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100 systematic reviews that included a group level
meta-analysis with a statistically significant effect on a
patient important dichotomous efficacy outcome.

MAIN OUTCOME MEASURES

Median percentage change in the relative effect
estimate when applying each of the following
assumption (four commonly discussed but
implausible assumptions (best case scenario, none
had the event, all had the event, and worst case
scenario) and four plausible assumptions for missing
data based on the informative missingness odds ratio
(IMOR) approach (IMOR 1.5 (least stringent), IMOR

2, IMOR 3, IMOR 5 (most stringent)); percentage of
meta-analyses that crossed the threshold of the null
effect for each method; and percentage of meta-
analyses that qualitatively changed direction of effect
for each method. Sensitivity analyses based on the
eight different methods of handling missing data were
conducted.

RESULTS

100 systematic reviews with 653 randomised
controlled trials were included. When applying the
implausible but commonly discussed assumptions,
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WHAT IS ALREADY KNOWN ON THIS TOPIC

Missing data on the outcomes of participants in randomised controlled trials
might introduce bias in systematic reviews

To assess that risk of bias, the GRADE (grading of recommendations assessment,
development, and evaluation) working group recommends challenging the
robustness of the meta-analysis effect estimate by conducting sensitivity
analyses with different methods of handling missing data

WHAT THIS STUDY ADDS

Even when applying plausible assumptions to the outcomes of participants with
definite missing data, the average change in pooled relative effect estimate

is substantive, whereas almost a quarter (22%) of meta-analyses crossed the
threshold of the null effect

Systematic review authors should present the potential impact of missing
outcome data on their effect estimates and use this to inform their overall GRADE
ratings of risk of bias and their interpretation of the results
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the median change in the relative effect estimate
varied from 0% to 30.4%. The percentage of meta-
analyses crossing the threshold of the null effect
varied from 1% (best case scenario) to 60% (worst
case scenario), and 26% changed direction with the
worst case scenario. When applying the plausible
assumptions, the median percentage change in
relative effect estimate varied from 1.4% to 7.0%. The
percentage of meta-analyses crossing the threshold
of the null effect varied from 6% (IMOR 1.5) to 22%
(IMOR 5) of meta-analyses, and 2% changed direction
with the most stringent (IMOR 5).

CONCLUSION

Even when applying plausible assumptions to the
outcomes of participants with definite missing
data, the average change in pooled relative effect
estimate is substantive, and almost a quarter (22%)
of meta-analyses crossed the threshold of the null
effect. Systematic review authors should present the
potential impact of missing outcome data on their
effect estimates and use this to inform their overall
GRADE (grading of recommendations assessment,
development, and evaluation) ratings of risk of bias
and their interpretation of the results.

Introduction

Despite efforts to reduce the occurrence of missing
outcome data in clinical trials,' this is still common.
Across six methodological surveys the percentage of
randomised controlled trials with missing outcome
data ranged from 63% to 100%,>’ and the average
proportion of participants with missing outcome data
among trials reporting missing data ranged from 6%
to 24%.® Among 235 randomised controlled trials
with statistically significant results published in
leading medical journals, one in three lost statistical
significance when making plausible assumptions
about the outcomes of participants with missing
data.? Another study comparing different approaches
to modelling binary outcomes with missing data in
an alcohol clinical trial yielded different results with
various amount of bias depending on the approach
and missing data scenario.’

The extent of missing outcome data in randomised
controlled trials contributes to the risk of bias of
meta-analyses involving those trials. Additional
factors that might bias the results of meta-analysis
include the methods used by contributing randomised
controlled trials to handle missing data and the
transparency of reporting missing data (for each arm
and follow-up time point). To explore the impact on
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risk of bias, the GRADE (grading of recommendations
assessment, development, and evaluation) working
group recommends conducting sensitivity analyses
using assumptions regarding the outcomes of patients
with missing outcome data.’® A recent empirical
comparison of bayesian modelling strategies for
missing binary outcome data in network meta-analysis
found that using implausible assumptions could
negatively affect network meta-analysis estimates.!
No methodological study has yet assessed the impact
of different assumptions about missing data on the
robustness of the pooled relative effect in a large
representative sample of published systematic reviews
of pairwise comparisons.

