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Summary

Longitudinal studies are subject to nonresponse when individuals fail to provide data for entire
waves or particular questions of the survey. We compare approaches to nonresponse bias analysis
(NRBA) in longitudinal studies and illustrate them on the Early Childhood Longitudinal Study,
Kindergarten Class of 2010–2011 (ECLS-K:2011). Wave nonresponse with attrition often yields a
monotone missingness pattern, and the missingness mechanism can be missing at random (MAR)
or missing not at random (MNAR). We discuss weighting, multiple imputation (MI), incomplete
data modelling and Bayesian approaches to NRBA for monotone patterns. Weighting adjustments
can be effective when the constructed weights are correlated with the survey outcome of interest. MI
allows for variables with missing values to be included in the imputation model, yielding potentially
less biased and more efficient estimates. We add offsets in the MAR results to provide sensitivity
analyses to assess MNAR deviations. We conduct NRBA for descriptive summaries and analytic
model estimates in the ECLS-K:2011 application. The strength of evidence about our NRBA de-
pends on the strength of the relationship between the fully observed variables and the key survey
outcomes, so the key to a successful NRBA is to include strong predictors.

Key words: Weighting; multiple imputation; incomplete data modelling; sensitivity analysis.

1 Introduction

Nonresponse bias analysis (NRBA) has become critical to data quality assessment in sample
surveys because of rapidly decreasing response rates (Groves, 2006; Brick & Williams, 2013;
de Leeuw et al., 2018; Hedlin, 2020; Büttner et al., 2021). Cross-sectional surveys are subject
to unit nonresponse, where individuals fail to respond to the survey because of noncontact or
refusal, and item nonresponse, where individuals fail to respond to particular questions. In lon-
gitudinal panel surveys, an additional source of missing data is wave nonresponse, where some
individuals fail to provide data for entire waves of the survey, because they are out of contact or
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not available to interview, attrition or refusal. Survey variables are the administered measures
only collected for respondents to the study. The analysis of survey variables models survey out-
comes with correlated predictors. Nonresponse bias depends on the specific analysis and the
difference between respondents and nonrespondents. NRBA requires information available
for both respondents and nonrespondents, such as survey measures in previous waves before
dropout and auxiliary variables in the sampling frame or from external data sources.

This work responds to a request from the US National Center for Education Statistics (NCES)
to create exemplars of NRBA to guide survey analysts. NCES requires NRBA to be conducted
if the response rate falls below 85%. Si et al. (2022a) provided a 10-step exemplar for address-
ing NRBA in cross-sectional surveys:

1 Analyse missing data patterns.
2 Identify key survey variables and associated analyses.
3 Model key survey variables as a function of fully observed predictors.
4 Seek strong observed predictors in auxiliary data.
5 Model unit nonresponse as a function of observed predictors.
6 Assess observed predictors for the potential for bias adjustment.
7 Assess the effects of nonresponse weighting adjustments on key survey estimates.
8 Compare the survey with external data using summary estimates of key survey variables.
9 Perform a sensitivity analysis to assess the impacts of deviations from the assumption of

missing at random (MAR).
10 Conduct item nonresponse bias analyses for all analysed variables.
In this article, we discuss extensions of the 10-step approach for an NRBA of longitudinal

data and conduct a comparative review of existing literature work to handle nonresponse in lon-
gitudinal studies. In some respects, missing data in longitudinal and cross-sectional surveys are
similar; if the data from different waves of the survey are concatenated into one row for each
survey unit, with a set of columns for each of the waves – sometimes called the ‘wide view’
of the data – then the missing data create a multivariate pattern of missing data, similar to the
pattern for cross-sectional data with unit and item nonresponse. The main differences are that
the number of variables may be much greater when variables are repeatedly measured across
waves. A distinguishing feature is the fitting of longitudinal models, such as growth mixture
models to the ‘long view’ of the data, or a vertical data structure, where each survey unit has
multiple rows corresponding to different waves (Muthén, 2004; Fitzmaurice et al., 2012).

A common approach to missing data is complete case analysis (CCA), where analysis is re-
stricted to individuals who respond to all the waves of the survey. This approach does not ex-
ploit information in incomplete cases and can result in bias when the reasons for missing data
are associated with the values of survey measures. Available case analysis (ACA) includes the
data that are complete on the set of variables in the analysis (Little & Rubin, 2019). Our NRBA
compares inferences for questions of interest based on alternative approaches to adjusting for
nonresponse, where CCA includes different weighting methods and ACA includes weighting,
multiple imputation (MI; Rubin, 1987), multilevel models with maximum likelihood (ML)
estimation (e.g. Fitzmaurice et al., 2009), marginal models fitted by generalised estimating
equations (GEEs; Liang & Zeger, 1986) and Bayesian modelling (Daniels & Hogan, 2008).
Furthermore, we conduct sensitivity analysis to assess the impact of deviations from MAR,
an assumption that is often required by standard approaches. The basic premise is that if infer-
ences are similar under alternative approaches, then nonresponse bias is not a major concern.

A critical feature is to characterise the strength of evidence about nonresponse bias, based on
the strength of the relationship between the characteristics in the nonresponse adjustment and
the key survey outcomes of interest (Little & Vartivarian, 2005; Little et al., 2022), as contained
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in steps 2–7 in the cross-sectional NRBA. Extending to longitudinal NRBA, we summarise and
re-organise the 10 steps into five major steps, where one major step in longitudinal NRBA may
cover multiple steps in cross-sectional NRBA, to focus on the comparison of different adjust-
ment methods. We provide a comparative review and summarise our NRBA with longitudinal
data in the following steps:

1 Identify key survey variables and associated analyses. Model key survey variables as a func-
tion of fully observed predictors. Seek strong observed predictors in auxiliary data.

2 Analyse missing data patterns, including unit, wave and item nonresponse.
3 Model unit nonresponse as a function of observed predictors. If available, strong predictors

observed for both respondents and nonrespondents should be included as covariates in the
analysis.

4 Comparison of bias adjustment approaches: (i) weighting, (ii) MI, (iii) incomplete data
modelling and (iv) Bayesian methods. If available, external data are leveraged for compari-
son using summary estimates of key survey variables.

5 Perform a sensitivity analysis to assess the impacts of deviations from the MAR assumption.
We apply methods to data from the Early Childhood Longitudinal Study, Kindergarten Class

of 2010–2011 (ECLS-K:2011; https://nces.ed.gov/ecls/kindergarten2011.asp). The ECLS-
K:2011 followed a cohort of children from their kindergarten year (the 2010–2011 school year,
referred to as the base year, 5–6 years old) through the 2015–2016 school year, when most of
the children were 10–11 years old in the fifth grade. The ECLS-K:2011 study involves a
multi-stage probability design, sequentially selecting geographical areas (counties or groups
of contiguous counties) as primary sampling units, schools and children to collect national data
on children’s home and school experiences, growth and learning. During the 2010–2011 school
year, when both fall and spring data collections were conducted, approximately 18 170 kinder-
gartners from about 1 310 schools and their parents, teachers, school administrators and
before-school and after-school care providers participated in the study. We focus on the kinder-
gartner respondents at the base year and examine their follow-up participation in the study. Fall
and spring data collections were also conducted during the first-grade and second-grade years,
with the fall collection restricted to one-third of the sample selected for the study. In the third,
fourth and fifth grades, a spring data collection was conducted for the entire sample of children
who participated in previous waves. The study followed students who moved away from their
original base-year schools after the spring base-year data collection to their new schools. Some
movers were followed with certainty, and others were subsampled. The sample sizes in the
follow-up waves decreased because of the mover subsampling and attrition, which could also
result in systematic differences in children assessment outcomes or developmental trajectories
between the study participants and the target population. It is possible that the underlying
missingness mechanisms for movers and attriters are different. Nevertheless, we do not have
enough information to separate movers from attriters and have to treat all the nonparticipants
to a wave as one type of nonresponse, and the extension to handle multiple mechanisms will
be discussed in Section 5. We apply an NRBA to evaluate the impact of nonresponse on child
assessments in the analysis of the longitudinal ECLS-K:2011 study.
We focus on descriptive summaries and mixed-effect model regression estimates. Estimates

