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Multiple imputation (MI) is a technique that can be used for handling missing data in
a public-use dataset. With MI, two or more completed versions of the dataset are
created, containing possibly different but reasonable replacements for the missing data.
Users analyse the completed datasets separately with standard techniques and then
combine the results using simple formulae in a way that allows the extra uncertainty
due to missing data to be assessed. An advantage of this approach is that the resulting
public-use data can be analysed by a variety of users for a variety of purposes, without
each user needing to devise a method to deal with the missing data. A recent example
for a large public-use dataset is the MI of the family income and personal earnings
variables in the National Health Interview Survey. We propose an approach to utilise
MI to handle the problems of missing gestational ages and implausible birthweight–
gestational age combinations in national vital statistics datasets. This paper describes MI
and gives examples of MI for public-use datasets, summarises methods that have been
used for identifying implausible gestational age values on birth records, and combines
these ideas by setting forth scenarios for identifying and then imputing missing and
implausible gestational age values multiple times. Because missing and implausible
gestational age values are not missing completely at random, using multiple imputa-
tions and, thus, incorporating both the existing relationships among the variables and
the uncertainty added from the imputation, may lead to more valid inferences in some
analytical studies than simply excluding birth records with inadequate data.
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Introduction

Accurate information on the length of pregnancy in
vital records is necessary for determining preterm
delivery rates, creating fetal growth curves, and other
programmatic and research purposes. Missing data
and inaccuracies have affected the utility of gestational
age information on the US Natality public-use datasets
produced by the National Center for Health Statistics
(NCHS) for some time.1,2 In the 2003 public-use file, for
example, approximately 1% of birth records have no
gestational age stated.2 In addition, analysts using the
NCHS public-use files often identify a small percent-

age of birth records with gestational age–birthweight
combinations that are deemed inconsistent;3–6 the
number flagged as inconsistent in an analysis depends
on the method of determination.

As infants whose birth records have implausible data
appear more likely to be high risk than infants with
complete and clinically plausible data7,8 – i.e. they are
not a simple random sample of the whole cohort –
simply deleting the implausible records may lead to
selection bias.9–11 A study of exclusion methods used
to address implausible gestational age, for example,
showed that although some associations were
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unaffected by record exclusion, gestation-specific rela-
tive risks of infant mortality for high-risk vs. low-risk
mothers varied considerably by method of exclusion.8

Furthermore, inasmuch as risk factor information is
available on birth records, retention of cases with
missing and implausible gestational age data could be
potentially useful for our understanding of high-risk
births.

Our paper focuses on the potential use of multiple
imputation (MI) for the problem of missing and inac-
curate gestational age data in the US Natality public-
use datasets. With MI, we propose to view the dual
issues of missing and inaccurate gestational age data
within the framework of a ‘missing data’ problem. We
do not suggest any modifications to current data
editing or imputation procedures for the public-use
datasets; rather, we propose an approach for handling
the missing and suspect gestational age values that
remain in the dataset after the current in-house editing
and imputation have been accomplished. The results of
the MI would reside in auxiliary public-use datasets,
separate from the original files.

This paper is organised as follows. First, we intro-
duce MI and provide examples where the method has
previously been applied to public-use datasets. Next,
we turn to implausible and missing gestational age
records, briefly describing some approaches for the
identification of possibly inaccurate records. Finally, we
combine these ideas and offer a proposed outline for
the creation of public-use analytical datasets with MIs
of gestational age.

Overview of multiple imputation

Imputation refers to assigning a value for each missing
observation, allowing the retention of all records in
analyses. This approach to missing data has additional
advantages. First, using the same approach to handling
missing data on public-use datasets provides consis-
tency across different scientific questions and objec-
tives, as well as across varying degrees of statistical
expertise and computing power. As a result, inferences
can be assessed in the context of different questions
and analytical approaches without the confusion that
arises from the different ways of handling missing
data. Another advantage of imputation for public-use
datasets is the potential for using information in the
imputation procedure that may not be available on the
public-use files, such as geographical detail. These
reasons, among others, led Rubin to conclude that

‘modelling the missing data must be, in general, the
data constructor’s responsibility’.12 In the case of
public-use US Natality files, the data constructor
would be the NCHS.

