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T

hrough a series of “Understanding Clinical Research” articles, Annals aims to help nonstatisticians
assess the implications of analytic methods used in research. These articles use illustrations from published
studies to identify questions that are critical to understanding particular methods and appropriate interpretation of ﬁndings. This installment addresses the issue
of missing data due to dropout (for the deﬁnition of this
and other terms used in the article, see the Glossary)—a
common problem that can affect the validity of trial
ﬁndings. Several analytic methods exist to handle this
problem; each has assumptions that require explicit
statement and consideration (see the Table).

THE EXAMPLE
A randomized, controlled trial sought to determine
whether adding spinal manipulative therapy to home
exercise and advice would reduce short- and long-term
back-related leg pain (1). The study randomly assigned
192 patients to either spinal manipulation with home
exercise or home exercise alone over 12 weeks. Spinal
manipulation therapy included up to 20 visits with a
chiropractor, and home exercise included 4 visits to
teach positioning, stabilization exercises, and posture
awareness.
The primary outcomes were patient-reported backrelated leg pain at 12 and 52 weeks, measured using
an 11-point scale. The researchers found that spinal
manipulation provided a clinically important advantage
over home exercise at 12 weeks (between-group difference, ⫺1.0 point [95% CI, ⫺1.9 to ⫺0.2 point]) but not
at 52 weeks (between-group difference, ⫺0.7 point [CI,
⫺1.5 to 0.2 point]). Most of the trial's prespeciﬁed
secondary outcomes also improved with spinal manipulation at 12 weeks, but only global improvement, satisfaction, and medication use showed sustained improvement at 52 weeks.

HOW MUCH DROPOUT OCCURRED? WHY AND
WHEN DID IT HAPPEN? IN WHICH STUDY
GROUP?
To understand the implications of dropout on results from randomized trials, readers should carefully
examine the extent, timing, and sources of dropout. In
this study, 1 participant in the home exercise group was
lost to follow-up and did not provide outcomes at 12
weeks. Thirteen participants (8 in the home exercise
group and 5 in the combined therapy group) were lost
to follow-up and did not provide outcomes at 52
weeks. Most dropped out between their week-12 and
week-26 visits. Reasons for dropouts were unclear.

HOW WERE THE MISSING OUTCOMES
HANDLED IN THE ANALYSIS? WHAT
ASSUMPTIONS WERE MADE?
The researchers analyzed data using a mixedeffects regression model, a method that utilizes all observed data. The model provides valid results as long
as missing data follow a missing-at-random framework
(2– 6). Data are missing-at-random if they depend on
other information collected during the trial, such as patient characteristics, previous outcomes, or other assessments. Despite its potentially confusing name,
“missing-at-random” means that any systematic differences between missing and observed data can be explained by other information collected during the trial.
The assumption that missingness is conditional on
known values is then used in regression models to predict missing outcomes.
One alternative for handling missing data might
have been to exclude the 13 participants with missing
52-week outcomes from the analysis. This kind of
complete-case analysis assumes that data are missingcompletely-at-random (2– 6). This assumption holds
when there is no relationship between the likelihood of
missing and observed or unobserved data (that is,
missing information results from a purely random process and missing and observed data have similar distributions). Common examples of this include technician
error or machine malfunction.
Another tempting but ﬂawed alternative would
have been to “ﬁll in” missing 52-week pain scores with a
single value (such as a patient's pain score at baseline
or at their last visit before dropping out, or the mean
pain scores of patients who did not drop out). This application of single imputation makes strong assumptions that the 52-week pain scores are known with certainty in those who dropped out. It can lead to bias in
either direction and always understates variance, with P
values that are too small and CIs that are too narrow
(2– 6).

WERE THE ASSUMPTIONS ABOUT THE MISSING
DATA CLINICALLY PLAUSIBLE?
Because the missing-at-random framework assumes that the tendency of data to be missing does not
depend on missing values, analyzing trial results under
this assumption is reasonable when little is known
about the reasons for dropout. If the researchers had
instead made the unlikely assumption that the data
were missing-completely-at-random and performed
a complete-case analysis, they could have biased
their results. Similarly, single imputation would have
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Glossary
Complete-case analysis: Analysis where participants with missing
outcomes are excluded. Also referred to as a completers analysis.
Dropout: In a clinical trial, refers to a situation where a participant does
not attend a scheduled visit and all subsequent study visits. Also
referred to as withdrawal, attrition, or loss to follow-up.
Informative missing: Missing data that arise from a missing-not-at-random
mechanism.
Missing-at-random (MAR): Mechanism for missing data whereby
missingness is related to other observed data and the missing values
can be predicted on the basis of what has been observed.
Missing-completely-at-random (MCAR): Mechanism for missing data
whereby missingness is purely random and is not related to any
observed or missing data.
Missing-not-at-random (MNAR): Mechanism for missing data whereby
missingness is nonrandom and informative of the future outcomes.
Mixed-effects model: Type of regression model that properly handles
repeated measurements from participants over time, includes all
observed data, and does not require complete data from all
participants.
Multiple imputation: Method for handling missing data where an
imputation model is used to ﬁnd imputed values for the missing items
to produce a “complete” data set; the imputation is repeated multiple
times, producing many imputed data sets, and each data set is
analyzed; and appropriate procedures are then used to combine
results in order to ﬁnd estimates that have correct variance estimates.
Multiple imputation may be done under missing-at-random or
missing-not-at-random scenarios.
Noninformative missing: Missing data that arise from a missingcompletely-at-random or missing-at-random mechanism.
Single imputation: Ad hoc methods for handling missing data where
missing values are assumed to equal ﬁxed values (such as the baseline
value, the last value observed, or the mean for the treatment group)
and the “complete” data set is then analyzed. Estimates found using
single imputation methods are subject to bias and have variance
estimates that are too low because the analysis treats the ﬁxed values
as if they had been observed.