One challenge when handling missing data is the
lack of clarity in trial reports on whether participants
have missing outcome data.'?> We recently published
guidance for authors of systematic reviews on how
to identify and classify participants with missing
outcome data in the trial reports.”> The Cochrane
Handbook acknowledges that attempts to deal with
missing data in systematic reviews are often hampered
by incomplete reporting of missing outcome data by
trialists."* A recent methodological survey among 638
randomised controlled trials reported that the median
percentage of participants with unclear follow-up
status was 9.7% (interquartile range 4.1-19.9%),% and
that when authors explicitly reported not following-
up participants, almost half did not specify how they
handled missing data in their analysis.

We assessed risk of bias associated with missing
outcome data in systematic reviews with two interven-
tions by quantifying the change in effect estimate
when applying different methods of handling missing
outcome data; examining how these methods alter
crossing the threshold of the null effect of pooled effect
estimates; qualitatively changing the direction of effect;
and exploring the potential effect on heterogeneity of
each of these approaches.*

Methods

Design

This study is part of a larger project examining
methodological problems related to missing data in
systematic reviews and randomised controlled trials.*®
Our published protocol includes detailed information
on the definitions, eligibility criteria, search strategy,
selection process, data abstraction, and data analysis.'”
In the appendix (supplementary table 1), we present
deviations from the protocol and the rationale for these
deviations.

We defined missing data as outcome data for trial
participants that are not available to authors of
systematic reviews (from the published randomised
controlled trial reports or personal contact with the
trial authors).

In the current study, we collected a random sample
of 50 Cochrane and 50 non-Cochrane systematic
reviews published in 2012 that reported a group level
meta-analysis of a patient important dichotomous
efficacy outcome, with a statistically significant effect
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estimate (the meta-analysis of interest).!® We used the
term original pooled relative effect to refer to the result
of the meta-analysis as reported by the systematic
review authors. For the individual trials included in
the meta-analyses of interest,® we abstracted detailed
information relevant to the statistical analysis and
missing data and conducted sensitivity meta-analyses
based on nine different methods of handling missing
data. Our outcomes were the median change of effect
estimates across meta-analyses; the percentage of
meta-analyses that crossed the threshold of the null
effect with each of these methods; the percentage of
meta-analyses that changed direction of effect; and the
change in heterogeneity associated with each of the
methods.

Identifying participants with missing data

Since publication of our protocol, we published a
guidance for authors of systematic reviews on how to
identify and classify participants with missing outcome
data in the trial reports depending on how trial
authors report on those categories and handle them
in their analyses (table 1)."> The guidance includes a
taxonomy of categories of trial participants who might
have missing data, along with a description of those
categories (supplementary table 2). The categorisation
reflects the wording used in trial reports—that is, the
presentation faced by systematic review authors.
We used this guidance to judge the outcome data
missingness of categories of participants who might
have missing data (ie, whether they have definite,
potential, or no missing data).

Data abstraction

Eleven reviewers trained in health research methodology
abstracted the data independently and in duplicate.
The reviewers met regularly with a core team (EAA, LAK,
BD, and AD) to discuss progress and challenges and
develop solutions. We used a pilot tested standardised
data abstraction form hosted in an electronic data
capture tool, REDCap.!” All reviewers underwent calib-
ration exercises before data abstraction to improve
reliability, and a senior investigator served as a third
independent reviewer for resolving disagreements.

From each eligible meta-analysis we abstracted the
original (published) pooled relative effect—that is,
pooled relative effect measure (relative risk or odds
ratio) and the associated 95% confidence interval, the
analysis model used (random effects or fixed effect),
and the statistical method used for pooling data (eg,
Mantel-Haenszel, Peto).

For each study arm in the randomised controlled
trials, we abstracted the numbers of participants
randomised, events, participants with definite missing
data (according to the suggested guidance on identify-
ing participants with missing data'?®), and participants
with potentially missing data.