Many different approaches have been used to
impute missing data. For example, a rather naïve
approach replaces each missing value on a variable
with the variable’s overall mean. A more complicated
approach uses multiple regression equations estimated
from the set of observations with complete cases to
obtain predicted values for the missing observations.
Hot-deck imputation replaces each missing value with
that from a similar record (known as a donor case)
which has a valid reported value for the element of
interest. Currently, the NCHS imputes a small number
of gestational age values for the US Natality public-use
datasets using a hot-deck method when the month and
year of the last menstrual period (LMP) are present but
the day is missing.1,13

Little gave a detailed discussion of issues in creating
imputations for large datasets.14 Two major consider-
ations are that all observed values should be taken into
account to the extent possible, and that random draws
of the missing values from an appropriate distribution
should be used. If observed variables are not taken into
account, biases can occur to the extent that the missing
data depend on the variables. Replacing missing values
by point estimates (e.g. means or regression predic-
tions) rather than random draws can distort estimates
of quantities that are not linear in the data, such as
variances and correlations.

A primary disadvantage of single imputation, that is,
imputing only one value for each missing observation,
is that typically the imputed values are treated as if
they were true values in analyses, so that point esti-
mates, their estimated variances and subsequent infer-
ences do not adequately reflect the added uncertainty
due to the assignment of a plausible, yet not actual,
value for each missing datum. This is true even if
random draws are used and all observed values are
taken into account. MI is the assignment of two or
more values for each missing datum.11,12,15,16 The addi-
tional imputations, generally drawn at random from an
appropriate distribution, enable the incorporation of
the uncertainty of the imputation procedure into the
analysis. Often five imputations are sufficient for
adequate estimation.12

Creation of multiple, say 5, imputations for the
missing values results in 5 completed datasets. (The
values that are not missing stay constant across the 5
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datasets.) An analyst of the multiply imputed data
carries out the estimation procedure that would have
been used for complete data 5 times, once with each
completed dataset. The result is 5 point estimates and
their 5 estimated variances. The final MI point estimate
is just the average of the 5 point estimates, and the final
MI variance estimate is a simple combination of the
average of the 5 variance estimates and the variance of
the 5 point estimates. (The inclusion of a component
for the variance of the point estimates across imputa-
tions expresses the uncertainty due to missing data.)
Although an MI analysis can be carried out by entering
the results of the 5 analyses into a spreadsheet and then
using spreadsheet functions to implement the simple
rules for combining the 5 sets of results (or, alterna-
tively, by using a macro within the software package
that would be used for complete data), the procedure
can be cumbersome to apply. Fortunately, several
statistical software packages, including Stata,17

SUDAAN18 and SAS,19 have capabilities to analyse mul-
tiply imputed data more automatically.

In MI, each set of imputations for the missing values
in a dataset is ideally drawn from an approximate pre-
dictive distribution conditional on the observed values.
To implement this process, distributional parameters
are estimated from a statistical model developed using
observed data. The parameter estimates, in turn, can be
used to predict plausible replacement values for the
missing data. The model used for imputing the missing
data can be quite complicated, but the essential idea for
drawing a single set of imputations can be illustrated
with a simple example.

