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Missing data are a prevalent problem in psychological research that can reduce statistical 
power and bias parameter estimates. These problems can be mostly resolved with 
multiple imputation, a modern missing data treatment that is increasingly used. 
Imputation, however, requires the number of variables to be smaller than the number of 
observations (i.e., non-missing values), and this number is often exceeded due to, e.g., 
large assessments, high missing data rates, the inclusion of variables predictive of 
missing values, and the inclusion of non-linear transformations. Even when the ratio of 
variables to observations meets the minimum requirement, convergence failure can occur 
in large, complex models. Specialized techniques have been developed to overcome the 
challenges related to having too many variables in an imputation model, but they are still 
relatively unknown by researchers in psychology. Accordingly, this paper presents an 
overview of four imputation techniques that can be used to reduce the number of 
predictors in an imputation model: item aggregation with scales and parcels, passive 
imputation, principal component analysis (PcAux) and two-fold fully conditional 
specification. The purpose, advantages, limitations, and applications of each method are 
discussed, along with recommendations and illustrative examples, with the aims of (1) 
understanding different imputation methods and (2) identifying methods that could be 
useful for one’s imputation problem. 

Missing data are a pervasive problem in psychological 
research that, if not treated correctly, can lead to loss of 
power and biased results. While deleting cases with missing 
data is still often done (Lang & Little, 2018; Rioux, Lewin, 
et al., 2020), modern missing data techniques, like multiple 
imputation and full information maximum likelihood, can 
be used to recover the missing information and reduce bias. 
Multiple imputation is increasingly used (Rioux & Little, 
2021), but its use can be held back by its challenging nature, 
especially when faced with a large imputation, which in this 
article refers to an imputation where the number of vari
ables is larger than the number of observations. Although this 
situation may seem uncommon, it can arise quickly when 
including all relevant variables in the imputation, which 
includes at a minimum all variables and non-linear trans
formations (e.g., interaction terms) that are in the planned 
analytical model and the variables that predict the like
lihood of missingness on the analyzed variables (van Bu
uren, 2018). The likelihood of a large imputation problem 
is higher when the sample is small, the missing data rate 

is high, or the study is longitudinal, which are all common 
circumstances in psychological research. Specialized tech
niques have been developed to overcome the challenges 
related to large imputations, but they are still relatively 
unknown. Accordingly, the present paper aims to intro
duce researchers to these specialized techniques and guide 
them to the proper literature for their imputation needs. 
To do so, after reviewing missing data mechanisms and the 
basics of multiple imputation, we present an overview of 
four techniques that can be used to help in imputing large 
databases: item aggregation, passive imputation, principal 
component analysis, and two-fold fully conditional specifi
cation. Table 1 provides a summary of the main terms cov
ered in this article for reference. 

Missing Data Mechanisms    

Three missing data mechanisms can explain the pres
ence of missing data in any study: Missing completely at ran
dom (MCAR), missing at random (MAR) and missing not at 
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Table 1. Acronyms and Definitions for Missing Data Terminology        

Term Acronym Definition 

Analytical model Analysis model that aims to answer a research question. 

Auxiliary variable Variable that is not related to the research question, but that is correlated with the 
missingness found in the variable(s) of interest. 

Broad imputation Imputation done for an entire dataset that can then be used for all research questions 
and analyses using that dataset. 

Fully conditional 
specification 

FCS Multiple imputation technique where each variable is imputed separately with its own 
regression model. 

Imputation model Analytical model planned specifically to impute missing data values. 

Impute-then-transform Strategy where an imputation is done using the observed variables, before computing 
variable transformations in the imputed datasets. 

Inclusive imputation Imputation strategy where all possible auxiliary variables are included. 

Joint modeling Multiple imputation technique where a single multivariate model is used to fill in 
missing data in all incomplete variables. 

Just another variable JAV Synonym for transform-then-impute. 

Missing at random MAR Missingness mechanism where the probability of missingness on a specific variable is 
related to other variables. 

Missing completely at 
random 

MCAR Missingness mechanism referring to a completely random process; missing data truly 
happens by chance. 

Missing not at random MNAR Missingness mechanism where missing data on a specific variable are related to the 
values of the variable itself. 

Multiple imputation by 
chained equation 

MICE Synonym for fully conditional specification (FCS). 

Narrow imputation Imputation done specifically for one research question or analysis. 

Restrictive imputation Imputation strategy where few or no auxiliary variables are included. 

Transform-then-impute Strategy where variable transformations are done in the original dataset and included 
in the imputation model. 

random (MNAR; Rubin, 1976; Seaman et al., 2013). MCAR 
refers to missingness that is due to a completely random 
process; it truly happens by chance. For example, it could 
be because of a blackout during a laboratory task or because 
a participant moved between two waves of data collection 
and has become unreachable. Missingness is not related in 
any way to the variable(s) with missing data or to other 
variables. It is rarely the most prevalent pattern in a study, 
except when random missingness is implemented by the 
researcher through a planned missing data design (Rioux, 
Lewin, et al., 2020). MCAR is the least problematic of the 
missing data mechanisms. As the missing data are truly 
random, they do not introduce bias in the results and while 
doing analyses on complete cases only can enlarge standard 
errors (SEs) and reduce statistical power, SEs and power are 
easily recovered when using multiple imputation (Enders, 
2010). 

