 

base-case and sensitivity analysis together which leads to a total sample of 79 analyses, including 51 base-case 

analyses and 28 sensitivity analyses. As shown in Figure 3, missing costs and QoL were widely imputed at different 

levels – missing costs were more likely to be imputed at item-level (n=49/79, 62.0%) while missing QoL tended to 

be imputed at some time point during follow-up (n=50/79, 63.3%). It was also more common to address missing 

data at multiple levels for costs (n=7/79, 8.9%) than QoL (n=2/79, 2.5%). All studies that imputed missing costs at 

multiple levels considered item-level imputation while all of those that imputed missing QoL at multiple levels 

included imputation at some time point.  
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Figure 3. Aggregation level of imputation for costs vs QoL in base-case and sensitivity analysis. Multiple = Multiple 

levels; NA = Not applicable. The bubble plot counts the number of studies that performed the imputation at specific 

aggregation levels for costs vs. QoL. The area of these bubbles has been scaled to reflect the counts. Marginal plot 

on the top describes the aggregation levels of imputation for costs in base-case or sensitivity analysis, while the one 

on the right-hand side shows the aggregation level of imputation for QoL. To obtain a large sample size, we 

combined base-case and sensitivity analysis from 64 studies that used imputation and provided information on 

aggregation levels together. As a result, the plot was made based on 79 analyses (base-case analysis: 51; sensitivity 
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analysis: 28). “Total” refers to imputation applied at the level of total costs or QALYs; “Time points” represents 

imputation at the level of some time points; “Items” means imputation at item-level; “Multiple levels” is used to 

describe imputation performed at multiple levels, for instance, some studies may first impute missing costs items 

and then impute total costs at some time points; “NA” refers to analysis that performed the imputation or reported 

the level of aggregations only for costs or QoL, and the other would be labelled as “NA”. 

 

Figure 4 compares the detailed imputation methods that have been used at different aggregation levels. Studies that 

performed imputation at multiple levels were counted multiple times (e.g. some studies may impute costs items first 

and then impute total costs at some time point). MI was predominantly applied at all three levels of imputation for 

missing costs. However, the popularity of single imputation and composite methods were comparable with that of 

MI when missing costs items were imputed. MI was chosen in more studies (n=22/56, 39.3%) than single 

imputation (n=17/56, 30.4%) and considered in 9 out of 17 (52.9%) studies with composite methods. Both single 

imputation and composite methods were dominated by mean imputation: it was used in 10 (58.8%) out of 17 studies 

with single imputation while performed in 12 (70.6%) out of 17 studies with composite methods. 

 

 

Figure 4. Imputation at different levels. Composite = Composite methods; MI = Multiple imputation; Single = 

Single imputation; QALY = Quality-adjusted life-years; QoL = Quality of life; Unspecified = Unspecified 

imputation. Seven studies imputed missing costs at multiple levels: three first performed the imputation at item 

level, then at the level of time points, while four did the imputation at item level first, then at the level of total costs; 

two studies imputed missing QoL at multiple levels: they both started with missing QoL at some time point and then 
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undertook the imputation at total QALYs. Therefore, there were 75 records for the aggregation levels of imputation 

for the costs and 62 for QoL. 

 

MI was once again the most popular method when imputation was performed at aggregated levels for QoL. All and 

most of the studies that imputed total QALYs and QoL at any time point applied the method (total QALYs: n=9/9, 

100.0%; QoL at some time points: n=39/52, 75.0%). Composite methods were also used to impute missing QoL at 

each time point (n=7/52, 13.5%), among which mean imputation and MI were chosen by the same number of studies 

as part of their combination of imputation techniques (n=5). Only one study undertook item-level imputation for 

QoL via mean imputation29. 

 

Impact of missing data 

Both cost-effectiveness planes (CEPs)30 and cost-effectiveness acceptability curves (CEAC)31 are essential to 

investigate the impact of missing data methods on cost-effectiveness results. However, only 11 of the 56 studies 

(19.6%) with sensitivity analysis provided a CE plane and a CEAC for both the base-case and sensitivity analysis. 

We focussed on these 11 studies to assess the impact of missing data methods on CEA results.  

 

Eight out of the eleven studies claimed their results were robust to different missing data methods and one of them 

performed two sensitivity analyses32. Seven studies used a combination of CCA and imputation techniques: one 

chose single imputation33, three performed MI34–36 and the other three applied composite methods32,37,38. Two studies 

used MI in both analyses: one included cases with completely missing utility information who were excluded in the 

base-case, and imputed missing values based on their baseline characteristics in the sensitivity analysis39; the other 

applied MI together with pattern mixture models under MNAR to test the impact of departure from the MAR 

assumption32.  

 

In the remaining three out of eleven studies, the cost-effectiveness of the intervention and control was found to be 

sensitive to missing data methods40–42. All the three studies imputed missing costs (two with composite methods and 

one with MI) and missing QoL (all with MI) in the base-case and undertook CCA in their sensitivity analyses. The 
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probability of the intervention being cost-effective at selected willingness-to-pay threshold was found to be lower in 

CCA than imputation in all the three studies.   