Data analysis
SPSS statistical software, version 21.0 was used to

conduct a descriptive analysis of study characteristics
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Table 1 | Judging missingness of outcome data on the basis of reporting and handling of categories of participants who

might have missing data

Categories of participants

Participants explicitly reported as followed-up, participants who died during the trial,

participants belonging to centres that were excluded

Judgment of outcome
data missingness

Definitely not missing data

Participants explicitly reported as not followed-up, and participants with unclear follow-up status and who

Definite missing data

were excluded from the denominator of the analysis (ie, complete case analysis) or were included in the
denominator of the analysis and their outcomes were explicitly stated to be imputed

Participants with unclear follow-up status (eg, included in the denominator of the analysis and their

outcomes were not explicitly stated to be imputed)

Potential missing data

Participants with definite or potential missing data

Total possible missing data

of eligible systematic reviews and the associated
randomised controlled trials.'® For categorical varia-
bles, we report frequencies and percentages, and
for continuous variables that were not normally
distributed, we use medians and interquartile ranges.

To explore the robustness of pooled effect estimates
reported by systematic reviews, we conducted several
sensitivity analyses based on nine different methods
of handling missing data, using Stata software release
12%° (see table 2):

e Complete case analysis'®?°

e Four implausible but commonly discussed
assumptions: best case scenario, none of the
participants with missing data had the outcome,
all participants with missing data had the
outcome, and worst case scenario.

e  Four plausible assumptions using increasingly
stringent values for informative missing odds
ratio (IMOR) in the intervention arm.?! 22 IMOR
describes the ratio of odds of the outcome among
participants with missing data to the odds of the
outcome among observed participants. In other
words, to obtain the odds among participants
with missing data, the odds is multiplied among
the observed participants with a stringent value
(ie, 1.5, 2, 3, and 5). We chose an upper limit
of 5 as it represents the highest ratio reported
in the literature. One study used a community
tracker to evaluate the incidence of death
among participants in scale-up programmes of
antiretroviral treatment in Africa who were lost to
follow-up.? 2* The study found the mortality rate
to be five times higher in patients lost to follow-
up compared with patients who were followed up.
We did not use an IMOR of 1 because it provides
the same effect estimate as the complete case
analysis.

Naive single imputation methods falsely increase
precision by treating imputed outcome data as if they
were observed, whereas IMORs (or pattern mixture
models in general), by imputing risks, increase
uncertainty within a trial to deal with the fact that
data have been imputed. Imputing events consists
of including participants with missing data in the
denominator and making assumptions about their
outcomes in the numerator. This approach might lead to
imputing several events as if they were fully observed,
leading to possibly problematic narrower confidence
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intervals than would be the case. To correct for this,
methodologists have developed methods that account
for uncertainty associated with imputing missing
observations using statistical approaches.?! 22 %" The
command “metamiss” in Stata integrates uncertainty
within its calculation®® ?° (see statistical notes in
appendix for further details).

We did not consider the nature of outcomes (positive
versus negative) during the conduct of the sensitivity
analyses best case and worst case scenarios. Instead,
we focused in the sensitivity analyses on challenging
the effect estimates against the null value when the
best case scenario shifts the effect estimate away from
the null value of 1 and the worst case scenario shifts the
effect estimate towards the null value of 1 (irrespective
of whether the outcome is positive or negative).

Our analytical approach was executed in one
command (metamiss®® 2°) of Stata release 12'° for
each sensitivity analysis. Firstly, we recalculated
each meta-analysis of interest, for all 100 systematic
reviews, using each method to deal with missing
outcome data to generate different sensitivity analysis
pooled effects along with the corresponding 95%
confidence intervals. We used the same relative effect
measure (relative risk or odds ratio), the same analysis
model (random effects or fixed effect), and the same
statistical method (eg, Mantel-Haenszel, Peto) as the
original meta-analysis of interest. Secondly, across
all included meta-analyses and for each method, we
explored the impact of the revised meta-analysis for
several outcomes:

Change in relative effect estimate

To quantify the percentage change in relative effect
estimate between the sensitivity analysis pooled effect
estimate (assumption) and the sensitivity analysis
pooled effect estimate (complete case analysis), we
applied the formula (fig 1; see statistical notes in
appendix for further details).

We calculated specifically the percentage of meta-
analyses with change of relative effect estimate (by
direction) between the sensitivity analysis pooled effect
estimate (assumption) and the sensitivity analysis
pooled effect estimate (complete case analysis) and
the median and interquartile range for the change
in relative effect estimate (stratified by direction of
change).