When data are MAR, the probability of missingness on 
a specific variable is related to other variables. In other 
words, a systematic relationship exists between missing
ness on a variable and values on other variables (Enders, 
2010; Seaman et al., 2013). For example, this mechanism 
could happen if, in a survey, minors had higher probabili
ties of skipping a question on drug use frequency because 
they are worried about disclosing illegal information. Miss
ing data would then be related to age, an observed variable. 
MAR also occurs frequently in longitudinal studies, where 

dropout is associated with factors such as age, education, 
socioeconomic status, or ethnicity (Robinson et al., 2016). 
If only complete cases were used in analyses, it would result 
in a loss of power and in biased parameter estimates, in
cluding effect sizes, SEs, variances, and p-values (van Bu
uren, 2018). As with MCAR, however, MAR data are re
coverable when multiple imputation is used. Indeed, when 
multiple imputation is used with MAR data, power is recov
ered and the missing data do not introduce bias in the re
sults, as long as auxiliary variables, which are variables that 
are not related to the research question, but that are cor
related with the missingness found in the variables of in
terest (i.e., predict the MAR mechanism), are included (En
ders, 2010). 

When data are MNAR, missing data on a specific variable 
are related to the values of the variable itself (Enders, 
2010). For example, this would be the case if frequent drug 
users had higher probabilities of skipping a question on 
drug use frequency. There would be more missing data on 
drug use frequency for frequent drug users than for infre
quent drug users, but there would be no way to test this 
as the data providing this information are missing. MNAR 
can severely bias estimates, and even with multiple impu
tation, these biases are unrecoverable or only partly recov
erable (Enders, 2010; van Buuren, 2018). Importantly, if a 
variable predicts MAR missingness but is not measured, it 
will be equivalent to MNAR in the analyses. For example, 
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if age predicted missing data on the drug use frequency 
question, but age was not measured, there is no way for 
the researcher to know or to control for it in the analysis, 
which will lead to biased results. Accordingly, a proactive 
approach in the study design phase is to carefully plan and 
include measures of potential predictors of missingness to 
help prevent bias (Rioux, Lewin, et al., 2020). 

Multiple Imputation   

Multiple imputation is a missing data treatment that 
can recover power and provide unbiased parameter esti
mates under MAR and MCAR (Rubin, 1987). Increasingly 
used in research (Rioux & Little, 2021), multiple imputa
tion involves making a copy of the original dataset while 
replacing each missing cell with a plausible estimation of 
its value. This procedure creates m > 1 complete datasets, 
where m corresponds to the number of imputations, which 
are larger than one. During the imputation process, each 
missing value is estimated using the observed scores of 
the variables in the original dataset − as well as previously 
imputed values in some cases (see fully conditional spec
ifications, next paragraph). For each of the m datasets, a 
different but plausible estimation of the missing value is 
estimated using that information. Once the m datasets are 
imputed, the next step consists in conducting the statistical 
analysis in each dataset separately. The estimates and stan
dard errors (SEs) obtained from each analysis are then ag
gregated using Rubin’s rule (Rubin, 1987). 

These multiple estimations of possible values for each 
missing data point have many advantages over single im
putation or other techniques where only one dataset with 
complete data is generated. Indeed, it accounts for the un
certainty of estimating the missing data by integrating the 
variability within and between each imputed data set. As 
such, the SEs obtained take this uncertainty into account 
and are more trustworthy than those stemming from a sin
gle imputation (Rioux & Little, 2021; Rubin, 1987). 

Two main approaches may be used for multiple impu
tation: joint modelling (a.k.a., multivariate normal impu
tation or MVNI; Schafer, 1997) and fully conditional spec
ification (FCS, a.k.a., multiple imputation by chained 
equation or MICE; van Buuren, 2007). In joint modelling, a 
single multivariate model is used to fill in missing data in 
all incomplete variables. All missing observations are im
puted in a single computational step. Thus, the imputation 
model (i.e., the statistical model used to impute variables 
with missingness) is the same for all variables (Graham, 
2012; Schafer, 1997). FCS uses a series of conditional mod
els where each variable is imputed separately with its own 
regression model. FCS has the advantage of being more 
flexible because the imputation model can be tailored to 
each individual variable and can maintain skip patterns, 
bracketed responses, and bounds, but has the disadvantage 
of being more computationally intensive than joint model
ling (van Buuren, 2007, 2018). 

How Many Imputed Datasets are Needed?       

As mentioned above, more than one imputed dataset is 
needed to take into account the uncertainty stemming from 
the missing information and to compute more trustwor
thy estimates and SEs (Rioux & Little, 2021; Rubin, 1987). 
How many imputed datasets are necessary, however, is an 
enduring debate. Initial recommendations suggested 3 to 
10 imputed datasets (Rubin, 1987; Schafer, 1999), but fur
ther research has shown that more is better and techno
logical advances have made a large number of imputations 
feasible. However, a high number of imputed datasets may 
still take a long time to estimate (i.e., weeks), especially 
for a complex model and for researchers who do not have 
access to high-performance computing systems. Further
more, because every imputation estimation needs to con
verge, adding more imputed datasets to estimate increases 
the chances of non-convergence or other bugs, which is 
more likely with large imputation models. 

Modern recommendations vary, with some recommend
ing 5–20 imputed datasets when the percentage of missing 
values is moderate and 20–100 to be more precise or when 
the percentage of missing values is high (van Buuren, 
2018). More specific recommendations suggest using infor
mation from the original dataset (before imputation) to de
cide. For example, von Hippel (2009) suggested using as 
many imputed datasets as the percentage of incomplete 
cases in the sample. This strategy can easily bring the num
ber of imputed datasets to 100, however, as even one miss
ing scale item would result in an incomplete case. As a 
compromise, van Buuren (2018) suggested considering the 
average missing data rate instead of the fraction of in
complete cases. Other recommendations use the fraction 
of missing information (FMI) to estimate the number of 
imputed datasets needed (von Hippel, 2020; White et al., 
2011). However, FMI is a measure of uncertainty about the 
imputed values that can only be calculated after the mul
tiple imputation is done, complicating its use (Q. Pan & 
Wei, 2016). Furthermore, when missing data are MCAR, the 
FMI is usually equal or smaller to the fraction of incom
plete cases, bringing us back to the recommendation by von 
Hippel (2009). Missing data that are MAR may increase the 
FMI beyond this later fraction, especially if the variables 
predicting the missingness are not included in the imputa
tion model, encouraging the use of an inclusive imputation 
strategy. 