of subgroup means, such as average assessment scores across race/ethnicity and income groups,
are of interest to policymakers. Education researchers are also interested in estimating growth
curves representing trajectories of child development across time while considering the correla-
tion between repeated measurements.
There is a rich literature on missing data in longitudinal studies (e.g. Zhou & Kim, 2012).

Our paper differs from previous review articles (e.g. Ibrahim et al., 2005; Ibrahim &

385Nonresponse Bias Analysis in Longitudinal Studies

International Statistical Review (2024), 92, 3, 383–405
© 2024 The Authors. International Statistical Review published by John Wiley & Sons Ltd on behalf of International Statistical Institute.

https://nces.ed.gov/ecls/kindergarten2011.asp


Molenberghs, 2009; Brick, 2013) by simultaneously handling unit, wave and item nonresponse
in a longitudinal survey, attrition-adjusted weighting, extensive discussions of MI-related devel-
opments and proposed extensions of sensitivity analysis. The paper structure is as follows.
Section 2 introduces the background with missing longitudinal data. Section 3 describes NRBA
methods for a monotone missingness pattern with detailed comparisons between weighting, MI,
incomplete data modelling and sensitivity analysis. Section 4 illustrates the discussed methods
with the ECLS-K:2011 study. We conclude recommendations and discussions in Section 5.

2 Background

Suppose the study collects baseline measures X 0; Y 0ð Þ and T follow-up waves of the survey
variables X t; Y tð Þ; for t ¼ 1; …; T ; where the analysis of interest focuses on the descriptive
summaries of the outcome Y and the regression of Y on the covariates X across T waves. In
addition to the time-varying covariates X , time-invariant covariates Z are also available, such
as the base-year sample design features, survey administrative information and other variables
collected at baseline that do not change over time.

A complete case has all the variables Z; X 0; X 1; …; XT ; Y 0; Y 1; …; YTð Þ observed.
Individuals dropping out between waves t � 1 and t have Z; X 0; X 1; …;ð
X t � 1; Y 0; Y 1; …; Y t � 1Þ observed but X t; …; XT ; Y t; …; YTð Þ missing. For participants
who miss a wave and return to the study later, the missingness is intermittent. Along with unit
and wave nonresponses, item nonresponse arises when participants only provide answers to a
subset of the survey variables X 0; X 1; …; XT ; Y 0; Y 1; …; YTð Þ. The information in Z is often
fully observed.

The missingness mechanism refers to the relationship between missingness and the variables
in the analysis and plays a crucial role in NRBA. Rubin (1976) treated the response indicatorsR
as random variables and characterised the missingness mechanism by the conditional distribu-
tion of R given the data. If the response indicator R does not depend on any values of the data,
the missingness is missing completely at random (MCAR). MCAR is a strong and often
implausible assumption. A weaker assumption is MAR, where the missingness depends only
on the values of the observed variables. If missingness depends on missing variables after con-
ditioning on the observed variables, the data are called missing not at random (MNAR). The
effectiveness of NRBA depends on the quantity of interest and whether the missingness mech-
anism is ignorable given observed information, that is, MAR and distinct model parameters for
the analysis and missingness mechanism. The MAR assumption is untestable from the collected
data alone without additional structural assumptions, so in our NRBA, we assess the sensitivity
of inferences to deviations from MAR.

In many longitudinal studies, including the ECLS-K:2011 study, the pattern of missing data
is predominantly monotone, because individuals dropping out at wave t do not re-enter the
study in a later wave. Accordingly, we focus here on methods suitable for a monotone pattern.
The extensions to non-monotone dropouts are discussed in Section 5. Let Rt denote the wave or
unit response indicator at wave t, where Rt ¼ 1 if the individual responds at wave t, otherwise
Rt ¼ 0 if the individual drops at wave t. For the monotone pattern, the response indicators in
later waves will all be 0, that is, Rt þ 1 ¼ … ¼ RT ¼ 0 if Rt ¼ 0, and we have Pr Rt ¼ 0ð Þ ¼
Pr Rt ¼ Rt þ 1 ¼ … ¼ RT ¼ 0ð Þ and Pr Rt ¼ 1ð Þ ¼ Pr Rt ¼ Rt � 1 ¼ … ¼ R1 ¼ 1ð Þ.

Even with Rt ¼ 1, the participants may only provide answers to a subset of the survey vari-
ables, where X t; Y tð Þ is subject to item nonresponse. Theoretically, we can introduce response
indicators to represent different item missingness mechanisms. However, because item nonre-
sponse depends on the specific measure and wave, with many survey variables analysed across
multiple time points, modelling of item response indicators will become complex and difficult
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for estimation. Therefore, we usually assume that the item nonresponse is MAR, that is, ignor-
able. An analysis of nonignorable item nonresponse often considers one variable of interest
across waves or multivariate items in a cross-sectional study, discarding unit nonrespondents
(e.g. Ibrahim et al., 2005). In the ECLS-K:2011 study, the proportions of item nonresponse
are low (detailed values are presented in the succeeding text). Accordingly, we assume ignorable
item nonresponse and potentially nonignorable unit or wave nonresponse through a joint model
Rt; X t; Y tð Þ. The setting can be extended to multivariate response indicators with further dimen-
sion reduction techniques.

3 Nonresponse Bias Analysis Methods for a Monotone Missingness Pattern

We outline the NRBA steps with longitudinal data and compare different methods in detail.

1 Identify key survey variables and associated analyses.
For the survey outcome measured for individual i at wave t,Y it, we consider an analysis model

that includes time-varying covariates X it and time-invariant covariates Zi and specify the mean
structure as

E Y itð Þ ¼ α0 þ β
!

1Zi þ β
!

2X it þ β
!

3ZiX it; (1)

for i ¼ 1; …; n; and t ¼ 0; 1; …; T : The quantities of interest include the descriptive summa-

ries of Y it and the model coefficients β
!

1; β
!

2; β
!

3

� �
. In the ECLS-K:2011 study, we model the

reading assessment outcome (Y it) with selected time-varying child, family and school character-
istics and wave variables (X it) across race/ethnicity categories (Zi).
The correlation of the repeated measures across T time points for individual i needs to be

accounted for in the variance–covariance specification, through child-level random effects or
a marginal correlation structure. The clustering of children, such as in schools and geographical
areas, also needs to be modelled.

1 Analyse missing data patterns, including unit, wave and item nonresponse.
In addition to the monotone dropout pattern for individuals, the survey outcomes and covar-

iates are subject to item nonresponse. Methods for addressing this make different assumptions
about the missing data mechanisms.