This relative change could be an increase or a
reduction in effect. For example, a relative increase
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Table 2 | List and description of different methods of handling missing outcome data

Method of handling
missing data

Complete case analysis

Handling participants with missing data in the numerator and denominator

Intervention arm
Numerator excluded

Denominator excluded

Control arm
Numerator excluded

Denominator excluded

Implausible but commonly
discussed assumptions:

Best case scenario*

Assumed that all had a
favourable outcome

Denominator included

Assumed that all had an
unfavourable outcome

Denominator included

None of the participants with
missing data had the outcome

Assumed that none
had the outcome

Denominator included

Assumed that none
had the outcome

Denominator included

All participants with missing
data had the outcome

Assumed that all
had the outcome

Denominator included

Assumed that all
had the outcome

Denominator included

Worst case scenariot

Assumed that all had an
unfavourable outcome

Denominator included

Assumed that all had a
favourable outcome

Denominator included

Plausible assumptions¥:

IMOR 1.5 IMOR 1.58§ Denominator included  IMOR 1 Denominator included
IMOR 2 IMOR 2§ Denominator included  IMOR 1 Denominator included
IMOR 3 IMOR 3§ Denominator included  IMOR 1 Denominator included
IMOR 5 IMOR 5§ Denominator included  IMOR 1 Denominator included

IMOR=informative missing odds ratio

*When applying best case scenario, it was ensured it challenges the relative effect by shifting it away from the null value of no effect (see statistical notes

in appendix section 3).

tWhen applying worst case scenario, it was ensured it challenges the relative effect by shifting it closer to the null value of no effect (see statistical notes

in appendix section 3).

£The “metamiss” command?® 26

was used to implement the IMOR assumptions in Stata.

§These calculations are applied when the relative effect is less than 1. When a relative effect is greater than 1, the values for the IMOR are flipped
between the intervention and control arm whereby it is 1 for the intervention arm. For example, when an original relative effect is greater than 1, the
IMOR value for the intervention arm would be 1 and that of the control arm would be 5.

in relative risk of 25% for the sensitivity analysis
pooled effect estimate (worst case scenario) over the
sensitivity analysis pooled effect estimate (complete
case analysis) implies that for a relative risk of 0.8 with
complete case analysis, the relative risk for the worst
case scenario would be 1, and for a relative risk of 1.6
with complete case analysis, the relative risk for the
worst case scenario would be 1.2.

Crossing the threshold of the null effect

For the analysis of the percentage of meta-analyses
for which the sensitivity analysis pooled relative
effect (assumption) crossed the threshold of the null
effect compared with the sensitivity analysis pooled
relative effect (complete case analysis), we restricted
the sample to the meta-analyses that did not cross the
threshold of the null effect under the complete case
analysis method.

Changing direction of pooled relative effect

In the analysis of the percentage of meta-analyses for
which the sensitivity analysis pooled relative effect
(assumption) changed direction compared with the
sensitivity analysis pooled relative effect (complete
case analysis), the direction could change from
favouring the intervention to favouring the control or
vice versa. For this analysis, we restricted the sample
to the meta-analyses that crossed the threshold of the
null effect under the complete case analysis method.

Sensitivity analysis pooled relative effect (assumption)—sensitivity analysis pooled relative effect (CCA)
x

We reproduced the analyses for outcomes when
crossing the threshold of the null effect and when
changing direction, comparing the sensitivity analysis
pooled relative effect to the original pooled relative
effect. In addition, we conducted all the analyses
twice: first considering participants with definite
missing outcome data, then considering participants
with total possible missing outcome data (see table
1). In addition, we explored how heterogeneity varies
across the different methods.

Patient and public involvement
As this project concerns methodology, no patients or
public were involved.

Results

Study characteristics of included meta-analyses

We previously reported on the details of the 100
eligible systematic reviews'® and the 653 randomised
controlled trials they considered.®Table 3 summarises
the characteristics of the 100 included systematic
reviews and the corresponding meta-analyses. Most
reported on a drug related outcome (61%) and a non-
active control (55%), assessed a morbidity outcome
(56%), reported an unfavourable outcome (73%), used
the risk ratio (61%), and applied a fixed effect analysis
model (57%) and Mantel-Haenszel statistical methods
(77%). The median number of randomised controlled
trials per meta-analysis was 6 (interquartile range 3-8).