In summary, 100 imputed datasets is a conservative 
number that covers most recent recommendations. If this is 
impossible due to convergence failure, computational lim
itations, or time demands, a smaller number based on the 
percentage of incomplete cases or average missing data rate 
can be used. Because imputation models are usually built 
iteratively, it is recommended to build the model using a 
small number of imputations, such as five, and set the num
ber higher only for the last round of imputation when the 
model is finalized (van Buuren, 2018). 
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Level of Inclusivity in the Imputation Model        

Regardless of the method chosen, an important step is to 
choose the level of inclusivity of the imputation model. In
clusivity is based on the number of included auxiliary vari
ables. At a minimum, to adequately maintain the relation
ships between variables, an imputation model must include 
all variables in the analytical model. A few auxiliary vari
ables predicting missingness should also be included since 
multiple imputation yields unbiased parameters under the 
MAR mechanism only if relevant auxiliary variables are in
cluded. Inclusivity can go from restrictive, where few or no 
auxiliary variables are included, to inclusive, where all pos
sible auxiliary variables are included (Collins et al., 2001). 
Inclusive strategies are often recommended based on their 
advantage of utilizing a large number of variables that can 
have some predictive power on missingness, permitting a 
more precise estimation of the missing values (Collins et 
al., 2001; van Buuren, 2018). 

Researchers can also decide to do a narrow imputation, 
where the imputation is done specifically for one research 
question or analysis, or a broad imputation where the impu
tation is done for an entire dataset that can then be used 
for all research questions and analyses using that dataset 
(van Buuren, 2018). While a narrow imputation usually in
volves fewer variables than a broad imputation, it can still 
use an inclusive strategy. For both inclusive auxiliary vari
able approaches and broad imputations, datasets may in
clude hundreds or thousands of variables. 

Using Transformed Variables in the Imputation       
Model  

In psychological research, researchers may need to use 
many transformed variables in their imputation model, 
which are computed using linear or non-linear transfor
mations of observed variable(s) from the original dataset. 
Linear transformation often includes scales made from an 
average or a sum of multiple questionnaire items while 
non-linear transformations often include interactions be
tween two or more variables (e.g., x*y), quadratic or cubic 
terms of one variable (e.g., x2 or x3), or other combinations 
of variables (e.g., x/y). They can be needed as part of the 
analytic model used to test the research question (e.g., if 
physical activity levels predict BMI, formed from the mea
sured variables height and weight) or contribute to the pre
diction of missingness in MAR mechanisms. 

For linear transformations, a technique known as im
pute-then-transform can be used, in which the imputation 
model includes the untransformed, observed variables. 
Once the multiple imputation is done, the transformed 
variables can be computed using operations like sums or 
averages on the imputed datasets (von Hippel, 2009). Item-
level imputation is sometimes favored as it has a statistical 
power advantage over scale-level imputation (Gottschall et 
al., 2012; Rioux, Stickley, et al., 2020), but transformation 
before imputation can also be used and can be particularly 
useful for reducing the size of imputation models (see Item 
aggregation below). 

The impute-then-transform technique does not intro
duce bias for linear transformations because the associa
tions between the original variables are preserved during 
these transformations. However, these associations are not 
maintained in non-linear transformations. As such, these 
transformed variables must be computed and added to the 
imputation model before the multiple imputation is done, 
a technique known as transform-then-impute, or “just an
other variable” (von Hippel, 2009). This method involves 
computing transformed variables first and including them 
in the imputation model. Observed variables used to com
pute the transformations are usually kept in the imputation 
model as they are usually included in the analytic model 
(e.g., testing main and interaction effects), but they could 
be removed if they won’t be used in the analytical model 
(von Hippel, 2009). While this method keeps the relations 
between the transformed and original variables, it can lead 
to impossible values in the imputed transformed variables 
such as negative quadratic terms (Austin et al., 2021). Mul
tiple studies have tested this method and shown that es
timates are unbiased under some circumstances, including 
when the missing data mechanism is MCAR and under cer
tain specifications of MAR (Lüdtke et al., 2020; Vink & van 
Buuren, 2013; Zhang & Wang, 2017). Because certain sit
uations can lead to bias, some authors have proposed pro
cedures and methods to reduce this bias (e.g., Vink & van 
Buuren, 2013; Zhang & Wang, 2017), including passive im
putation which will be presented below (van Buuren, 2018; 
van Buuren & Groothuis-Oudshoorn, 2011). However, es
pecially when the imputation model is complex, all meth
ods may introduce bias and the recommendation is to con
duct sensitivity analyses after the imputation is completed 
to check if the method performed as intended (Austin et al., 
2021; Zhang & Wang, 2017). 

Non-linear transformations increase the complexity of 
the imputation model since both the original variables and 
the transformed variables often need to be included. While 
for narrow imputations, only the non-linear transforma
tions to be included in the analytic model will be imputed, 
broad imputations may require the inclusion of a large 
number of transformations to be included for a multitude 
of subsequent analyses. If the imputation aims to meet 
the needs of secondary data analysis projects that are not 
known at the time of the imputation, all possible trans
formations may have to be included in the imputation. 
This inclusiveness can yield an exceedingly large number 
of variables. In addition, if the original variables used to 
compute the transformed variables also have missing data, 
the imputation of the transformed variables themselves can 
add to the complexity of the imputation model. 

Why Are Too Many Variables a Problem?        