1 Model unit nonresponse as a function of observed predictors.
Little & Vartivarian (2005) conclude that useful variables in the NRBA are strongly corre-

lated with the outcome (primary) and the response indicator (secondary) and have to be avail-
able for both respondents and nonrespondents. The design features of the ECLS-K:2011 survey,
including primary sampling units and survey weights, should be included in the NRBA. To
quantify the correlation, Collins et al. (2001) and Little et al. (2022) classify variables’ strength
of relationship with the survey outcome and response indicator and their effect on bias and var-
iance of MI and inverse propensity weighting for estimates of means, compared with unadjusted
analyses based on the complete cases. NRBA is only effective when the auxiliary variables are
related to the survey outcome variables.

1 Comparison of bias adjustment approaches.
The bias depends on the form of the analysis model. A default approach for the analysis of

longitudinal data with missing data is unadjusted CCA, where cases that are not complete over
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all waves are dropped, and the analysis of complete cases may include sampling weights but
does not adjust for nonresponse arising from attrition after baseline. This analysis yields consis-
tent estimates if missingness depends on fully observed baseline variables but does not depend
on post-baseline repeated measures conditioning on those variables (Little & Rubin, 2019).

The main approaches to reducing nonresponse bias from this default CCA are (i) to estimate
nonresponse weights that multiply the sampling weights in the CCA or (ii) to impute the miss-
ing values, using MI combining rules to propagate imputation error in the inferences. We can
also fit a model to complete and incomplete data, that is, available data, using a method that
allows for missing data in the repeated measures, such as ML estimation, GEE or Bayesian es-
timation. Weighting and imputation can also be applied to ACA, which includes the set of cases
that are complete on the set of variables included in the particular analysis of interest. In
Sections 3.1–3.3, we describe the main features of each of these approaches, assuming that
missingness is MAR or MNAR. In Section 3.4, we describe a sensitivity analysis to assess de-
viations from MAR.

3.1 Weighting

Weighting is a common method of unit/wave nonresponse adjustment, with weights defined
as the inverse of estimated response propensities (Kalton & Flores-Cervantes, 2003; Brick &
Montaquila, 2009; Brick, 2013; Haziza & Lesage, 2016). These can be estimated as the inverse
of the response rates in adjustment cells formed from variables observed for respondents and
nonrespondents, also known as weighting classes, or more generally by regressing response in-
dicators on covariates and creating weights that are the inverse of the estimated response prob-
abilities (Chen et al., 2015). In longitudinal studies, different weights can be created depending
on the set of complete cases being analysed (Lynn & Watson, 2021; Si et al., 2022b). For ex-
ample, in the ECLS-K:2011 study, different weights are constructed based on the module ques-
tions answered by children, parents, teachers and schools.

Weighting usually assumes MAR and assumes a non-zero response probability for each ob-
servation. In ACA, weights at baseline or in the previous wave can be applied to adjust for non-
response across waves, and every case is assigned a weight. Suppose we are constructing
weights for wave t , and assume MAR applies to all nonresponse mechanisms at each wave.
A standard set of weights based on the baseline covariates are inverses of the estimated response
propensity given the baseline information:

bwbase
t ¼ Pr�1 Rt ¼ 1jZ; X 0; Y 0ð Þ: (2)

An alternative approach, which makes better use of available data, expresses the response
probability as a product of conditional probabilities given the response at previous waves (Little
& David, 1983). These conditional probabilities can then condition on all available information
in earlier waves. That is,

bwseq
t ¼ Pr�1 Rt ¼ 1jZ; X 0; Y 0; X 1; Y 1; …; X t � 1; Y t � 1

� �
¼ Pr�1 Rt ¼ Rt � 1 ¼ … ¼ R1 ¼ 1jZ; X 0; Y 0; X 1; Y 1; …; X t � 1; Y t � 1

� �
¼ Pr�1 R1 ¼ 1jZ; X 0; Y 0ð ÞPr�1 R2 ¼ 1jR1 ¼ 1; Z; X 0; Y 0; X 1; Y 1ð Þ …

…Pr�1 Rt ¼ 1jR1 ¼ 1; …; Rt � 1 ¼ 1; Z; X 0; Y 0; X 1; Y 1; …; X t � 1; Y t � 1

� �
:

(3)

Here, we have
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bwseq
t ¼ bwseq

t � 1�Pr�1 Rt ¼ 1jR1 ¼ 1; …; Rt � 1 ¼ 1; Z; X 0; Y 0; X 1; Y 1; …; X t � 1; Y t � 1

� �
:

In practice, the weights bwbase
t or bwseq

t are scaled to sum to the available sample size at wave t.
Kaminska (2022) compares similar weighting methods to bwbase

t and bwseq
t with rotating panels.

Approaches to modelling the response propensities include parametric models such as logis-
tic regressions and machine learning algorithms such as tree-based methods, boosting methods
and neural networks (e.g. Breiman et al., 1984; Buskirk & Kolenikov, 2015; Lohr et al., 2015;
Sánchez-Cantalejo et al., 2021; Kern et al., 2023). With MNAR, strong parametric assumptions
must be introduced for the response model estimation (Scharfstein et al., 1999).
With the constructed weights for all available cases, population means are estimated by

weighted sample means, regression coefficients from weighted regression models, and longitu-
dinal model parameters estimated by weighted GEE (Robins et al., 1995) or weighted multilevel
models (Pfeffermann et al., 1998; Rabe-Hesketh & Skrondal, 2006), where appropriate
multiple-level weights could be informative, such as school weights, conditional individual
weights and observation weights. Sampling variability can be accounted for by using
large-sample asymptotics with Taylor series approximation or resampling approaches, such as
jackknife and bootstrap replication (e.g. Natarajan et al., 2008). With response propensity score
modelling, ideally, the uncertainty of weighting construction based on prediction should be also
captured with replication methods (e.g. Wager et al., 2014; Valliant et al., 2018).
Weight construction requires that covariates used in the response propensity modelling are

fully observed; however, in practice, both the outcome and covariates are subject to item nonre-
sponse. Imputation of missing data allows these variables to be included in the weights and is an
attractive alternative.

3.2 Multiple Imputation

To propagate the uncertainty of the imputation model, MI can be applied to simultaneously
handle unit and item nonresponse (Rubin, 1987; Si, 2012; He et al., 2021). MI applies either
joint or sequential conditional imputation models to generate multiple completed datasets and
use MI combining rules for inferences about parameters or population quantities (e.g.
Raghunathan et al., 2001; Si & Reiter, 2013). To achieve inferential validity, the specified im-
putation models should yield plausible imputations, and the imputation model and the analysis
model need to be congenial (Xie & Meng, 2017). The imputation model can include auxiliary
variables not included in the analysis model of interest or variables available for imputation but
not available in public use files for confidentiality concerns. The relationship between the sur-
vey outcome and covariates in the imputation model should be compatible with the substantive
model (Seaman et al., 2012; Bartlett et al., 2014; Grund et al., 2016; Enders et al., 2020). With
ACA, the missing items in the outcome or the covariates that are time-varying or invariant can
be imputed. MI can handle incomplete longitudinal or multilevel data with multivariate
mixed-type variables (Graham & Hofer, 2000; Yucel, 2008; Demirtas, 2009; Van Buuren, 2011;
Audigier et al., 2018; Grund et al., 2019; Cao et al., 2022).
With a monotone dropout pattern in longitudinal studies, we can sequentially impute missing

responses from the first follow-up to the last wave, that is, working with the wide data format
where variables from each wave are concatenated into a single row for each sample unit, where
iteration is not needed for monotone data:
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f X 1; Y 1jZ; X 0; Y 0ð Þ→f X 2; Y 2jZ; X 0; Y 0; bX 1; bY 1

� �

→…→f X T ; YT jZ; X 0; Y 0; bX 1; bY 1; …; bXT � 1; bYT � 1

� �
:

(4)

The sequential imputation approach is attractive in practice to accommodate the ongoing data
collection across time, where new wave data are imputed based on historical records and will
then be used as covariates for future waves. Joint imputation with wide data is challenging be-
cause of a potentially large number of variables to be imputed.

