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n recent study fromSalmonet al reported inThe Journal, the
investigators assessed the association between clinical cho-
rioamnionitis and neurodevelopmental disorders at 5 years

of age in children bornpreterm.1The authors didnot find a sig-
nificant association between the 2 variables based on epidemi-
ological study on small gestational ages (EPIPAGE 2), a
national, population-based cohort study of children born
before 35 weeks of gestation in France in 2011.1 In the database
used by the authors, there is a high missing rate (41%) of the
primary outcome variable ‘neurodevelopmental disorders’
and high missing rates (between 31.9% and 49.4%) of the sec-
ondary outcome variables (eg, ‘cerebral palsy at 5 years,’ ‘coor-
dination disorders,’ ‘cognitive impairments,’ and ‘behavioral
difficulties’). Rather than ignore the incomplete records the au-
thors conducted statistical analyses after multiple imputation
(MI) procedures were used, which has been regarded as an
effective method to reduce nonresponse bias.
Effect of Missing Data

The issue of missing data happens frequently in pediatric
research.Missingdatacanbeclassified into2types:unitnonre-
sponse and item nonresponse.2 Unit nonresponse happens
when respondents fail to answer a largeportionof survey items
whereas item nonresponse happens when respondents fail to
answer moderate or small portions of survey items. The
missingdatafoundintheEPIPAGE2isconsidereditemnonre-
sponse since participants still answered maternal, obstetrical,
and neonatal characteristics questions, even though they
missed questions related to the outcome variables. The pri-
mary outcome variable ‘neurodevelopmental disorders’ had
amissing rateof 41%and the secondaryoutcomevariables ‘ce-
rebral palsy at 5 years,’ ‘coordinationdisorders,’ ‘cognitive im-
pairments,’ and ‘behavioral difficulties’ had missing rates of
31.9%, 49.4%, 40.7%, and 40.5%, respectively. Literature sug-
gests that data sets containing 5% or less missing data are not
likely to benefit substantially from MI,3 while data sets with
more than 10%missing data will tend to produce biased esti-
mates if themissingdata are nothandledproperly.4 The extent
of nonresponse bias is contingent upon both the response rate
and the correlationbetween theunderlying responseprobabil-
ity (the probability of answering the survey question) and the
outcome variable of interest.5With such high rates of missing
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data, EPIPAGE 2may indicate a significant amount of nonre-
sponse bias.
Missing Mechanism

The reason for missing data, often referred to as the missing
mechanism, can be classified into 3 types: missing completely
at random (MCAR), missing at random (MAR), and not
missing at random (NMAR).2,6 MCAR refers to a type of
missing data mechanism in which the probability of a data
point being missing is unrelated to both observed and unob-
served data. For example, suppose missing height measure-
ments occurred because of a temporary malfunction in the
clinic’s electronic health record system. This malfunction
randomly affected a small proportion of the height measure-
ments, regardless of the children’s actual heights or any other
characteristics. This scenario illustrates MCAR in a pediatric
context. MAR is a type of missing data mechanism in which
the probability of a data point being missing depends only on
observed data and not on the unobserved data. For example,
in a study on toddlers’ language development, researchers
collect data on vocabulary growth by assessing spoken word
counts over time. However, some toddlers may refuse to partic-
ipate in 1 session, likely due tomood or behavior. Thesemissing
data, related tomood or behavior, can be accounted for in anal-
ysis, exemplifying data MAR. NMAR refers to a type of missing
data mechanism in which the probability of data being missing
is related to the unobserved data itself, even after accounting for
the observed data. For example, imagine a study tracking the
effectiveness of a new medication for children with asthma.
During follow-up appointments, children who experience se-
vere side effects from the medication are less likely to return
for subsequent visits. Consequently, their data on symptom
improvement becomes increasingly sparse over time compared
with those without side effects. In this scenario, themissing data
on symptom improvement are related to the severity of side ef-
fects, a factor not observed or easily accounted for in the anal-
ysis, making such an example of data NMAR. In many real
world scenarios, it is difficult to ascertain whether data are
MCAR or NMAR. MAR provides a middle ground, that is,
often more plausible and pragmatic to assume, especially
when there is no clear evidence to support either MCAR or
NMAR. Overall, MAR offers a reasonable compromise between
handling missing data appropriately and maintaining practi-
cality in statistical analysis, which is why it is frequently used
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in practice. In their study, Salmon et al adopted an MAR
assumption.1 Their imputation model encompassed variables
that could potentially predict nonresponse as well as those pre-
dicting outcomes. They incorporated a diverse array of predic-
tors into the model to uphold the MAR assumption during
imputation and to enhance the reliability of the imputed results.