As the number of included variables increases, the risks 
of failure or lack of convergence also increases (for an ex
planation of convergence, see Little et al., 2016). This is 
one of the main considerations and a source of problems 
when imputing using a broad or inclusive strategy. As a 
minimum condition for the imputation model to converge, 
each variable has to have at least as many observations 
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(i.e., non-missing values) as the number of predictor vari
ables in the imputation model (Little et al., 2016). Small 
samples, large assessments, high missing data rates, inclu
sive and broad imputation strategies, and the inclusion of 
transformed variables can all lead to having more variables 
than observations, making this ratio quickly exceeded in 
many studies. A longitudinal cohort followed throughout 
the lifespan will quickly have more variables than observa
tions, but a study that seems “small” can also encounter 
these problems. For example, a cross-sectional study of 
100 participants with a 75-item questionnaire, the inclu
sion of 5 interaction terms, and 20% missing data rates on 
some items would have more variables than observations 
on some variables. 

Accordingly, for the purpose of this paper, large impu
tations refer to any imputation where the number of vari
ables is larger than the number of observations, making it 
inadmissible from the get-go. Numerous techniques have 
been developed to try and overcome the challenges related 
to the number of variables included in these large imputa
tions, but they are still relatively unknown. As such, the re
mainder of this paper gives an overview of these techniques 
to familiarize researchers with large imputations and guide 
those looking to conduct one to the appropriate resources. 
Note that while the ratio of variables per observations is a 
minimum requirement that should be met before even try
ing to run an imputation model, other factors, such as vari
able types, variable correlations, model complexity, missing 
data rates, and missing data patterns, can contribute to lack 
of convergence and exceedingly long imputation run times 
(Graham, 2012; Little et al., 2016). As the following tech
niques will decrease model complexity, they may also help 
in those instances. 

Imputation Techniques to Reduce the Number of        
Variables  

Item Aggregation   

In many psychological studies, the high number of vari
ables can be explained by the use of multi-item question
naires. As questionnaire scales are usually the result of a 
linear transformation of their items (sum or average), com
bining these items in some way before imputing can help 
reduce the number of variables for both joint modelling 
and FCS (Enders, 2010; Graham, 2012), without introduc
ing bias in the imputation. Two main methods of aggre
gating items exist: scales and parcels. Questionnaires usu
ally include one or more scales that are computed using the 
sum or average of their respective items. These scales can 
be computed before imputing the data, thus considerably 
reducing the size of the dataset. Parcels are aggregates of 
two or more items from a larger multi-item scale, which 
are used to reduce a multi-item scale to a few indicators 
to estimate latent factors in structural equation modelling. 
Thus, researchers planning to use this analytical method 
can compute parcels before imputing the data to reduce 
the size of their dataset by following recommendations to 
construct valid parcels, see Little et al. (2022). Parcelling 
as a data reduction technique for multiple imputation can 

also be useful for some projects that are not planning to 
use latent variables. Indeed, it is recommended that scales 
only be computed for participants with complete data on 
that scale since computing a scale by averaging non-miss
ing items when some items are missing can introduce bias 
(Matsunaga, 2008). Thus, parcels could be preferred when 
only a few items on the scale are complete and the others 
need to be imputed. 

Using aggregated items instead of individual items in 
multiple imputation has been validated in a few studies 
(Eekhout et al., 2018; Gottschall et al., 2012; Plumpton et 
al., 2016). In the study by Gottschall et al. (2012), no dif
ferences in bias were found in item-level vs. scale-level im
putation, but scale-level imputation was associated with 
lower statistical power compared to item-level imputation, 
which could be troublesome for small samples. A simu
lation study by Rombach et al. (2018) used instruments 
with general scale and specific sub-scale scores to compare 
item-level to subscale- and to scale-level imputation (n = 
100–1,030, missing data rates = 5–40%). Item-level impu
tation resulted in more precise score estimations, espe
cially when the rate of item-nonresponse was high. In small 
samples (<200), however, item-level imputation had con
vergence issues, and both subscale- and scale-level imputa
tion still yielded acceptable estimations. Thus, the authors 
recommended the use of subscale-level imputation when 
item-level was not feasible and, if further item aggregation 
was necessary, to then use full-instrument scales (Rombach 
et al., 2018). Finally, a recent simulation by Vera & En
ders (2021) looked at scale vs. item imputation in a longi
tudinal study, more specifically examining whether impu
tation results were influenced by the number of items per 
scale (five to 15), magnitude of inter-item correlations (.30 
to .50), rate of missing item data across waves (5–40%), and 
sample size (n = 250–1,000). When all items of a scale were 
missing for a participant, scale-level imputation was supe
rior to item-level, especially when the number of items was 
large or the missing data rate was high. No study has exam
ined imputation with parcels, although it could be expected 
to perform similarly to subscale-level imputation (Rioux, 
Stickley, et al., 2020). 

Item aggregation prior to imputation has been used in 
recent empirical studies, although little information on the 
missing data and imputation process is reported (Lobatto et 
al., 2020; Steffgen et al., 2020). As mentioned before, the 
main limitation of this technique is that scales or parcels 
can be aggregated only for participants with complete data 
on that scale or parcel to avoid bias. If one wants to com
pute scales or parcels before imputation but is using items 
with missing data, then passive imputation, presented 
next, may be preferred. 

Passive Imputation   

Passive imputation can be used to handle multi-item 
scales as well as any type of variable transformations during 
the imputation process. This technique has two main appli
cations. The first is to reduce the number of variables in the 
imputation model, for example by computing a multi-item 
scale, especially when all the items have some missing data. 
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The second is to include composite variables made from 
non-linear transformations of observed variables (e.g., in
teractions, quadratic terms) as their inclusion before impu
tation is needed to preserve their relations with other vari
ables of the analytical model, as explained above. When the 
observed variables to be used in the transformed variables 
have missing data, passive imputation is advantageous over 
the transform-then-impute technique described above. In
deed, passive imputation can compute transformations us
ing variables that have missing values while maintaining 
the relationship between items/observed variables and 
their scale/transformed variable (van Buuren, 2018; van Bu
uren & Groothuis-Oudshoorn, 2011). 