Consider a dataset of n cases and two variables, ges-
tational age Y and birthweight X, for which m cases are
missing gestational age data and n–m have complete
data. If we fit a simple linear regression model,
Y = b0 + b1 X + e, where e has a normal distribution
with mean 0 and variance s2, to predict gestational age
as a function of birthweight using the n–m cases with
complete data, we can create a set of imputations for
the m cases with missing gestational ages in two steps.
In the first step, values β0* , β1* and s*2 are drawn ran-
domly from the joint posterior distribution of the
regression parameters. (This can be approximated by
using a scaled inverse chi-square distribution for
drawing s*2 and a bivariate normal distribution for
drawing β0* and β1* given s*2.20)

In the second step, for each of the m cases with
missing gestational age, say case i, we impute the
missing value of Y using Y Xt i i* * * *= + +β β ε0 1 , where Xi

is the value of X for case i, and εi* is drawn from a
normal distribution with mean 0 and variance s*2. The
first step reflects the uncertainty due to the fact that the
imputation model was fitted to just a sample of data,
and the second step reflects the uncertainty given the
fitted model. To create multiple, say 5, imputations for
the missing values, the two-step procedure is repeated
independently 5 times.

Examples of multiple imputation for
public-use datasets

MI has been used to handle missing data in the context
of public-use files in a number of applications.16 In
addition to the need to retain the general-use charac-
teristic of national public-use datasets, these datasets
tend to be large and often have complex survey
designs, which complicate the creation of multiply
imputed files. In a recent multi-year project at the
NCHS, MIs were created for missing family income
and personal earnings data in the National Health
Interview Survey (NHIS). The NHIS is an annual
household interview survey designed to monitor the
health of the US population through the collection and
analysis of data on a broad range of health topics, tabu-
lated by a number of demographic factors. Information
from the NHIS, for instance, aids our understanding of
relationships between income and health, including
the health and health care of low-income populations.
However, in recent years, detailed family income
values have been missing for nearly one-third of
survey respondents.21,22

The creation of the imputed income files was com-
plicated by several factors, including information
having been collected at both the person and family
level, structural dependencies among the variables in
the survey (e.g. unemployed individuals have no earn-
ings), and the necessity of placing reasonable bounds
on the imputed values. Also, the predictor variables
used to create the imputations were of many types
(categorical, continuous, ordinal) and had small
percentages of missing values which needed to be
imputed as well. An iterative procedure based on
publicly available software (IVEware, available at
http://www.isr.umich.edu/src/smp/ive) was used to
create the MIs. Although imputations of several vari-
ables in the NHIS were created as part of the proce-
dure, and in-house geographical variables were used
in the models, only family income (and its ratio to the
Federal poverty threshold), employment status and
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personal earnings variables were released for public
use. Since the release of the imputed income files on
the Internet, several hundred downloads for data years
2002 and 2003 have been tallied (personal communica-
tion, Diane Makuc, NCHS).

An earlier application to a national health survey
was the MI of several variables in the Third National
Health and Nutrition Examination Survey (NHANES
III).23 The NHANES III MI research project began in
1992 when the NCHS assembled a team of expert stat-
isticians to evaluate different options for handling
missing data in the NHANES datasets. Over the next
several years, various imputations and simulations of
the NHANES III data files were evaluated.24 In 2001, a
public-use version of the file was released for research
purposes, with many key variables multiply
imputed.23,24 As with other in-house imputation efforts,
intended for public-use files, the NHANES III imputa-
tions were developed using detailed demographic and
geographical information unavailable to the general
public.

Additional MI applications for US public-use data
include handling missing data in the Survey of Con-
sumer Finances (SCF),25,26 calibrating industry and
occupation codes across censuses,27 and handling
missing blood alcohol test results in the Fatality Analy-
sis Reporting System.28 Public-use files from the SCF, a
survey conducted every 3 years by the U.S. Federal
Reserve Board, have been released with MIs for
missing data since the 1989 survey.26

Identification of implausible values for
gestational age

Like income in the NHIS, gestational age is an impor-
tant variable for assessing health disparities. Further-
more, its imputation for US Natality data is
complicated by several intrinsic factors, including
large and small differences in data availability among
States in this State-based data system. In the 2003
public-use dataset, for example, data were reported by
some States using the revised U.S. Standard Certificate
of Live Birth, while other States reported data using the
older certificate.2 As in other MI projects, relevant vari-
ables from the Natality dataset are in different formats
and are subject to their own missing values. However,
the biggest complicating factor in the imputation of
gestational age is the uncertainty about which records
need to be imputed due to implausible values.