100

Sensitivity analysis pooled relative effect (CCA)

Fig 1 | Formula to quantify percentage change in relative effect. CCA=complete case analysis

4
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Eight meta-analyses included randomised controlled
trials that reported no missing data.

Missing data in randomised controlled trials

The results of 400 of the 653 randomised controlled
trials (63%) mentioned at least one of the predefined
categories of participants who might have missing
outcome data. Among those 400 trials, the total
median percentage of participants with definite
missing outcome data was 5.8% (interquartile range
2.2-14.8%); 3.8% (0-12%) in the intervention arm
and 3.4% (0-12%) in the control arm. The median
percentage of participants with potential missing
outcome data was 9.7% (4.1-19.9%) and with total
possible missing data was 11.7% (5.6-23.7%). Only
three trials provided a reason for missingness (eg,
missing at random).

Change in relative effect estimate

Figure 2 shows the change in the relative effect estimate
between the sensitivity analysis pooled effect estimate
(assumption) and the sensitivity analysis pooled effect
estimate (complete case analysis), when considering
participants with definite missing data.

Table 3 | General characteristics of included systematic reviews and the meta-analyses
(n=100). Values are numbers (percentages) unless stated otherwise

Characteristics Estimate
Median (interquartile range) No of randomised controlled trials in each meta-analysis 6 (3-8)
Type of intervention:

Drug 61 (61.0)

Surgery or invasive procedure 24 (24.0)

Other 15 (15.0)
Type of control:

Active: drug 21(21.0)

Active: surgery or invasive procedure 18 (18.0)

Non-active: no intervention, standard of care, placebo, or sham 55 (55.0)

Other 6 (6.0)
Outcome category:

Mortality 21(21.0)

Morbidity 56 (56.0)

Patient reported outcomes 23 (23.0)
Favourability of outcome*:

Favourable 27 (27.0)

Unfavourable 73 (73.0)
Mean (SD) duration of outcome follow-up (months) 12.5(23.1)
Effect measures reported:

Risk ratio 61 (61.0)

0dds ratio 39 (39.0)
Analysis model:

Random effects model 43 (43.0)

Fixed effect model 57 (57.0)
Statistical methods:

Mantel-Haenszel 77 (77.0)

Inverse variance 4 (4.0)

Peto 7 (7.0)

Other 7 (7.0)

Not reported 5 (5.0)
Reported handling method:

Complete case analysis 2 (2.0)

Assuming no participants with missing data had the event 3 (3.0

Assuming all participants with missing data had the event 2(2.0)

Not reported 93 (93.0)

*Whether outcome was negative (eg, mortality) or positive (eg, survival).
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For the four implausible but commonly discussed
assumptions, the percentage of meta-analyses with an
increased relative effect estimate (shifted away from
the null value of 1) was 91% for the best case scenario
assumption, 25% for the assumption that none of the
participants with missing data had the event, and 17%
for the assumption that all participants with missing
data had the event. The median increase in the relative
effect estimate ranged from 0% for the worst case
scenario assumption to 18.9% (interquartile range
6.8-38.9%) for the best case scenario assumption.
The percentage of meta-analyses with reduced relative
effect estimates (shifted closer towards the null value
of 1) was 90% for the worst case scenario assumption,
38% for the assumption that none of the participants
with missing data had the event, and 75% for the
assumption that all participants with missing data had
the event. The median reduction in the relative effect
estimate ranged from 0% for the best case scenario
assumption to 30.4% (interquartile range10.5-77.5%)
for the worst case scenario assumption.

For the plausible assumptions based on the IMOR,
the percentage of meta-analyses with an increased
relative effect estimate was 85% for the least stringent
assumption (IMOR 1.5) and 88% for the most stringent
assumption (IMOR 5). The median reduction in relative
effect estimate ranged from 1.4% (0.6-3.9%) for the
IMOR 1.5 assumption to 7.0% (2.7-18.2%) for the
IMOR 5 assumption. The appendix presents the details
of the percentage change in the relative effect estimate
when considering participants with total possible
missing data (supplementary results C), and stratified
by whether the estimate is less than or greater than
1 under the complete case analysis, using either
definite missing data or total possible missing data
(supplementary results D table 3).