Because of its specification, this method needs to be im
plemented using FCS. In a classic imputation model, a vari
able with missing data is regressed on all other variables 
included in the model to predict its missing values. With 
passive imputation, a transformed variable is regressed on 
all its own items, but only on aggregated and transformed 
scores for other variables. For example, a scale item with 
missing data would be regressed on all items from the same 
scale, but only on the aggregated scores from the other 
scales and transformed variables included in the imputa
tion model. The item is not regressed on its own scale 
score to avoid multicollinearity. For an interaction term, 
the interaction variable would be regressed on all items 
included in the interaction, but on aggregated and trans
formed scores for all other variables. With this technique, 
missing transformed variables are not directly imputed. 
Rather, they are computed using the imputed observed 
variables and updated after each imputation. Their updated 
score is used to better predict item-level missing data in 
subsequent iterations (van Buuren, 2018; van Buuren & 
Groothuis-Oudshoorn, 2011). 

Passive imputation has been implemented in Stata (Stat
aCorp, 2023), S-PLUS (Venables & Ripley, 2002), IVEware 
(Raghunathan et al., 2022) and in the R package MICE (van 
Buuren, 2018). Some authors have also proposed a three-
step method that resembles passive imputation but can be 
done with any FCS imputation software; scales are man
ually computed before the imputation – ideally with their 
own imputation if they have items with missing data (En
ders, 2010, p. 271) – and, when imputing, items with miss
ing data are regressed on items from the same scale and ag
gregated scores from the other scales. Only item scores are 
kept after imputing. This manual method differs from pas
sive imputation because the scale scores are not updated 
after each imputation. 

Eekhout et al. (2018) performed a simulation study (n = 
150–250, 30% of subjects with missing data) and found that 
passive imputation performed better than item-level impu
tation in small samples, with fewer convergence failures. 
Concerning the imputation of a multi-category nominal 
variable computed from binary observed variables, Y. Pan 
et al. (2020) also found passive imputation to be superior 
to regular FCS imputation regardless of whether the binary 
observed variables used in the composite were included as 
auxiliary variables or not and across various model spec
ifications (n = 1,000–5,000, missing data rates = 5–60%). 

Similarly, passive imputation has been found to perform 
well in the estimation of linear and non-linear data trans
formations, using binary, categorical and continuous ob
served variables and various model specifications (n = 
1,000–5,000, missing data rates = 5–60%, MAR and MCAR) 
in complex study designs like longitudinal (≥ 3 waves) and 
multilevel models (k = 40–500, n per cluster = 5–30, two 
or three levels; Grund et al., 2018; Mitani et al., 2015; Wi
jesuriya et al., 2021). Several studies conducted passive im
putation using real-world data under various conditions (n 
= 120–12,115, missing data rates = 1–30%, usually with a 
MAR mechanism, longitudinal and multilevel models), and 
found similar encouraging results (Eekhout et al., 2018; 
Hayati Rezvan et al., 2022; Mitani et al., 2015; Y. Pan et al., 
2020; Sep et al., 2020; Wijesuriya et al., 2021). 

Item aggregation and passive imputation can thus be 
used to reduce the number of items when scale scores and 
other transformed variables are used. However, if variables 
cannot be reduced in these ways (e.g., there are many single 
item variables) or the dataset is not reduced enough, prin
cipal component analysis, presented next, can be used with 
all types of variables. 

Principal Component Analysis    

Principal component analysis (PCA; Hotelling, 1933; Jol
liffe & Cadima, 2016) is a dimensionality reduction 
method. It identifies common latent structures among the 
variables of an original dataset to form components, which 
are new and uncorrelated variables that capture the vari
ance of these common structures. As such, large datasets 
are reduced to smaller ones that still contain most of the 
original information (Jolliffe & Cadima, 2016). PCA can 
form up to n components where n is equal to the number 
of variables in the original dataset, but a smaller number 
of components is usually retained for data reduction pur
poses. The first principal component derived from the pro
cedure always captures the most variance, with each further 
component capturing a decreasing amount. This allows re
searchers to retain a minimal number of components while 
capturing a maximum amount of variance (Schreiber, 
2021). Accordingly, using principal components as predic
tors in the imputation model, instead of individual vari
ables, can drastically reduce the number of predictors while 
preserving as much information as possible and lowering 
the risks of convergence failures due to multicollinearity or 
overfitting (Howard et al., 2015). 

PCA for imputation is done in multiple steps. First, since 
PCA can only be conducted using complete data, a single 
imputation is done for each observed variable. While any 
single imputation method could be used, the imputation 
model is usually specified under the FCS approach to avoid 
problems related to too many predictors. While in narrow 
imputation, this specification could be done manually for 
each variable, other techniques or criteria can be used for a 
broad imputation. For example, only variables that are cor
related to a certain degree with a specific variable could be 
included as predictors in its single imputation model. At 
this step, variable transformations (e.g., polynomials, in
teractions) are computed using the original observed vari
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ables using transform-then-impute. After this single im
putation, principal components are extracted from the 
complete data. The number of components retained is usu
ally determined by the researcher based on the percentage 
of variance explained wanted (either in total across com
ponents or as a minimum percentage of variance explained 
per component). The principal components retained are 
then used as the predictor variables in the multiple impu
tation procedure instead of the original auxiliary variables 
(Howard et al., 2015). Single imputation is usually not rec
ommended to treat missing data as it underestimates SEs, 
increasing Type I errors, and does not consider the uncer
tainty of estimating missing values (Rioux & Little, 2021). 
When using PCA for imputation, however, the data gener
ated with the single imputation in the first step of the pro
cedure are not used for statistical inferences, but only to 
compute the principal component variables, where SEs are 
not relevant (Howard et al., 2015). 