As mentioned earlier and described more fully else-
where, the birthweight and gestational age relation-
ship identifies implausible couplings of the two
variables that suggest reporting error. For early gesta-
tional ages, birthweight appears to follow a bimodal
distribution, with the primary distribution centred on
a clinically reasonable birthweight and a secondary
distribution, to the right of the primary, with a mean
birthweight more consistent with higher gestational
ages. Less commonly, at higher gestational ages, the
mean birthweight is lower than would be expected
assuming monotonically increasing fetal growth, sug-
gesting probable misclassification of some term births
to post-term gestational ages. Although measurement
and reporting errors in birthweight, rather than gesta-
tional age, are possible for an individual birth record,
this scenario is deemed generally less likely than errors
in recorded gestational age, as birthweight is measured
and recorded at birth whereas LMP, the most com-
monly used measure of gestational age, is subject to
recall bias. The clinical estimate of gestation, used as
the recorded gestational age in approximately 5% of
records on the public-use Natality dataset, is subject to
other problems, including being inconsistently
obtained and reported.29

A variety of solutions have been proposed to
handle suspected inaccuracies in gestational age
reporting for birth records with unusually high or
low birthweights. Some solutions have been specifi-
cally applied towards a particular study question,
such as the creation of fetal growth curves3–5,30–33 or
the understanding of preterm delivery rates between
groups6,34 or over time.34,35 One general approach is to
define criteria for plausibility, excluding or reassign-
ing records that fall outside reasonable bounds.3,4,7 For
example, Zhang and Bowes used the assumption that
birthweight follows a normal distribution at each ges-
tational age and deleted observations, or, when avail-
able, substituted clinical estimates of gestation when
birthweights deviated from a normal probability
plot.4 Studies that have compared these truncation
approaches have concluded that higher-risk births are
more likely to be flagged for deletion or substitution
than lower-risk births, potentially affecting analyses
of temporal trends and other comparative studies of
pregnancy outcomes.7,8

Other work to identify inaccuracies has taken a
mixture-model approach36–38 to describe the observed
primary and secondary modes of birthweight, using
the results to calculate adjusted statistics, delete
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records, or reassign gestational ages. Mixture models
are fitted when the data are thought to come from two
or more subpopulations. In addition to separate
parameters for each subpopulation, mixture models
include ‘mixing proportions’ to estimate the relative
contribution of each subpopulation to the overall
population. In mixture models for birthweight
described below, one subpopulation, referred to as the
primary component, comprises the infants with accu-
rately recorded gestational ages. Additional subpopu-
lations, the secondary components, are composed of
infants with inaccurately recorded gestational ages.
Specifications for the secondary components have
included: limiting births to gestational ages of
�4 weeks relative to those recorded,35 limiting births to
a single alternative centred at term or 40 weeks’ gesta-
tion,39 or assuming births come from some unspecified
gestational age.33

In the context of public-use data, differences among
various users in approaches and models for handling
implausible gestational ages could very well lead to
various studies with valid inferences; however, com-
parisons among the studies might be hindered by the
lack of comparable adjustments for implausible gesta-
tional ages. Thus, MI by the data producer could have
the advantage of helping to promote comparability.

Multiple imputation of gestational ages

We propose to use MI to handle both implausible and
missing gestational ages in the US Natality public-use
files, which is probably more complicated than han-
dling only missing gestational ages or identifying
implausible records with a truncation approach. This is
in the spirit of recent work by Ghosh-Dastidar and
Schafer,40 termed ‘multiple edit/multiple imputation’,
in which MI was used to adjust for both measurement
error and missing data, and of earlier work by Little
and Smith,41 who illustrated editing and imputation
of outlying data values with the Annual Survey of
Manufacturers.