An alternative imputation strategy is to fit a multilevel model with individuals as clusters and
repeated measurements as units with the long data format. A two-level imputation approach
includes the analysis model Y it∣X it; Zið Þ as part of the imputation model specification and
the marginal imputation for X it, to be compatible with the substantive analysis model. The im-
putation model explicitly accounts for the correlation between repeated measures of the same
individual over time by introducing random effects across individuals, for example, random in-
tercepts and slopes. The multilevel MI is available in the R packages, such as mice (Van
Buuren, 2012), jomo (Quartagno et al., 2019) and mdmb (Robitzsch & Lüdtke, 2021). The anal-
ysis model could have interactions and non-linear functions of the covariates or have complex
specifications that are not available in the current software implementations, where advanced
computational algorithms, such as importance sampling or other rejection algorithms, become
useful (Lüdtke et al., 2019; Enders et al., 2020; Quartagno & Carpenter, 2022).

Multiple imputation can handle MAR and MNAR mechanisms (e.g. Si et al., 2015, 2016,
2020). The imputation model can also accommodate response indicators and jointly model
the missing values and missingness mechanisms f X t; Y t; Rtð Þ via selection models
f Rt; X tjY tð Þf X t; Y tð Þ (Kenward, 1998), pattern-mixture models f X tjY t; Rtð Þf Rtð Þ (Little, 1993;
Little, 1994; Little & Wang, 1996; Kenward et al., 2003) and shared parameters
f Rt btj Þf X tjY t; btð Þf btð Þð , that is, conditional independence given a shared but unknown quan-
tity bt (Wu & Carroll, 1988). The selection model f Rt; X tjY tð Þdepends on the missing outcome,
and the parameters may not be identified. The Heckman model, with a probit regression as the
selection model, is weakly identified, and identification is strongly dependent on the normality
assumptions (Little & Rubin, 2019). Preferred approaches are to make additional assumptions
about the form of the mechanism, such as MAR and instrumental variables, or to do a sensitiv-
ity analysis by fitting the model for a variety of plausible choices of the sensitivity parameters.
Sensitivity analysis with proxy pattern-mixture models can be used to evaluate model robust-
ness against deviations from MAR (Andridge & Little, 2011, 2020). Deng et al. (2013) and
Si et al. (2015, 2016) use additional data from the refreshment samples to assist with the model
identification.

3.3 Repeated-Measures Models That Allow for Missing Data

An alternative to weighting and MI is to fit a model with the mean structure in (1) to the avail-
able data, using a method that allows for missing data in the repeated measures, with parameters
estimated by GEE, ML or Bayesian methods.

Generalised estimating equation introduces a working correlation structure among repeated
measures and estimates the marginal mean structure. Applying GEE without nonresponse
weights generally yields consistent estimates if missingness does not depend on repeated mea-
sures, which is usually a strong assumption. Weighted GEE, including nonresponse weights,
can produce valid inferences under weaker MAR assumptions.

Maximum likelihood estimates focus on the analysis model and maximise the incomplete
data likelihood. For example, in growth modelling, we obtain ML estimates under the multilevel
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model specification with random effects with expectation–maximisation algorithms under a la-
tent variable modelling framework (Dempster et al., 1977). Structural equation models also treat
random effects as continuous latent variables and apply large-sample asymptotics under ML, as
in the Mplus software (Muthén & Muthén, 2017).
With nonresponse-adjusted weight values for each available case, weighted ML estimates

maximise the pseudo-likelihood function, which weights each case’s contribution to the likeli-
hood by the inverse of the power of its estimated response propensity. Pfeffermann et al. (1998)
and Rabe-Hesketh & Skrondal (2006) decompose the case weights into two levels, where the
base weights adjust for the individual response propensity to the baseline study and the condi-
tional follow-up weights adjust for wave nonresponse given the baseline participation.
Maximum likelihood under a repeated-measures model is asymptotically equivalent to MI

under that model and hence is likely to achieve similar results unless the sample size is small
(Little & Rubin, 2019). The underlying theory of MI is Bayesian, and the inference with com-
bining rules under MI approximates Bayesian posterior computation.
Fully Bayesian methods implement a data augmentation process by iteratively imputing miss-

ing values and estimating model parameters conditional on the completed data with a Markov
chain Monte Carlo algorithm, where the missing values are drawn from the posterior predictive
distributions (Schafer, 1997). With non-informative prior information and large-sample sizes,
the fully Bayesian estimation should be similar to ML. With informative prior, Bayesian
methods will stabilise estimates based on data of small sample sizes. The missing mechanism
can be MAR or MNAR. Bayesian selection models (Du et al., 2021) and pattern-mixture
models (Si et al., 2016) have been developed to jointly model the outcome and response indi-
cator, where the identification requires strong prior information or extra data. The stand-alone
software Blimp implements Bayesian estimation in a latent variable modelling programme
and conducts MI (Hayes, 2019; Keller & Enders, 2021). The computation of Bayesian methods
for missing data can be complicated with many incomplete variables in large-scale studies, such
as our application to the ECLS-K:2011 data.

3.4 Sensitivity Analysis

The methods reviewed in the previous sections generally assume MAR and can handle
MNAR but require untestable assumptions to identify parameter estimates. Therefore, we pro-
pose and implement a sensitivity analysis to assess the impact of MNAR deviations from MAR.
Following the general approach in Giusti & Little (2011), we apply an offset to MAR imputa-
tions to model MNAR departures. For example, in an analysis of racial and ethnic differences,
we assume:

E Y itjZi; X it; Rit ¼ 0ð Þ ¼ E Y itjZi; X it; Rit ¼ 1ð Þ þ kt�σrace i½ �: (5)

Here, the offset kt�σrace i½ � is the product of the pre-specified kt at the time point t of dropout
and the residual standard deviation for respondents stratified by race/ethnicity, where race i½ � de-
notes the race/ethnicity category of the individual i. The approach is as follows:

1 Run MAR-based MI.
2 If individual i drops out of the study at time t, fit the regression model Y itjjRit ¼ 1; �ð Þ con-

ditional on all other available information up to this wave and obtain the residuals.
3 Calculate the residual standard deviation for respondents stratified by race/ethnicity σrace i½ �.
4 With the pre-specified value of kt, add kt�σrace i½ � to the MI outputs at time t and obtain the

imputed value bY it.
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5 Conditional on the imputed value bY it, continue the MAR-based MI for bY i; t þ 1 and so on.
We try different pre-specified values of kt as sensitivity analysis. Giusti & Little (2011) con-

sider 0.8, 1.2 and 1.6 to reflect small, medium and large deviations from MAR, respectively.
The selection of pre-specified values is subjective and should depend on the substantive field
knowledge.