Each step can be done manually and separately by the 
researcher in any statistical software that supports both 
PCA and imputation with FCS. However, the R (R Core 
Team, 2021) package PcAux (Lang et al., 2018) is usually 
recommended since it does all the steps almost automati
cally, from help with data preparation to the final multiple 
imputation, based on syntax specified by the researcher. 
Principal component variables can also be extracted and 
used in other multiple imputation procedures or as auxil
iary variables in analyses using full-information maximum-
likelihood (FIML; Howard et al., 2015). These component 
score predictors also benefit from being orthogonal, elimi
nating any collinearity issues among the predictors. 

A growing number of studies have examined the validity 
of this technique, with both simulated and real-world data. 
First, Howard et al. (2015) compared the PCA imputation 
technique to the inclusive approach using original variables 
in a simulation study (n = 50–1,000, missing data rates = 
10–80%). They compared the use of one linear principal 
component (made from eight auxiliary variables), one non-
linear principal component (made from the same eight aux
iliary variables, the square of those variables, and 28 two-
way interactions), and eight auxiliary variables without 
PCA (inclusive approach). Linear and non-linear PCA were 
as effective as the inclusive approach in removing the bias 
linked to missing data. Furthermore, the authors compared 
the PCA (one, seven, and fourteen components) and inclu
sive (49 observed variables) approaches with a real-data ex
ample, using a sample of 2,299 participants with 49% miss
ing data. Results showed that the PCA approach was more 
efficient than the inclusive one and yielded the smallest 
SEs. In this analysis, using seven components (40% vari
ance explained) was better (i.e., smaller SEs) than using 
only one, but using 14 components instead of seven did not 
further improve SEs (Howard et al., 2015). 

Next, a study by Hayati Rezvan et al. (2022) compared 
multiple missing data techniques with real-world data (n 
= 1,487, missing data rates = 20%, MAR, 30 covariates, 17 
items from two scales, four auxiliary variables, and one 
binary outcome). They specifically examined the imputa
tion of missing items in multiple-item scales using the PCA 

(2 principal components, 56% variance explained), inclu
sive (17 scale items) and passive imputation (2 scales) ap
proaches. The PCA approach performed as well as inclusive 
or passive imputation but had less convergence problems. 
All three techniques also performed slightly better than 
simply using scale scores as auxiliary variables, and Hayati 
Rezvan et al. (2022) hypothesized that this difference would 
increase as the number of items included and the rates of 
missing data increased as well. The effectiveness of dif
ferent PCA approaches when hundreds of variables are in
cluded in the imputation model was verified recently by a 
team of researchers via a series of simulations and real-
world studies (Costantini, Lang, Reeskens, et al., 2023; 
Costantini, Lang, Sijtsma, et al., 2023). Their studies in
cluded up to 500 original variables, with up to 56 extracted 
principal components. The PCA approach was overall ef
fective for this number of variables, with small bias and 
good statistical efficiency. Interestingly, Costantini, Lang, 
Reeskens, & Sijtsma (2023) found that when the potential 
auxiliary variables were highly correlated and components 
were chosen based on a total variance explained of 50%, us
ing only one component met the rule, but it predominantly 
contained noise variance. This suggests that using the vari
ance per component rather than the total variance across 
components may be preferable for determining the number 
of components. Both studies (Costantini, Lang, Reeskens, 
et al., 2023; Costantini, Lang, Sijtsma, et al., 2023) sug
gested that an efficient and reliable method to select com
ponents would be the Kaiser criterion (Guttman, 1954; 
Kaiser, 1960), which is to drop all components with eigen
values under 1.0 – meaning all components explaining less 
variance than single variables. 

Regarding categorical data, Kim et al. (2021) examined 
how the PCA approach performed by comparing it to the in
clusive imputation approach in a simulation study with one 
categorical outcome, one continuous predictor, and eight 
continuous auxiliary variables. They found that using one 
principal component led to lower bias in the imputation of 
the categorical outcome than the inclusive approach with
out PCA, especially when the sample size was small, the 
distribution of the categorical variable was asymmetrical, 
or the correlations between auxiliary variables were high 
(Kim et al., 2021). It is important, however, to declare cat
egorical data as such in imputation syntax to prevent bias 
in estimation (Lang et al., 2018; Manisera et al., 2010). In 
recent years, the PCA technique was also used to multiply 
impute data in a number of studies. While not all studies 
reported details on their implementation of the procedure, 
those who did report using anywhere from 11 to 65 princi
pal components to summarize 40–75% of the variance from 
the original variables (Gedal Douglass et al., 2020; Shogren 
et al., 2020; Shubert et al., 2020). 

Some limitations and questions concerning PCA still re
main. Among the validation studies to date, components 
have been formed only using observed/measured variables 
and two-way interactions (Hayati Rezvan et al., 2022; 
Howard et al., 2015; Kim et al., 2021). Furthermore, the 
reduction of only up to 500 variables has been examined 
so far, but broad and/or inclusive approaches could far ex
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ceed that number. Further validation studies are needed 
to better understand how PCA works with non-linear vari
ables (Costantini, Lang, Sijtsma, et al., 2023) and to test 
more complex simulations such as the inclusion of triple 
interactions and polynomials in the principal components 
and the use of principal components to reduce hundreds or 
thousands of variables. This would strengthen confidence 
in this technique as well as help decision-making for con
texts often encountered in psychological research. Further 
guidance on how many principal components to retain is 
also needed, although the best evidence so far is to use the 
Kaiser criterion. 

Item aggregation, passive imputation, and PCA can 
greatly reduce the number of predictors in an imputation 
model and can be used for any study design. In the case 
of a longitudinal study, however, one can also reduce data 
for imputation by restricting the number of data collection 
waves to include as predictors, which is done using the two-
fold fully conditional specification. 