 

With the exception of the eleven studies above, there were two included studies that did not provide any plots but 

reported the uncertainty of performing imputation at different levels for either costs or QoL in their sensitivity 

analyses. The first study imputed missing resource use count, using mean imputation and MI as the base-case 

method, and explored the impact of imputation of missing cost categories43. The second study compared the impact 

of applying MI at the two most aggregated levels for QoL, i.e. QALYs and utilities at some time point. Both found 

the cost-effectiveness results were not sensitive to the level of imputation40.  

 

Discussion 

The main purpose of this review is to update the available evidence on how missing data have been addressed in 

within-trial CEAs and explore whether missingness is handled at disaggregated or aggregated level. We found that 

nearly as many analysts prefer the use of MI as simpler and less effective methods, e.g. CCA/ACA, in base-case 

analysis, although CCA/ACA predominates sensitivity analysis. When missing data were handle through 

imputation, missing costs were widely imputed at item-level by MI, but closely followed by single imputation and 

composite methods, while QoL was usually imputed at some time point during the follow-up by MI. Such 

inconsistency in terms of different imputation techniques for addressing missing costs and QoL implies that costs 

and QoL are handled separately in the imputation process, despite the fact that they may be analysed jointly. 

However, given the poor reporting about missingness at different levels and justifications for handling costs and 

QoL differently, it is difficult to make recommendations on how to apply appropriate imputation methods at suitable 

aggregation levels. 

 

Although a general preference towards MI has been observed compared to previous reviews21–23, we also found a 

considerable number of studies using CCA/ACA in their base-case analyses. The median proportion of participants 

with missing costs and QoL both exceeded 25% in those studies that applied CCA/ACA in the base-case. This 

violates the repeated emphasis in existing recommendations for handling missing data20,22,23,44. In the context of 

within-trial CEA with multi-item questionnaires, limiting the analysis to complete cases can be particularly 
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problematic as it discards information not only on participants with unobserved data at some time points but also on 

partly observed items from the same individual. This, in turn, may introduce bias in the results if participants or 

items included in the analysis are not a random subset of the study sample45. 

 

In both base-case and sensitivity analysis, MI was the most popular imputation method. Predictive mean matching is 

commonly used within multiple imputation with chained equations (MICE) to capture the non-normal nature of the 

outcomes46. Surprisingly, even though more studies imputed missing costs, fewer of them performed MI for costs 

compared to QoL. This again highlights the fact that missing costs and QoL tended to be handled independently, 

therefore ignoring the correlation between the variables (for instance, patients with worse health condition may 

consume more health care services and cause higher medical costs)47. In addition, we found that the most popular 

method in sensitivity analysis was either MI or CCA with the other used in the base-case, in accordance with 

previous findings23. This approach to sensitivity analysis has the downside of ignoring the possibility that 

missingness in self-reported questionnaires is associated with specific reasons for participants, such as the change in 

their health status which corresponds to a MNAR mechanism 48. Neither MAR nor MNAR can be tested from the 

data and only two out of 87 reviewed studies assessed the robustness of the results to MNAR using pattern mixture 

models with MI32,49. Given the extent of missing data in the included studies, the general lack of assessment of 

MNAR assumptions shows that awareness should be raised in terms of the appropriate assumptions and methods 

that need to be assessed in sensitivity analysis. 

 

When imputation was applied, costs were typically addressed at the most disaggregated level, i.e. cost items or count 

of resource use, using MI; QoL was commonly handled at the follow-up time points using the same method. 

Imputation at item-level can outperform imputation at aggregated level in terms of accuracy and precision, 

particularly with a high proportion of item nonresponse9,19,50,51. In the setting of CEAs, the imputation of costs and 

QoL at item-level could be preferable when missing resource use presents different missing patterns or missing QoL 

is due to missing items, and the impact of imputation at both aggregated and disaggregated level could be 

investigated as part of sensitivity analysis20. In this review, only two studies tested the robustness of the results 

based on imputation at different levels32,49. The lack of general reporting about the multi-item aspect of missing data 
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in trial-based CEAs makes it difficult to grasp the whole picture and determine the most appropriate level for 

imputation at this stage. 

 

To our knowledge, this is the first review that investigates the level of aggregation for imputation in trial-based 

CEAs. Our search was limited to NIHR journals and may not include all available CEAs in recent years. Therefore, 

this review was mainly based on UK-funded research. However, we believe publications in these journals provide 

essential details on missing data methods and enabled us to explore the practice of item-level imputation.  

 

Conclusion 

Improvements have been found in the application of missing data methods in within-trial CEAs in this review 

compared to previous reviews. Although a shift towards MI has been observed, there is a general lack of concern in 

the included studies about not only reporting and justifying appropriate missing data methods at a suitable level but 

also performing sensitivity analysis to a range of plausible missingness assumptions. Given the limited information 

available on the aggregation level of missing data in the included studies, it remains unclear how imputation 

methods applied at different levels of CEA data will influence decision-making. 
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