4 Application to the Early Childhood Longitudinal Study

We focus on the spring data collections in the ECLS-K:2011 study and examine child devel-
opment from kindergarten to fifth grade, that is, with the kindergarten year referred to as the
base study t ¼ 0ð Þ and five follow-up waves (t ¼ 1; …; T ¼ 5ð Þ).

4.1 Identify Key Survey Variables and Associated Analyses

We estimate descriptive summaries and developmental trajectories of the child assessment
performances and examine the disparity across sociodemographic subgroups. The assessment
outcome is the item response theory (IRT)-based overall scale score for each domain, such as
reading and mathematics, specifically the sum of the predicted probabilities that the child would
have correctly answered each assessment item. We present estimates of the average assessment
scores and compare the wave-specific averages for children of different race/ethnicity. We esti-
mate regression coefficients of interest in a multilevel linear regression model with varying in-
tercepts across children and schools. The mean structure is specified as

E Y itð Þ ¼ α0 þ β1AGECit þ β2AGEC
2
it þ β3SEX i þ β

!
4RACETHi þ β

!
5POVit þ

β6PNWit þ β7STY it þ β
!

8WAVEit þ β
!

9WAVEit�RACETHi:
(6)

Here, the predictors include the wave indicators WAVEit, race/ethnicity indicator RACETHi,
their two-way interaction WAVEit�RACETHi, age AGECit (standardised), the squared term of
ageAGEC2

it, sexSEX i, povertyPOVit, the proportion of non-White students in the schoolPNWit

and school type STY it.

4.2 Missingness Pattern and Mechanism

The data are subject to unit, wave and item nonresponse, mainly arising because of attrition
from the sample and the fact that only a subsample of children moving to different schools are
followed. The ECLS-K:2011 study defines one student respondent if the student has scoreable
reading or mathematics or science data, or at least one executive function score, or a height or
weight measurement, or a completed item from the child questionnaire. In our analysis using the
reading assessment score as the survey outcome, we treat students with legitimately assigned
reading scores as respondents, including missing items.

The collected variables include 88 measures of child-level characteristics, namely, sex, age,
race/ethnicity, disability and special education status, family-level measures on poverty, socio-
economic and food security status, and school-level characteristics, such as the school type
(public or private), region, locality, enrolment, per cent of non-White students, and lowest
and highest grades offered at the school. We present the summary of unit and item nonresponse
in Table 1. The unit nonresponse rates (conditional on the kindergarten response at the base
year) increase from 11.7% to 30.9% across waves. The complete cases are individuals who have
participated in all follow-up studies and include 9 590 out of the total 14 730 children, which
are the available cases who participated in at least one of the follow-up studies. The wave
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nonresponse pattern is monotone with scattered item nonresponse. We also observe different
wave nonresponse rates across subgroups, for example, across race/ethnicity categories, where
the non-Hispanic Black and Asians, Native Hawaiians and other Pacific Islanders (API) chil-
dren tend to miss the follow-up studies. There are racial differences in the response mechanism,
and race is potentially associated with child development, which is the outcome of interest.
The item nonresponse rates of the 88 variables are generally low. Across waves, the percent-

ages of respondents with missing values of at least one item are between 5.7% and 10.6%.
When we compare item nonresponse rates across measures, the highest nonresponse rate is of
the measure in the last wave (8.7%). Considering that the proportion of item nonresponse is
small and some methods cannot simultaneously handle unit and item nonresponse (e.g.
weighting), we address the item nonresponse by imputation and then compare different ap-
proaches to handling wave nonresponse.

4.3 Need for Strong Predictors Observed for Both Respondents and Nonrespondents

Because the wave nonresponse is monotone, we use collected measures in previous waves as
predictors in the NRBA. The list given in Section 4.1 includes all variables in model (6) and
additional measures correlated to the assessment outcome and response indicator.

4.4 Comparison of Bias Adjustment Methods

Table 2 summarises the different NRBA approaches that will be described in detail in the
succeeding text. As discussed in Section 3, even though all methods can handle MAR and
MNAR unit nonresponse, we have to introduce additional but unverified assumptions for esti-
mation (tailored to the specific analysis of interest) to jointly model the response indicators
and survey outcomes or implement sensitivity analysis. In the ECLS-K:2011 application, we
conduct NRBA for the general purpose of data quality assessment and illustrate the sensitivity
analysis after MI.
The methods of CCA and base weighted CCA assume that attrition is MCAR, and attrition

weighted CCA assumes MAR. The ACA, base weighted ACA and attrition weighted ACA in
Equation (2) and the sequentially attrition weighted ACA in Equation (3) assume MAR given
the available cases. We account for the cluster structure by individuals in weighted analyses. MI re-
fers to the sequential wave by wave conditional imputation, ML fits a two-level model for the re-
peated measures across time and w-ML is the weighted ML estimate. GEE specifies a first-order
autoregressive working correlation matrix, and w-GEE is the weighted GEE with different weight

Table 1. Unit and item nonresponse rates in spring data collections (in percentage).

Unit
Any
item

Per item

Median Max

Kindergarten - 5.7 0.1 4.5
Grade 1 11.7 6.4 1.4 4.7
Grade 2 18.5 6.6 2.4 5.0
Grade 3 23.4 7.7 3.4 6.2
Grade 4 27.4 8.0 4.6 7.3
Grade 5 30.9 10.6 5.7 8.7

Here, the unit nonresponse rates are conditional on the kindergarten response at the base year. We acknowledge the potential shortcoming

of not being able to account for the baseline nonresponse, where the base samples could be substantially different from the nonparticipants.
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and data choices. Considering MNAR, MI-offset represents the sensitivity analysis with an offset
ktσrace added to the MI-seq imputations, with different pre-specified values kt:

4.4.1 Weighting

Weighting in practice often assumes MAR and uses observed information to predict response
propensity. To construct the attrition-adjusted weights, we fit stepwise (unweighted) logistic re-
gression models of the propensity to respond at each follow-up wave (Little &
Vartivarian, 2003), Pr Rt ¼ 1 j�ð Þ , conditional on baseline information (CCA-attr-w and
ACA-attr-w) or all available measures in previous waves (ACA-seq-attr-w). The base weight
reflecting the unequal probability of sampling at baseline is included as a candidate in the re-
sponse propensity models. Section 3.1 gives the details of the constructed weight, which is
the product of the inverse of the predicted response propensities and the base weight. As an al-
ternative, we use tree-based methods and select the variables and their high-order interactions
that are predictive of the response propensity Pr Rt ¼ 1 j�ð Þ. We apply default values of the
complexity parameters in pruning tree size, often resulting in simple trees with few nodes,
which can be modified to increase the complexity and prediction power. For our purpose of con-
structing weights to achieve a balance between bias and variance, we construct the sequentially
adjusted weights based on the stepwise logistic regression (ACA-seq-attr-w) and the
baseline-adjusted weights (CCA-attr-w and ACA-attr-w) with conditional inference tree
methods implemented in the R package party (Hothorn et al., 2006, 2021).