Crossing the threshold of the null effect and change
of direction
Of the 100 meta-analyses, 87 did not cross the
threshold of the null effect under the complete case
analysis method. Figure 3 shows the number of meta-
analyses that crossed the threshold of the null effect
when comparing the sensitivity analysis pooled
relative effect (assumption) with the sensitivity analy-
sis pooled relative effect (complete case analysis) for
each assumption and considering participants with
definite missing data. For the four implausible but
commonly discussed assumptions, the percentage
of meta-analyses that crossed the threshold of the
null effect ranged from 1% (best case scenario and
none of the participants with missing data had the
event) to 18% (all participants with missing data
had the event) to 60% (worst case scenario). For the
plausible assumptions based on IMOR, the percentage
of meta-analyses that crossed the threshold of the null
effect ranged from 6% (least stringent assumption
IMOR 1.5) to 22% (most stringent assumption
IMOR 5).

The percentage of meta-analyses that changed
direction with the two extreme assumptions was
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Meta-analyses (%)

M Closerto 1

N
o
o

80
60
40
- 1h L

0
0
Best None AII Worst IMOR
case had had case
scenario event event scenario
Closer to 1: median (interquartile range)
2.5 13.5 30.4 1.4
(1.0-7.3) (3.0-39.2) (10.5-77.5) (0.6-3.9)
Away from 1: median (interquartile range)
18.9 1.6 0.9 - -
(6.8-38.9) (0.8-3.5  (0.3-2.1)

No change ™ Away from 1

IMOR IMOR IMOR
Definite missing data
2.4 4.0 7.0
(1.0-6.8) (1.7-11.7) (2.7-18.2)

Fig 2 | Change in relative effect estimate (by direction) between the sensitivity analysis pooled effect estimate (assumption) and the sensitivity
analysis pooled percentage of meta-analyses effect estimate (complete case analysis) when considering participants with definite missing data.
Coloured bars represent the percentage of meta-analyses with change in relative effect estimate (by direction). Numerical values represent the
median (interquartile range) for increase and decrease in relative effect estimate (=100, respectively. IMOR=informative missing odds ratio

26% for the worst case scenario and 2% for the most
stringent assumption IMOR 5.

The appendix presents the results of meta-analyses
that crossed the threshold of the null effect’ and
changed direction when participants with total possible
missing data were considered® (supplementary results
A), and when the sensitivity analysis pooled relative
effect (assumption) was compared with the original
pooled relative effect (supplementary results B).

Change in heterogeneity

Figure 4 shows the change in heterogeneity across
the different methods of handling missing data when
considering participants with definite missing data. The
median I? for the original pooled relative effect was 0%
(interquartile range 0-42%) and for the complete case
analysis was 3.6% (0-47%). For the four implausible
but commonly discussed assumptions, the median
I? ranged from 0.4% (none of the participants with
missing data had the event) to 20.3% (all participants
with missing data had the event) to 29% (best case
scenario) to 58.6% (worst case scenario). For the
plausible assumptions based on IMOR, the percentage
of meta-analyses that crossed the threshold of the
null effect ranged from 2.4% (least stringent assump-
tion IMOR 1.5) to 4.4% (most stringent assumption
IMOR 5).

Discussion

In the current study, we quantified the change in the
effect estimate when applying different methods of
handling missing data to the outcomes of participants
with definite missing data. When applying plausible
assumptions to the outcomes of participants with
definite missing data, the median change in relative

effect estimate was as high as 7.0% (interquartile
range 2.7-18.2%). When applying implausible but
commonly discussed assumptions, the median change
in the relative effect estimate was as large as 30.4%
(10.5-77.5%).

We also examined how different methods of handling
missing data alter crossing the threshold of the null
effect of pooled effect estimates of dichotomous
outcomes. Even when applying plausible assumptions
to the outcomes of participants with definite missing
data, almost a quarter (22%) of meta-analyses crossed
the threshold of the null effect. When applying
implausible but commonly discussed assumptions,
the percentage of systematic reviews that crossed the
threshold of the null effect was as high as 60% with the
worst case scenario.