An application of MI of gestational ages in a specific
study was performed by Hediger and colleagues, who
investigated children’s growth using the NHANES III
(unimputed files) linked to birth certificate data.42 Their
objective was to understand associations between size
at birth and growth markers later in childhood. Some
of the linked birth records, needed to calculate relative
size at birth, had incomplete or improbable gestational
age information, and it was thought that limiting the

study to complete cases could bias inferences. To
address this issue prior to their analysis, Hediger and
colleagues applied the Zhang and Bowes criteria4 for
determining improbable birthweight–gestational age
combinations and then performed MI for the missing
and flagged records using a standard regression
model. Their comparison of the MI and complete-case
results gave them confidence to present MI results in
an article.

For the Natality public-use data, which is intended
for users with diverse objectives, we will probably
extend the approach of Hediger and colleagues in two
ways. First, a more detailed model for predicting
implausible and missing gestational ages will probably
be used. As discussed by Rubin, it is desirable in prin-
ciple for an imputation model for missing data in a
public-use dataset to include as predictors all variables
that will ultimately be used by analysts of the data
(although this ideal is seldom achieved completely).12

Second, we will probably take steps to reflect uncer-
tainty in deciding which gestational ages are implau-
sible.

A complete application of MI for the gestational age
problem would allow the assessment of uncertainty
due to: (a) not knowing precisely which reported ges-
tational ages were correct, (b) not knowing the true
values for the incorrectly reported gestational ages, and
(c) not knowing the values for the unreported gesta-
tional ages. To account for source (a), for each reported
gestational age, an indicator variable Z of correctness,
with Z = 1 if the gestational age is correct and Z = 0 if it
is not correct, would be imputed. Then, to account for
source (b), for each reported gestational age with
imputed value Z = 0, an alternative gestational age
would be imputed. (If Z = 1 were imputed, the
reported gestational age would not be replaced.)
Finally, to account for source (c), for each unreported
gestational age, a value would be imputed. Creation of
multiple, say 5, imputations would involve repeating
the imputation sequence independently 5 times. Note
that in addition to the imputed values of gestational
age being allowed to vary across the MIs, the imputed
correctness statuses (Z) for each case with a reported
gestational age would be allowed to vary as well. Thus,
for one imputation, a case may have Z = 1 and thus
retain its reported gestational age, whereas for another
imputation, the case may have Z = 0 and thus have an
imputed gestational age. It is through this variability in
Z that uncertainty about the correctness of each case
would be reflected in the MIs.
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The creation of imputations would involve models
for predicting whether a reported gestational age is
correct, for predicting the value of an incorrectly
reported gestational age, and for predicting the value
of an unreported gestational age. As described earlier,
the model for correctness of reported gestational ages
could be a mixture model for the primary and second-
ary distributions of birthweight given gestational age,
which could be used to estimate the probability of each
case’s gestational age being correct. Variations on the
mixture model could include the addition of covari-
ates, the use of specific and non-specific gestational age
alternatives for the secondary distribution, and the use
of alternative forms of the model. Alternatively, other
methods for estimating the probability that a particular
birthweight–gestational age combination is plausible
could be considered.

Regression-type models could be used both for pre-
dicting the value of an incorrectly reported gestational
age and for predicting the value of an unreported ges-
tational age. Some variables available on the US Natal-
ity dataset likely to be relevant for these models
include: infant birthweight, the clinical estimate of ges-
tational age, prenatal care indices, marital status, mater-
nal race, birth order, maternal education and maternal
age. Moreover, as mentioned above, imputations have
been found to be more useful if they are created using
as many of the variables that could be used by future
analysts as possible. As studies of neighbourhood and
contextual effects on birth outcomes are increasing, for
example, including county-level covariates, such as
median income, could improve the imputations. Varia-
tions on the regression models could include the addi-
tion, deletion or transformation of covariates, as well as
the use of alternative forms of the model and variance
structure.

To summarise, an outline of a potential algorithm for
imputing for implausible and missing gestational ages
is as follows:
1 Fit a mixture model using the birth records with

reported, even though possibly inaccurate, gesta-
tional ages.