The CCA response propensity model shows that race/ethnicity, special education status, as-
sessment outcome in kindergarten, poverty, food security status, school type, enrolment, locale,
region, the proportion of non-White and the highest grade in the school affect the tendency to
participate in all waves. As a measure of the predictive accuracy of binary responses, the area

Table 2. Missing data adjustment approaches investigated.

Method CC AC Assumption Base weight Conditional information

CCA √ MCAR
ACA √ MAR Available
CCA-base-w √ MCAR √
ACA-base-w √ MAR √ Available
CCA-attr-w √ MAR √ Baseline
ACA-attr-w √ MAR √ Baseline
ACA-seq-attr-w √ MAR √ Available
MI √ MAR √ Available
ML √ MAR √ Available cases and specified models
w-ML √ MAR √ Available cases and specified models
GEE √ MAR √ Available cases and specified models
w-GEE √ MAR √ Available cases and specified models
MI-offset √ MNAR √ Available

AC, available case; ACA, available case analysis; ACA-attr-w, attrition-adjusted, conditional on the baseline information, weighted

analysis accounting for the cluster structure by individuals with available cases; ACA-base-w, base weighted analysis accounting for the

cluster structure by individuals with available cases; ACA-seq-attr-w, attrition-adjusted, conditional on the previous information, weighted

analysis accounting for the cluster structure by individuals with available cases; CC, complete case; CCA, complete case analysis;

CCA-attr-w, attrition-adjusted weighted analysis accounting for the cluster structure by individuals with complete cases; CCA-base-w, base

weighted analysis accounting for the cluster structure by individuals with complete cases; GEE, generalized estimating equation with a

specified working correlation matrix; MAR, missing at random; MCAR, missing completely at random; MI, multiple imputation with

sequential wave by wave conditional imputation; MI-offset, sensitivity analysis with an offset ktσrace added to the MI-seq imputations, with

different pre-specified values kt ; ML, maximum likelihood estimates with a specified two-level model for the repeated measures across

time; MNAR, missing not at random; w-GEE, weighted GEE; w-ML, weighted maximum likelihood estimates.
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under the curve (AUC) is 0.64, indicating that the selected covariates have moderate power to
predict the response propensity.
For monotone data, ACA is attractive compared with CCA because it makes better use of

available information and assumes MAR. The response indicator can use the previous wave
or the baseline as the benchmark, yielding sequential and baseline adjustments, respectively.
The sequential adjustment utilises analysed survey variables in the previous waves, which

could be highly related to the response mechanism and survey outcome at the current wave
and substantially improve the prediction. If the attrition pattern is intermittent, ACA is challeng-
ing unless imputation is used to create a monotone pattern; otherwise, CCA can be applied be-
cause all conditional information is fully observed. The current weighting practice implemented
by the ECLS-K:2011 study adjusts the base-year weight for wave nonresponse. We find that in
the logistic regression models for the ACA response indicators, the survey variables in the pre-
vious waves are often selected, as well as the base and attrition-adjusted weights. The sequential
ACA response propensity models yield five AUC values between 0.59 and 0.66, and the ACA
adjustments to the base year have five AUC values around 0.66, indicating similar prediction
power. We trimmed the bwseq

3 at wave 3 at its 95% quantile value to avoid an extreme maximum
value. Trimming could also be potentially applied to other weights, though we did not observe
extreme values for them.
Table 3 summarises the 12 sets of different weights. The variability of the CCA-attr-w and

ACA-attr-w weights based on baseline information is generally higher than that of the ACA-
seq-attr-w weightings conditional on the previous wave. The sequential adjustment does not re-
sult in noisy weights because the wave-to-wave response rates are very high with large-sample
sizes. The maximum efficiency loss due to weighting, Loss(w), is defined as the squared value

of the coefficient of variation (CV): Loss wð Þ ¼ cv2 wð Þ ¼ var wð Þ
mean2 wð Þ, and 1 + Loss(w) gives the

design effects on the variance inflation due to weighting, which is calculated assuming indepen-
dence between weights and the survey outcome variable (Kish, 1965). Little &
Vartivarian (2005) recommend using mean squared error measures to reflect the weighting

Table 3. Summary of the base and attrition-adjusted weights for the five follow-up waves (all with mean = 1).

Min. 1st qu. Median 3rd qu. Max. SD Loss(w) Sample size

Base-w 0.05 0.69 0.93 1.17 4.51 0.53 28% 14 730
CCA-attr-w 0.05 0.68 0.9 1.15 7.16 0.58 33% 9 590
ACA-seq-attr-w1 0.05 0.69 0.93 1.17 5.31 0.54 29% 12 840
ACA-seq-attr-w2 0.06 0.69 0.92 1.17 5.77 0.54 29% 11 720
ACA-seq-attr-w3 0.06 0.7 0.93 1.17 5.9 0.53 28% 10 900
ACA-seq-attr-w4 0.06 0.7 0.93 1.17 5.7 0.53 28% 10 200
ACA-seq-attr-w5 0.08 0.69 0.92 1.17 5.46 0.54 29% 9 590
ACA-attr-w1 0.05 0.67 0.91 1.16 8.26 0.57 33% 12 840
ACA-attr-w2 0.05 0.67 0.92 1.17 8.34 0.56 31% 11 720
ACA-attr-w3 0.05 0.67 0.91 1.16 6.09 0.56 32% 10 900
ACA-attr-w4 0.04 0.66 0.9 1.16 29.47 0.63 40% 10 200
ACA-attr-w5 0.04 0.65 0.88 1.16 8.45 0.61 37% 9 590

Data were obtained from the US Department of Education, National Center for Education Statistics, Early Childhood Longitudinal Study,

Kindergarten Class of 2010–2011, 2011–2016 spring.

The upper bound of efficiency loss due to weighting Loss(w) is defined as cv2 wð Þ ¼ var wð Þ=mean2 wð Þ, resulting in the design effect of

1þ cv2 wð Þ. All reported sample sizes are rounded to the nearest 10 because of confidentiality concerns.

ACA-attr-w#, attrition-adjusted, conditional on the baseline information, weights accounting for the cluster structure by individuals with

available cases in the #th follow-up wave; ACA-seq-attr-w#, attrition-adjusted, conditional on the previous information, weights account-

ing for the cluster structure by individuals with available cases in the #th follow-up wave; Base-w, base weight; CCA-attr-w,

attrition-adjusted weights accounting for the cluster structure by individuals with complete cases; SD, standard deviation.
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effect on the trade-off between bias and variance, while 1 + Loss(w) serves the upper bound of
the design effects. The efficiency loss is 33% for the CCA-attrition weight, around 28–29% for
the sequentially adjusted ACA weights and between 31% and 40% for the baseline-adjusted
ACA weights. Figure 1 shows that the collected outcome distributions do not substantially
change across respondent groups defined by the weight quintiles, indicating that the outcome
is weakly correlated with the weight, regardless of how it is calculated.