Handling Missing Data in Practice

In practice, methods for handling missing data include list-
wise deletion, pairwise deletion, single imputation,
maximum likelihood, and MI.7 Listwise deletion (cases
with any missing values are entirely excluded) and pairwise
deletion (available case analysis or case-wise deletion) may
lead to biased results since they ignore cases with missing
values in the analysis. Single Imputation is not recommended
since it fails to capture the variability (uncertainty) due to
imputation. Maximum likelihood can be used as an alterna-
tive method to the MI method. It is a statistical approach
finding the best fitting model parameters that explain the
observed data, even when some values are missing. MI, how-
ever, is one of the most effective tools for handling missing
data in practice due to its flexibility for handling different
data types, availability of computational software, and its
ability to capture the variability (uncertainty) due to imputa-
tion. It can also ensure that different analysts produce consis-
tent results after statistical analysis. Salmon et al used MI in
their analysis due to the fact that multiple outcome variables
were missing simultaneously.1 In this case, MI can be used to
build the joint model for multiple outcome variables and
provide imputed data so that researchers can conduct
different types of analysis with consistent results.

MI

MI is a statistical technique used to handle missing data by
generating multiple sets of plausible values for the missing
data based on the observed data and statistical models.8 The
process involves creating multiple complete data sets, each
containing different imputed values for the missing data,
and then analyzing each data set separately to obtain param-
eter estimates. The results of the separate data sets are com-
bined to produce overall estimates with their accompanying
standard errors. MI is often preferred over single imputation
methods because it provides more accurate, reliable, and less
biased estimates.MI is widely used in various fields, including
epidemiology, pediatrics, and clinical research, wheremissing
data are common but simply ignoring themissing items or us-
ing ad hoc imputation methods may lead to biased results.

Number of Imputations

The number of imputations in MI refers to how many sepa-
rate data sets with imputed values are created to handle
missing data. Choosing the appropriate number of imputa-
tions is important as it affects the accuracy and reliability
of the imputation process. While there is no strict rule of
2

thumb for determining the number of imputations, a com-
mon guideline is to use at least 20 imputations. Some re-
searchers may choose more or fewer depending on the
complexity of the data set and the amount of missing data.
Increasing the number of imputations generally leads to
more precise estimates but also requires more computational
resources. Salmon et al generated 50 imputed data sets to
ensure good efficiency and reliability of their estimates.1
Rubin Rules

Rubin rules, named after Donald Rubin who is a pioneer in
missing data statistical methodologies, are a set of principles
used to combine the results obtained from analyzing multiple
imputed data sets into overall parameter estimates and standard
errors.8 These rules allow for the appropriate incorporation of
uncertainty introduced by the imputation process into the final
analysis. By applying Rubin rules, researchers can obtain valid
and efficient inferences from multiple imputed data sets while
properly accounting for the uncertainty introduced by the
missing data. These rules are widely used in practice to ensure
the reliability of results in MI analyses. Rubin rules were used
by Salmon et al to conduct statistical inference (eg, generating
ORs and their 95%CIs) of the association between clinical cho-
rioamnionitis and neurodevelopmental disorders at 5 years of
age in children born preterm.1 In this case, 50 ORs and 50 cor-
responding variances of ORs were first calculated separately
based on 50 imputed data files. Then the average of 50 ORs
was used as the final combined estimate for the OR. The final
SE of the OR was calculated based on combining the within
imputation variance (average of 50 variances of ORs) and be-
tween imputation variance (variance of 50 ORs).
Evaluation of MI

Evaluating the performance of MI involves assessing the quality
of the imputed values and the impact of the imputation on the
results of subsequent analyses. Some common approaches to
evaluate the performance of MI include: 1. comparison with
complete data analysis (after deleting missing values); 2. assess-
ment of imputation models (check model assumptions and
fitting); or 3. sensitivity analysis (assess the robustness of the re-
sults to different model assumptions or imputation methods).
By employing these approaches, researchers can assess the per-
formance ofMImethods and ensure the reliability of results ob-
tained from analyzing imputed data sets. Assessment of
imputation models in 2 above can be conducted by computing
the model fitting statistics including Akaike information crite-
rion, Bayesian information criterion, area under the receiver
operating characteristic curve, and concordance index. Salmon
et al conducted sensitivity analysis by comparing the MI results
with complete data analysis.1 The presence of clinical chorioam-
nionitis did not show an association with moderate-to-severe
neurodevelopmental disorders in the complete cases analysis.
Consequently, sensitivity analyses yielded results consistent
with those of the main analysis by using MI.
Chen and Anderson



September 2024 STATISTICS, EXPLAINED
Interpretation of the Study Findings

In the paper by Salmon et al, a comprehensive set of predictors
was used to construct the imputationmodel, serving to validate
the assumption of MAR.1 Following the MI process, analyses
revealed that neither the crude associations nor the adjusted as-
sociations, considering gestational age at birth alone or with
additional covariates such as household socioprofessional cate-
gory, mother’s country of birth, mother’s level of education,
smoking, multiple pregnancy, maternal obesity, and preterm
premature rupture of membranes, yielded statistically signifi-
cant results in relation to the primary and secondary outcome
variables. These findings remained consistent with those ob-
tained from the complete data analysis. n
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