2 Use the fitted mixture model from step 1 to impute
the value of an indicator variable Z of correctness for
each reported gestational age, where Z = 1 if a gesta-
tional age is correct and Z = 0 if it is not correct. The
probability of Z = 1 would be calculated from the
relative likelihoods of a particular record being in
the primary distribution and considered correct, or
being in the secondary distribution and considered

incorrect. (Note that imputing a set of indicators for
all of the birth records with reported gestational ages
would involve the two-step procedure for drawing
from a predictive distribution that was outlined in
the Overview of Multiple Imputation section.)

3 Fit a prediction model for gestational age using the
birth records from step 2 with imputed values Z = 1.

4 Use the fitted prediction model from step 3 to
impute values of gestational age for the birth records
with reported gestational ages but imputed values
Z = 0, as well as for the birth records with unre-
ported gestational ages. (Once again, the two-step
procedure for drawing from a predictive distribu-
tion would be used.)
The algorithm just outlined is based on the use of a

mixture model to help identify implausible gestational
ages in step 2, but not to assign alternative values for
cases with imputed values Z = 0 in step 4 (the alterna-
tive values are imputed using a separate prediction
model). Thus, the way a mixture model is used in the
preceding algorithm is in the spirit of the work by Platt
et al.39 and Tentoni et al.33 If instead, in the spirit of Oja
et al. 35 we wanted to use a mixture model directly to
assign alternative values for cases with imputed values
Z = 0, then steps 2–4 could be modified as follows:
2 (a) Use the fitted mixture model from step 1 to

impute the value of an indicator variable Z of cor-
rectness for each reported gestational age, where
Z = 1 if a gestational age is correct and Z = 0 if it is
not correct. (b) For each birth record with Z = 0, use
the mixture model to impute an alternative value of
gestational age.

3 Fit the prediction model for gestational age using the
birth records from step 2, with the reported gesta-
tional ages for those records with imputed values
Z = 1 and the imputed gestational ages for those
records with imputed values Z = 0.

4 Use the fitted prediction model from step 3 to
impute values of gestational age for the birth records
with missing gestational ages.
(As mentioned earlier, creating the imputations in

steps 2 and 4 would involve the two-step process out-
lined in the Overview of Multiple Imputation section.)

Discussion

The public-use product would be a small set of com-
pleted datasets (say 5, one for each of the MIs), each
containing three variables: (1) a record identifier; (2) a
categorical indicator of whether or not the gestational
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age had been imputed and, if it had been imputed,
whether the original gestational age had been missing
or implausible; and (3) the corresponding imputed or
original gestational age value. Each of the completed
datasets could be linked to the original public-use file to
obtain covariates, as well as original gestational age
values for those that were imputed. As mentioned pre-
viously, data users would replicate their analysis for
each completed dataset and combine the results using
established methods, either with their own calculations
or with available software.17–19 Although resources for
MI would be targeted towards current datasets, once the
methodology and programs were developed, the cre-
ation of multiply imputed datasets for earlier years for
the analysis of trends would be straightforward.

To evaluate the MI approach, comparative analyses
for a small number of pregnancy outcomes and demo-
graphic subgroups would be needed,7,8 especially for
the pregnancy outcomes and subgroups most carefully
observed for clinical and public policy. Finding the
right imputation models would be the biggest chal-
lenge of the project. If the models were very wrong,
analyses using the multiply imputed files could be
subject to information bias, that is, the use of gestational
age values that do not, in fact, correspond to the distri-
bution of true gestational ages.9,10 However, the ‘model’
that specifies that the missing and implausible data
should be deleted prior to analysis can lead to selection
bias.9,10 Inasmuch as the prediction models incorporate
information about the underlying associations, using
the imputations would seem to be less biased, on
average, than the unimputed data, although the actual
effects of MI on sources of bias would depend on the
particular study. Furthermore, the assumptions under-
lying the imputation method need only affect the final
inferences through their effect on the imputed values,
not for the whole dataset. A full MI of gestational age
on US Natality datasets would be an iterative process,
repeating the imputation and evaluation steps. The
least complex formulations of the models would be
considered and understood first. More complicated
formulations could follow. The process would enable
us to assess the sensitivity of the models and the results
under different scenarios and assumptions as the
analysis progresses.