Strengths and limitations of this study

In this study we assessed the effect of using different
assumptions (both commonly discussed and more
plausible) on a large number of published meta-
analyses of pairwise comparisons targeting a wide
range of clinical areas. Strengths of our study include
a detailed approach to assessing participants with
missing data, and accounting for participants with
potential missing data in our analyses. We used
two statistical approaches to assess the risk of bias
associated with missing outcomes: change in effect
estimate and crossing the threshold of the null effect.
Although the approach of crossing the threshold of the
null effect has been criticised as the basis for decision
making,?® we used it to assess the robustness of the
meta-analysis effect estimate (ie, when conducting
sensitivity meta-analyses using different methods of
handling missing data). We are confident that if results
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Fig 3 | Results of meta-analyses that crossed the threshold of null effect when
considering participants with definite missing data and comparing the sensitivity

analysis pooled relative effect

(assumption) with the sensitivity analysis pooled

relative effect (complete case analysis) (n=87 systematic reviews that did not cross the
threshold of null effect under the complete case analysis method). IMOR=informative

missing odds ratio

cross the threshold of the null effect, the certainty in
evidence should be rated down owing to risk of bias.
The change in effect estimate approach has its own
limitation in interpretation (cut-off for topic specific
minimally important difference that would vary across
a wide range of topics and outcomes).

A limitation of our study is that we considered only
dichotomous outcome data; methods for handling
missing continuous data are different and our findings
might not be generalisable to systematic reviews of
continuous outcomes.” 3° OQur sample consisted of
systematic reviews that were published in 2012 and
these might not reflect more current reviews; however,
recent surveys have found that the reporting, handling,
and assessment of risk of bias in relation to missing
data has not improved over the date of our search.’
3133 For further confirmation that current practice is
unlikely to have changed, we assessed the reporting
and handling of missing data in a sample of recently
published systematic reviews. To make our selection
of a sample of systematic reviews reproducible, we
ordered systematic reviews published from January

100

8

o

6

Meta-analyses (%)
o

4

o

2

o

2020 in the chronological order of their publication
and selected the first 15 that met our eligibility criteria.
Then we applied the same methodology stated in the
methods section to assess the reporting and handling
of missing data in the 15 eligible meta-analyses. As
with the 2012 sample of systematic reviews reported
on here, most of the systematic reviews published in
2020 did not explicitly plan (in the Methods section)
to consider any category of missing data (60%), did
not report (in the Results section) data for any category
of missing data (67%), did not report the proportion
of missing data for each trial and for each arm (67%),
did not explicitly state a specific analytical method for
handling missing data (80%), and did not provide a
justification for the analytical method used to handle
missing data (100%).

Another limitation was our focus on systematic
reviews with statistically significant results. Although
this prevented us from assessing the change in effect
estimate for meta-analyses with non-statistically
significant results, it allowed us to focus on reviews
that are more likely to influence clinical practice.

We acknowledge the possible superiority of using
the random IMOR over fixed IMOR. However, the
variance or uncertainty increases as a function of the
proportion of missingness and the variance of the
IMOR parameter.' 2° Hence, uncertainty increases even
with fixed IMORs although to a smaller extent. Fully
introducing uncertainty to IMORs by using random
IMOR (although it was not feasible for this study) would
exaggerate our results. Specifically, we would expect a
further increase in the proportion of meta-analyses in
which the confidence interval would cross the line of
no effect and thus lose statistical significance, larger
within study variance, and further downgrading of the
certainty of the evidence. Hence, the switch to random
IMOR would only reinforce the inferences from our
work that we already make.

Interpretation of findings

Experience and acceptance for using plausible
assumptions is growing as a result of face validity.'* >*
The advantage of the IMOR approach is that it

mn

Original Complete Best All None Worst IMOR IMOR IMOR IMOR
case case had had case 5
analysis scenario event event scenario

Definite missing data

Fig 4 | Change in heterogeneity (1% across different methods of handling missing data. IMOR=informative missing

odds ratio
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provides a tool for review authors to challenge the
robustness of effect estimates by applying increasingly
stringent assumptions.” > This approach allows the
review authors to choose the IMOR value or range
of values based on their clinical judgment or expert
opinion. Only if the effect estimate is robust to the
most conservative and plausible scenario can it be
concluded that the evidence is at low risk of bias from
missing data without additional sensitivity analyses.
The selection of the assumptions about missing data
should be determined a priori with researchers blinded
to the extent of missing data in the included trials
to avoid data dredging. Thus we should rate down
for missing data when it might change inferences.
Inferences could be that treatment is of benefit (versus
not of benefit) or that treatment achieves an important
benefit. That would require a threshold of minimal
clinically important difference and a check to see
if the threshold was crossed initially and then after
accounting for minimal clinically important difference.
We could not do that unless we knew the minimal
clinically important difference.