4.4.2 Imputation and sensitivity analysis

We consider sequential MI and adding offsets to MI for sensitivity analysis (MI-offset). We
conduct sequential conditional MI to handle both unit and item nonresponse using mice (Van
Buuren, 2012), tailoring the imputation models to the incomplete variable types: logistic regres-
sion models for binary variables (e.g. sex and school types), multinomial logistic regression
models for nominal variables (e.g. race/ethnicity), ordinal logistic regression models for ordered

Figure 1. The distribution of collected reading item response theory (IRT) scores across groups defined by quintiles of dif-
ferent weights. AC-attr weights, attrition-adjusted, conditional on the baseline information, weights accounting for the cluster
structure by individuals with available cases; AC-seq-attr weights, attrition-adjusted, conditional on the previous information,
weights accounting for the cluster structure by individuals with available cases; CC-attr weights, attrition-adjusted weights
accounting for the cluster structure by individuals with complete cases. Source: US Department of Education, National Cen-
ter for Education Statistics, Early Childhood Longitudinal Study, Kindergarten Class of 2010–2011, 2011–2016 spring.
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variables (e.g. poverty levels and social-economic status), tree-based methods for non-normally
distributed numeric variables (e.g. age and per cent of non-White students) and predictive mean
matching for the assessment outcome (e.g. reading IRT scores). We run 15 or 30 iterations for
each imputation during every wave and have conducted graphical diagnostics comparing im-
puted and observed values to assess convergence, where the number of iterations of sequential
imputations is sufficient. We save five completed datasets for inferences after MI. The number
of completed datasets can be substantially increased given sufficient computational resources.
In our application, we find that the impact on inferences is small, and five datasets are sufficient
for NRBA.
During the sensitivity analyses of MI-offset, we add the pre-described offset values to the

missing values at the time of dropout and carry on the sequential imputation as conditional
MAR. The choices of offset values are subjective and depend on the substantive questions.
We assume that the attriters have lower assessment scores and use kt ¼ �0:8; �1:2 and �
1:6 as three examples following the practice of Giusti & Little (2011). The sensitivity parameter
specification is subjective and depends on the substantive knowledge, and we recommend try-
ing a wide range of values that may yield different findings.

4.5 Nonresponse Bias Analysis Results

We present estimates of the average assessment scores and regression coefficients of interest
in a multilevel regression model. We compare the model with varying intercepts only across
children and that with varying intercepts across both children and schools, and both models
generate similar fixed-effect estimates.
The school-level variance is smaller than the child-level variance (~10%), so we omit

school-varying intercepts for model simplicity. We calculate the weighted estimates and use
the Taylor series approximation for the variance estimation, implemented in the R package sur-
vey (Binder, 1983; Lumley, 2020). This also applies to the MI estimates when we account for
the base weights to obtain the weighted estimate and within-imputation variance. Then we
use MI combining rules to yield the total variance including the between-imputation variance.
Table 4 gives the overall mean estimates of the reading IRT scores in comparison of the ap-

proaches for descriptive summaries. Figure 2 gives the wave-specific averages for API children.
Table 4 shows that both CCA and weighted CCA give the largest estimate, and the weights in
CCA do not change the overall estimate. Including the available cases decreases the mean score,
and the use of weights in ACA enlarges the decrease. MI yields values between the ACA and
CCA estimates. The CCA, ACA and MI analyses have different sample sizes.
Considering the monotone response pattern and increasing reading assessment scores across

grades, ACA includes more observations with lower grades than CCA and thus decreases the
overall mean score, and MI imputes the potential scores in higher grades for students who drop
out and thus increases the mean value compared with ACA. Nevertheless, the differences are
not substantial. Weights slightly change the estimates because they are weakly related to the
outcome variable. ACA has lower variances than CCA mainly due to more included data. MI
exploits covariates in the imputation model that are predictive of the missing values to reduce
bias. The variances based on one randomly selected single imputation are mostly smaller than
those of weighting, showing potential efficiency gains. As the combination of the average
within-imputation variances and between-imputation variance, MI variance accounts for the im-
putation model uncertainty and is comparable with the weighted estimates. When we add offsets
in MI, the estimates decrease, indicating that the analysis is sensitive to deviations from MAR.
When we add offsets in MI, Table 4 shows that the estimates significantly decrease from 109.56
with the 95% confidence interval (95% CI: 109.3–109.93) to 108.53 (95% CI: 108.23–108.83)
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with kt ¼ �0:8 , 107.93 (95% CI: 107.71–108.14) with kt ¼ �1:2 and 107.33 (95% CI:
107.12–107.55) with kt ¼ �1:6, indicating that the overall mean estimates are sensitive to de-
viations from MAR. Sensitivity analyses of the subgroup mean estimates show that with kt ¼
�0:8, the average reading scores of API students in grades 1, 2 and 4 are significantly lower
than the MI estimates, and their performances in grades 3 and 5 substantially decrease when
the offset is further reduced to �1.2. With kt ¼ �1:6, the reductions are enlarged.

Considering incomplete data modelling, we implement both multilevel models with random
effects using ML estimation and marginal models using GEE. The multilevel model includes
random intercepts αi varying across children with a variance of σ20 and random errors ϵit with
a variance of σ2: αi ∼ N 0; σ20

� �
; ϵit ∼ N 0; σ2ð Þ, which uses ML estimates for ACA and weighted

ML estimates when incorporating weights into the pseudo-likelihood, respectively. The analysis
model after MI is the multilevel model. We fit GEE with a pre-specified first-order
autoregressive working correlation structure and weighted GEE to include the adjusted weights
in the marginal model. We use large-sample approximations in the variance estimation, except
for weighted GEE. The pseudo-ML and weighted GEE need to be combined with resampling
methods to account for the sampling uncertainty.

Different weighting approaches have negligible effects on coefficient estimates, similar to the
findings in Si et al. (2022b). We compare the point estimates, standard error and significance
levels based on the P-values. We declare that two estimates are similar if the significance con-
clusions are the same with slight differences in the magnitudes of the point and standard error
estimates. We focus on different wave effects on reading IRT scores across race/ethnicity

groups, that is, the adjusted estimates of ( β
!

8; β
!

9) in Equation (6). The ML estimates are sim-
ilar across the CCA, weighted CCA, ACA and weighted ACA methods. The GEE and weighted
GEE estimates are similar. GEE models use a different working correlation structure from the
multilevel models, but the effect on coefficient estimates is small. The ML and GEE estimates
are different from those under MI.

Table 4. Overall mean estimates (Est) of reading assessment scores with reported standard errors (SEs) and bounds of the
95% confidence intervals (Lower, Upper).

Est SE Lower Upper

CCA 110.59 0.12 110.36 110.82
CCA-base-w 110.39 0.13 110.14 110.64
CCA-attr-w 110.08 0.13 109.82 110.34
ACA 107.01 0.11 106.8 107.22
ACA-base-w 106.76 0.12 106.53 107
ACA-attr-w 106.69 0.12 106.44 106.93
ACA-seq-attr-w 106.66 0.12 106.42 106.9
MI 109.56 0.13 109.3 109.83
MI-offset(�0.8) 108.53 0.14 108.23 108.83
MI-offset(�1.2) 107.93 0.11 107.71 108.14
MI-offset(�1.6) 107.33 0.11 107.12 107.55

Data were obtained from the US Department of Education, National Center for Education Statistics, Early Childhood Longitudinal Study,

Kindergarten Class of 2010–2011, 2011–2016 spring.