Two-Fold Fully Conditional Specification     

Although the other three techniques presented can be 
used for longitudinal studies, the two-fold FCS technique 
was specifically developed for longitudinal data 
(Nevalainen et al., 2009). Including all data collection 
waves in one imputation model, especially in large long-
term longitudinal studies, can easily lead to having too 
many variables as well as multicollinearity problems. Ac
cordingly, two-fold FCS proposes that the imputation 
model for each variable includes the other variables from 
the same time point (t) along with variables from the waves 
just before (t-1) and just after (t+1), as these time points 
are the most likely to hold important auxiliary information 
(Welch, Bartlett, et al., 2014). As with other techniques, 
in a broad imputation, this may include all variables at 
each time point, while in a narrower imputation it may 
include the variables in the analytical model along with 
the auxiliary variables (in a longitudinal dataset, auxiliary 
variables would be expected to include, at minimum, the 
repeated-measure variables from t-1 and t+1). The time 
window can also be changed to include, for example, two 
times before and after (Welch, Bartlett, et al., 2014). The al
gorithm allows the imputation of all variables and data col
lection waves of a dataset, while also limiting the number 
of predictors for each variable to the adjacent time points 
(Nevalainen et al., 2009). It can also be useful to include 
time-independent variables (e.g., birth weight) in the pre
diction models of all variables (Welch, Bartlett, et al., 2014). 
Despite limiting the number of time points included in the 
imputation model, the number of variables may still be too 
high. As a solution, Nevalainen et al. (2009) recommend in
cluding as auxiliary predictors only the variables that ex
plain a certain amount of variance in the variable to be im
puted instead of all variables measured in t-1, t, and t+1, 
with their suggestion being to fix the minimum variance 
explained as low as possible for the imputation model to 
converge, starting as low as R2 > 0.001 and increasing as 
needed. 

In the two-fold FCS algorithm, time-independent vari
ables are imputed first so they can be used as predictors in 
the imputation of each time point. Afterward, each wave 
is imputed in chronological order using time-independent 
variables, same-wave variables and adjacent wave variables 
as predictors (Nevalainen et al., 2009). Two-fold FCS can be 
implemented in IVEware (Raghunathan et al., 2022), SAS 
(SAS Institute Inc., 2023) and Stata (StataCorp, 2023). 

Two-fold FCS has been shown to be a valid imputation 
method in three simulation studies (n = 561-5000, missing 
data rates = 50-70%, up to ten data collection waves). Re
sults showed that two-fold FCS introduced almost no bias 
compared to results with no missing data, although biases 
were a bit higher but still acceptable when missing data 
rates were higher (Nevalainen et al., 2009; Welch, Petersen, 
et al., 2014). A study by De Silva et al. (2017) used five 
waves of data and found that standard imputation (with all 
data collection waves included) was slightly more precise 
and less biased than two-fold FCS, but the latter became 
more precise when using two adjacent times before and af
ter t instead of one. In their study, Welch, Petersen, et al. 
(2014) used ten waves of data to compare two-fold FCS to a 
standard multiple imputation method but ran in too many 
collinearity issues to use all waves of data in the predic
tion model of the standard imputation model, highlighting 
the usefulness of two-fold FCS for long-term longitudinal 
studies. Multiple recent empirical studies have used two-
fold for their real-world data imputation. The datasets used 
varied from 10 to 45 time points to impute samples of 277 
to over 150,000 participants and used up to four adjacent 
time points (before and after) as predictors (Blackburn et 
al., 2018; Ferreira et al., 2018; Huybregts et al., 2019), but 
studies did not provide rates of missing data, or the number 
of variables included in the imputation model. 

By only keeping the two adjacent times as predictors, 
two-fold FCS has less risk of having multicollinearity or 
overfitting problems. It may nevertheless be desirable to in
tegrate more waves as predictors since one study found that 
this decreases bias (De Silva et al., 2017). Further method
ological research comparing the inclusion of different num
bers of waves would help better guide researchers. Still, the 
ideal number of adjacent waves included most likely de
pends on the study design, population studied, and vari
ables measured. As such, a good theoretical understanding 
of the variables studied and exploratory analyses will help 
to construct a proper imputation model by identifying 
waves that independently predict variables in time t, be
yond their association with adjacent time points (Welch, 
Bartlett, et al., 2014). 

Recommended Imputation Techniques    

Each technique presented in this paper aims to lower the 
number of variables in an imputation model to aid a suc
cessful imputation. They all have different requirements, 
strengths and limitations and can be used with different 
types of data. To help the reader choose which technique 
to investigate further and use in their data imputation, the 
following section provides a summary of recommendations 
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Table 2. Software and Syntax Guidance for Each Imputation Technique         

Technique 
MI 

Framework 
Software Syntax guidance and examples 

Multiple 
imputation 

Joint modeling Stata p.207-233 in StataCorp. (2023a) 

R package 
Amelia II 

Honaker et al. (2011) 

FCS R Package MICE van Buuren (2018) 
Berglund (2015) 

Stata p.140-168 in StataCorp. (2023a) 
Royston & White (2011) 
Berglund (2015) 

SAS SAS Institute Inc. (2023) 
Berglund (2015) 

SPSS IBM Corp. (2021) 

IVEware Raghunathan et al. (2022) 
Survey Research Center, University of Michigan (2023) 
Berglund (2015) 

Item 
aggregation 

Joint modeling 
FCS 

All software Basic syntax for creating variable using the sum or average of other 
specific variables (pre-imputation step) 

Passive 
imputation 

FCS R package MICE Chapter 6, section 6.4 in van Buuren (2018) 
Vink & van Buuren (n.d.) 

Stata p. 289-292 of StataCorp. (2023a) 

IVEware Chapter 2 in Raghunathan et al. (2022) 

Principal 
component 
analysis 

FCS R package 
PcAux 

Lang et al. (2017) 
Lang et al. (2018). 