Almost a quarter (22%) of meta-analyses crossed
the threshold of the null effect when we used a
conservative approach to test robustness (ie, applying
plausible assumptions to the outcomes of participants
with definite missing data). When using the same
conservative approach, up to a quarter of meta-
analyses had a change of at least 18% in their relative
effect estimates (based on the 75" centile for IMOR 5,
see median and interquartile range of IMOR 5 in fig
2). These findings mean that a substantive percentage
of meta-analyses is at serious risk of bias associated
with missing outcome data. Findings such as these
should lead systematic review authors to rate down
the certainty of evidence for risk of bias. Our results
highlight the importance of minimising missing data
for clinical trials®® 3¢ by better reporting and handling
of missing data.®®3’

With the two assumptions that all participants with
missing data had the event and none of the participants
with missing data had the event, the size and direction of
the confidence intervals are unpredictable; sometimes
the effect estimate is shifted closer to 1 and sometimes
away from 1. Thus, these assumptions are not helpful
for challenging the robustness of the effect estimate.
By design, the effect estimate using the best case
scenario assumption is shifted in the opposite direction
of challenging the robustness and should not be used
for that purpose. The worst case scenario consistently
challenges the robustness of the effect estimate as it is
shifted towards the null effect, but the implausibility
of its underlying assumptions makes it a poor choice
for sensitivity analyses. If the effect estimate is robust
to the worst case scenario it can be concluded that
the evidence is at low risk of bias from missing data,
without proceeding with further sensitivity analyses.

As for the change in heterogeneity, since with the
implausible but common assumptions, the size and
direction of the confidence intervals are unpredictable,

RESEARCH

consequently the change in I° was observed to be
unpredictable. As for the plausible assumptions, since
uncertainty is taken into account, confidence intervals
tend to be wider and more overlapping, leading to low
I? values. Future studies might need to study whether
a certain change in I in a sensitivity analysis is worth
rating down the certainty of evidence as a result of
inconsistency.

Conclusion and implications

The findings of this study show the potential impact of
missing data on the results of systematic reviews. This
has implications when both the risk of bias associated
with missing outcome data is assessed and the extent
of missing outcome data in clinical trials needs to be
reduced.

Systematic review authors should present the
potential impact of missing outcome data on their effect
estimates and, when these suggest lack of robustness
of the results, rate down the certainty of evidence
for risk of bias. For practical purposes, authors of
systematic reviews might wish to use statistical
software that allows running assumptions about
missing data (eg, Stata). As for users of the medical
literature, a rule of thumb on how to judge risk of
bias associated with missing outcome data at the trial
level is needed. This would account for factors such as
percentage of missing data in each study arm, the ratio
of missing data to event rate for each study arm (ie,
the higher the ratio, the larger the change), fragility of
statistical significance (ie, borderline significance), the
magnitude of the effect estimate (ie, the larger the effect
estimate, the smaller the change), and the duration of
follow-up (ie, the longer the duration of follow-up, the
higher the percentage of missing data).

We acknowledge that assessing the impact of missing
data with crossing the threshold of the null effect
might be insensitive. Thus, when using this approach
and the threshold of null effect is crossed, then rate
down the certainty for risk of bias associated with
missing data. If threshold of null effect is not crossed, it
might be valuable to then evaluate the change in effect
estimate to assess whether the relative effect goes from
an important to an unimportant effect. If the latter
happens, then rate down the certainty for risk of bias
associated with missing data. However, the judgment
of whether the change in effect estimate is clinically
significant requires using minimal clinically important
difference, which varies by clinical question. Thus,
it would be ideal to reproduce this study in specific
subjects of medical science with clearly defined
minimal clinically important differences and using
random IMOR instead of fixed IMOR.

Future research could also validate some of the
findings of this study. For example, this study could
be reproduced using individual participant data meta-
analyses and findings compared with the current study.
In addition, individual participant data meta-analyses
would allow testing other imputation methods, such as
multiple imputations.
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