ACA, available case analysis; ACA-attr-w, attrition-adjusted, conditional on the baseline information, weighted analysis accounting for the

cluster structure by individuals with available cases; ACA-base-w, base weighted analysis accounting for the cluster structure by

individuals with available cases; ACA-seq-attr-w, attrition-adjusted, conditional on the previous information, weighted analysis accounting

for the cluster structure by individuals with available cases; CCA, complete case analysis; CCA-attr-w, attrition-adjusted weighted analysis

accounting for the cluster structure by individuals with complete cases; CCA-base-w, base weighted analysis accounting for the cluster

structure by individuals with complete cases; MI, multiple imputation with sequential wave by wave conditional imputation; MI-offset,

sensitivity analysis with an offset ktσrace added to the MI imputations, with different pre-specified values kt ¼ �0:8; �1:2 and �1:6.
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Adding offsets to MI changes the coefficient estimates, presented in Figure 3, which is as ex-
pected, because the offsets depend on residual standard deviations across race/ethnicity groups.
The general differences across race/ethnicity groups are similar under differentMImethods.White
students have more accelerated growth effects than students from other racial groups. But different

Figure 2. Subgroup mean estimates of reading item response theory (IRT)-estimated scores for Asians, Native Hawaiians
and other Pacific Islanders students across grades. ACA-attr-w, attrition-adjusted, conditional on the baseline information,
weighted analysis accounting for the cluster structure by individuals with available cases; ACA-seq-attr-w, attrition-adjusted,
conditional on the previous information, weighted analysis accounting for the cluster structure by individuals with available
cases; CCA-attr-w, attrition-adjusted weighted analysis accounting for the cluster structure by individuals with complete
cases; MI, multiple imputation with sequential wave by wave conditional imputation; MI-offset, sensitivity analysis with an
offset ktσrace added to the MI imputations, with different pre-specified values kt ¼ �0:8; �1:2 and�1:6. Source: US Depart-
ment of Education, National Center for Education Statistics, Early Childhood Longitudinal Study, Kindergarten Class of
2010–2011, 2011–2016 spring.
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approaches present different magnitudes of racial disparities. This shows that model fitting is sen-
sitive to missing data mechanisms and not robust against model misspecification.

5 Conclusions and Discussion

We compare weighting, MI, repeated-measures models that allow for missing data and sen-
sitivity analysis approaches for NRBA in longitudinal studies. We consider complete cases,
available cases and completed data after imputation. Our NRBA focuses on the monotone

Figure 3. Different wave effects on reading item response theory-estimated scores across race/ethnicity groups based on mul-
tiple imputation and the inclusion of offsets. API, Asians, Native Hawaiians and other Pacific Islanders; MI, multiple impu-
tation with sequential wave by wave conditional imputation; MI-offset, sensitivity analysis with an offset ktσrace added to the
MI imputations, with different pre-specified values kt ¼ �0:8; �1:2 and �1:6; Other, more than one race, not Hispanic.
Source: US Department of Education, National Center for Education Statistics, Early Childhood Longitudinal Study, Kinder-
garten Class of 2010–2011, 2011–2016 spring.
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response pattern, fits regressions of key survey outcomes and indicators of nonresponse on var-
iables observed for both respondents and nonrespondents, compares estimates with and without
nonresponse weighting adjustments and implements sensitivity analyses based on adding off-
sets to MI results to assess the impact of deviations from MAR missingness. The NRBA of an-
alytic inferences has different findings from that of descriptive summaries. Different adjustment
approaches change descriptive summaries, and their effect on coefficient estimates depends on
the model specification. All analyses can be carried out widely with the available statistical soft-
ware. Our example R code is available upon request.
The performance ofmethods analysing incomplete longitudinal data depends on themissingness

mechanism, and a challenge is that little is often known about this aspect. CCA is consistent for
mechanisms that depend on baseline covariates but not repeated measures. This includes MNAR
mechanisms where missingness depends on covariates that have missing values. However, this
method is not efficient if there is substantial information in the incomplete cases.
Weighted CCA can correct for bias in CCA when the mechanism is MAR but not MCAR,

and the variables that define the weights are related to both the repeated measures and
missingness. Weighted CCA is not recommended when the weights are unrelated to the re-
peated measures, because weighting then tends to increase variance with no compensating
reduction in bias. The application of weighted ACA to monotone data by multiplying the
conditional weights can weaken the MAR assumption by allowing missingness to depend on
variables that are not fully observed over all waves. ML, GEE and MI assuming MAR can han-
dle general missingness patterns in the repeated measures, and MI can also handle missing data
in baseline covariates. These methods can be more efficient than CCA and weighted CCA when
the information in the incomplete cases is substantial for the analysis of interest. An advantage
of MI over ML is that it allows variables to be included in the imputation model that are not
included in the analysis model. ML is basically a large-sample technique, and Bayesian
methods can provide better inferences than ML when sample sizes are small.
Comparisons of NRBA results from alternative methods for handling missing data provide an

assessment of whether the choice of method has a small or large impact on findings. If results
are sensitive to the choice of method, this suggests that nonresponse bias is more of a concern.
If deviations from MAR are considered likely, a sensitivity analysis to assess the effect of devi-
ations from MAR is suggested. We illustrate one such approach to this question with sensitivity
analyses under MI to assess MNAR deviations and recommend more investigations.
Though modest differences are present for several estimates, we do not find substantial evi-

dence of nonresponse bias in the ECLS-K:2011 study, perhaps reflecting the high response rates
across waves conditional on the kindergarten response at the base year, omitting the baseline
nonresponse, and the large proportions of movers who cannot continue the study, rather than
attriters. However, lack of evidence of bias in the NRBA does not necessarily mean lack of bias;
the key to a strong NRBA is the existence of a rich set of auxiliary variables that are highly pre-
dictive of the survey outcome variables. The auxiliary variables are collected from baseline or
previous waves, across child, family and school levels, available for both respondents and non-
respondents. The evidence is generally weak in this application because the observed covariates
are not strongly related to the survey outcomes, where the assessment scores themselves are
estimates based on the IRT models and subject to additional estimation error. NRBA findings
for other survey variables may differ. We focus here on mean estimates for the population
and population subgroups and regression models. In either setting, the key to a strong analysis
is the availability of strong auxiliary variables that are not predictors in the regression model of
interest.
In our NRBA application, we did not fit selection and pattern-mixture models because they

require strong but unverified assumptions, as a motivation for our sensitivity analysis. Our
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sequential MI does not explicitly include the two-level analysis model in the imputation speci-
fication but accounts for wave (and age) effects and the correlation of repeated measures by
including previous measures as covariates in the sequential imputation model. However, the per-
formance of the sequential MI is robust in the ECLS-K:2011 study. We acknowledge the ideal
property of this substantive model-compatible MI that needs to accommodate practical imple-
mentation difficulties. More work is necessary to achieve successful implementation with
large-scale application studies.

As regards future work, extension to multiple surveys with various quantities of interest
could provide further evidence for the NRBA. Data integration from multiple sources can
improve NRBA by providing better auxiliary information for nonresponse adjustment and
benchmark information for external validation. We focused on a monotone dropout, which is
the predominant pattern in the ECLS-K:2011 study; MI is one approach that can handle inter-
mittent missingness patterns (e.g. Si et al., 2020). Multiple missingness mechanisms are possi-
ble with different types of nonresponse. Hybrid approaches are also possible, such as using MI
to create a monotone pattern and then sequentially weighting the resulting imputed data sets.
Given rapidly decreasing response rates, probability samples become vulnerable to nonresponse
bias. Assessing and adjusting for this bias requires an external reference sample of high-quality
or population distributions of highly predictive variables in the NRBA.
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