An important use of gestational age data is to assess
preterm delivery rates.5,34 As noted by others, preterm
delivery rates based on ultrasound data are higher than
those based on LMP; that is, more term infants are
identified as preterm than preterm infants identified as

term when early ultrasound information is compared
with LMP.43–47 The reasons for discrepancies between
LMP and ultrasound estimates are not fully known,
but could be due, in part, to associations between
growth and gestational age47 or bleeding early in preg-
nancy.48 However, like the data-based editing methods
described previously which delete or replace suspect
gestational ages,3,4,6,33,35,36 MI would be likely to lower
the overall preterm delivery rate by replacing implau-
sibly low gestational ages with higher gestational
age values. MI could, nevertheless, provide less biased
comparisons of preterm delivery over time as well as
across demographic and geographical groups. Many
factors associated with preterm delivery are also asso-
ciated with implausible and missing gestational age
data.

Gestational age information is also used to create
fetal growth curves (birthweight-for-gestational-age
references). In turn, upper and lower percentiles
of growth are estimated from the curves to identify
growth restricted and macrosomic infants. Conse-
quently, care is needed to ensure that the imputations
do not smooth away the actual clinical variability and
unnecessarily limit the range of birthweights at each
gestational age. Single imputations, based on assigning
the most likely value of gestational age – be it 40 weeks,
� weeks, or another value – are at greater risk of over-
smoothing the distributions than MI, which allows for
more variability, albeit not necessarily at the extreme
ends of the distribution.

A related concern with imputation (either single or
multiple) is the potentially large number of births that
would be reassigned into a more likely gestational age
despite having an observed gestational age that is
clinically possible; this reassignment would be more
common for infants with birthweights near the tails of
the observed distribution and would affect the upper
and lower percentiles. To address this issue, Platt and
colleagues considered only 40 weeks as the secondary
distribution; in their framework, births with suspi-
ciously high birthweights for a reported gestational age
would have had to be more consistent with the birth-
weight distribution at 40 weeks to be flagged as poten-
tially in error.39 With MI, we assume that the multiple
applications of the imputation algorithm will lead to a
set of imputed and/or observed gestational age values
for each birth record that reflect both the recorded
birthweight and gestational age on the birth certificate
as well as the likelihood of the combination being clini-
cally plausible.
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The proposed methods are targeted towards identi-
fying and imputing gestational age values that are con-
sidered too low relative to the corresponding
birthweight – that is, actual near-term or term births
with reported preterm gestational ages. Platt et al.39

also use their approach to identify possible term
infants with reported post-term gestational ages.
Extending this methodology to better separate the
actual preterm births from the small-for-gestational-
age births among those with reported term gestational
age is more challenging given the preponderance of
term births and their variation in birthweight, but it
could be explored.

Public-use datasets have many uses. Obtaining valid
and informative inferences is an important use,
although maintaining the integrity of the individual
birth records could be considered another. MI, by
design, will not replace the missing or implausible ges-
tational age with the most likely value for an individual
birth record; rather, it will provide a set of likely alter-
native values that can be used to improve inferences for
the overall birth cohort as well as for subgroups of
interest. Counts of births for small geographical areas
or for small demographic subgroups may not be as
robust as counts for larger areas or groups. However,
the original gestational age value would be included in
the public-use database along with the multiple impu-
tations, allowing users to make their own decisions.
Furthermore, MI, in contrast to single imputation or
simple reassignment with a clinical estimate, may have
a perceptional advantage; assigning two or more
values to a birth record lessens the impression that the
gestational age was actually ‘changed’.

While the ultimate utility of MI for a public-use US
Natality dataset will depend on a variety of factors, it is
hoped that the process can provide some insights into
the birthweight–gestational age relationship, as well as
a better understanding of the mechanisms underlying
the reporting of gestational age.
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