overstated statistical signiﬁcance and imposed very
speciﬁc—and likely incorrect—assumptions about the
missing outcomes.
However, mixed-effects regression models are not
a panacea. In this study, for example, suppose that the
patients who dropped out before 52 weeks had lower
pain scores than those who did not drop out, and that
their scores at 52 weeks could not be anticipated on
the basis of prior measurements or observed covariates. In such a scenario, missing data would be informative because the likelihood of dropout is associated
with the future outcome. The unknown reasons for
dropout (for example, effective pain reduction from spinal manipulation) would provide critical information for
estimating the true treatment response that is not accounted for by a missing-at-random assumption. When
dropout is informative, missing data follow a missingnot-at-random mechanism; comparison of pain scores
Table. Key Questions for Assessing the Reporting and
Handling of Missing Data Due to Dropout

using mixed-effects regression models in that situation
could be biased (2– 6).
Unfortunately, there is no way to test whether data
are missing-at-random or missing-not-at-random. Instead, researchers should explore the effect of different
assumptions about missing data by conducting sensitivity analyses under various informative missingness
scenarios (2–7).

WERE SENSITIVITY ANALYSES DONE TO SHOW
HOW ROBUST RESULTS WERE TO CHANGES IN
ASSUMPTIONS ABOUT THE MISSING DATA? IF
SO, DID THEY TARGET MEANINGFUL
SCENARIOS FOR THE MISSING DATA?
The researchers reported 5 sensitivity analyses
(Figure). They chose to perform the sensitivity analyses
using multiple imputation (8), one of many possible approaches (2, 4 –7). For each analysis, they ﬁrst used observed data and applied a missing-at-random assumption to create 20 sets of imputed data, which they
analyzed to ﬁnd a set of 20 results. They then combined
the results to ﬁnd appropriate estimates of variance.
This kind of multiple imputation approach avoids the
problem of overstated statistical signiﬁcance that exists
with single imputation. The results from this multiple
imputation model were very close to those from the
mixed-effects regression model because both assumed
data were missing at random.
Next, given the clinical plausibility that patients
with less leg pain were more likely to drop out than
those who remained in the study, the researchers performed 4 additional sensitivity analyses. These analyses
used multiple imputation to generate an imputed score
before subtracting a range of small but plausible
amounts (0.1, 0.2, 0.3, and 0.4 point) from the 11-point
pain score. Across the spectrum of these assumptions,
results were similar to those from the primary analysis,
suggesting that the results were robust to a set of

Figure. Plot of results from the primary and sensitivity
analyses in Table 1 and Appendix Table 1 of Bronfort
and colleagues' study (1).
Between-Group Difference (95% CI) in Leg Pain Score at Week 52
Primary analysis
Multiple imputation (MAR)
Assume pain score 0.1 point lower in dropouts
Assume pain score 0.2 point lower in dropouts
Assume pain score 0.3 point lower in dropouts
Assume pain score 0.4 point lower in dropouts
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How much dropout occurred? Why and when did it happen? In which
study group?
How were the missing outcomes handled in the analysis? What
assumptions were made?
Were the assumptions about the missing data clinically plausible?
Were sensitivity analyses done to show how robust results were to
changes in assumptions about the missing data? If so, did they target
meaningful scenarios for the missing data?
Annals.org

Less pain with spinal More pain with spinal
manipulation
manipulation

The primary analysis used a mixed-effects model under an MAR
assumption. Sensitivity analyses were conducted using multiple imputation under the following assumptions: missing outcomes were
missing at random, and missing pain scores were 0.1, 0.2, 0.3, or 0.4
point lower than expected under an MAR framework. MAR =
missing-at-random.
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assumptions about informative missing outcomes
(Figure).
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CONCLUSION
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single method can be universally applied to every
study. However, an approach that begins with an analysis based on a missing-at-random assumption about
missing data, with additional sensitivity analyses to explore the effect of clinically plausible deviations from
that assumption, is generally advised. The questions
outlined here can help clinicians and peer reviewers
assess how researchers have handled and reported
missing data and their possible effect on trial results.
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