Two-Fold Fully 
Conditional 
Specification 

FCS Stata 
(recommended) 

Welch, 2022 
Welch, Bartlett & Petersen (2014) 

IVEware add-in 
with SAS 

Raghunathan et al. (2022) 

and requirements for each technique and Table 2 provides 
information on how to implement each technique. 

Multiple Imputation (basic)    

This technique is recommended when the number of ob
servations does not exceed the number of columns in the 
data, there are little if any interaction terms, and a rela
tively low percentage of missing observations. In this case, 
the chance of having convergence issues due to the number 
of variables exceeding the number of observations is low 
and using a traditional multiple imputation method is a vi
able choice that is easier to implement. 

Item Aggregation   

This technique is recommended when the data contain a 
relatively large number of scale items that can be combined 
into either scale scores or parcels, and the analytical model 
to be conducted with the imputed data is going to be done 
on the scale or parcel level instead of on the item level (e.g., 
would not be used if the analysis planned is a factor analy
sis at the item-level). 

Passive Imputation   

This technique is recommended when the data contain 
multiple scales with items that need to be imputed at the 

item level, as well as items that are non-linear transforma
tions of other items which will be included in the analytical 
model or may be informative to include in the imputation 
model. 

Principal Component Analysis    

This technique is recommended when reducing the 
number of items by creating scale scores or parcels is not 
feasible (e.g., item-level analysis planned) and/or will not 
reduce the dataset enough. While the number of scale 
scores or parcels is predetermined, the number of principal 
components can be chosen to be under the variable-to-ob
servation threshold for the imputation model, often allow
ing a larger data reduction than the other techniques while 
allowing for the imputation of items and transformed vari
ables. 

Two-Fold Fully Conditional Specification     

This technique can be particularly efficient at reducing 
large-scale longitudinal data with many data collection 
waves. It is only recommended for studies that have at least 
four waves of longitudinal data since the method imputes 
three waves of data at a time (i.e., a focal time point, and 
the two adjacent time points). If the number of columns 
in three waves of data still exceeds the number of rows, 
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Table 3. Summary of Observations and Columns for the Fictional Vignettes Across Imputation Methods             

Columns 

Full 
dataset 

Item 
aggregation 

Passive 
imputation 

PCA 2F-FCS 

Observations Scale Parcel 

Pre-post study 78-102 140 32* 56* 21-40* ≤65* N/A 

Long-term longitudinal 200-800 1100 200∼ 400∼ 199-208∼ ≤65* 329∼ 

Note. Observation ranges depend on missing data rates on each variable. Column ranges, when applicable, depend on the predictors used for each type of variable. Parcels are done at 
3 parcels/scale. 
*Method meets column-to-observation ratio alone (without adaptation or combining with other methods) across all time points and variables. 
∼Method meets column-to-observation ratio alone (without adaptation or combining with other methods) for some time points and variables. 

then researchers can adjust the minimum amount of vari
ance explained by a predictor or implement one of the other 
three methods as they are also suitable for longitudinal 
data. 

Examples  

To illustrate how the previous techniques might be ap
plied to research, we will be using two fictional vignettes 
with studies of different complexities. These examples are 
explained based on a wide data format (i.e., each partici
pant is a single row and each variable, including repeated 
measures, is a column). The first example is of a pre-post  
test study  with several scales used to evaluate student at
titude and performance over the course of an after-school 
intervention. This example study has six 10-item scales be
ing used to evaluate students at both time points, result
ing in 120 columns of scale data, along with 20 single items 
representing demographic information and academic per
formance that were measured once, resulting in a total data 
frame that is 140 columns. Unfortunately, the program was 
only able to evaluate students in one school in the district, 
limiting the sample size to 120 students. This pre-post ex
ample resulted in 15–35% missing data due to students not 
completing the survey, or not being present at one of the 
two time points of assessment. This means that there are 
between 78 (35% missing) and 102 (15% missing) valid ob
servations for each measured variable. 

The second example is of a long-term longitudinal   
study evaluating how prejudicial attitudes towards margin
alized communities change over time as participants de
velop through middle school, high school, and post-high 
school education or employment, encompassing 10 time 
points in total. This study is using ten 10-item scales, re
sulting in 100 scale items at each time point, which are as
sessed along with 10 single items measuring demographic 
information at each time point, for a total of 1100 columns 
of data. This study has a sample of 800 participants at the 
first time point, but attrition reduces the sample to 500 by 
the end of high school, and post-high school follow-ups 
have a sample of 200. This attrition results in increasingly 
more missing data as the study progresses. 

Below, the result of all four techniques for both examples 
is explained, with the results for the observation-to-col
umn ration summarized in Table 3. 

Item Aggregation   

Applying item aggregation to our first illustration case 
which described a pre-post test study, these researchers 
would take the six scales they included in their survey and 
create six scale scores for each participant, reducing the 
number of scale items to 6 per time point, and reducing 
the overall number of items across both time points to 32 
columns. If the researchers instead wanted to create three 
parcelled indicators for each scale, the number of items 
would be reduced to 18 per time point and a final column 
count of 56 (36 parcels and 20 demographic questions). In 
this case, the researchers should ensure that the same par
celling scheme is used at both time points. The reduction to 
32 or 56 columns would meet the required column-to-ob
servation ratio. 

For our second illustration case of a 10-time-point lon
gitudinal study, the same general techniques would be ap
plied. Here, using scale scores instead of the individual 
items would result in 200 columns in the final data set (10 
scale scores and 10 demographic questions at each of the 
10 time points). If parcels were used instead of scale scores, 
this would result in 30 parcelled indicators and 10 demo
graphic questions per time point, totalling 400 columns in 
the final data set. Here, item aggregation would not be suf
ficient for post-high school time points, where there are 
200 participants. Thus, another method would need to be 
used with or instead of item aggregation. 

Passive Imputation   

To apply this technique to either of our illustration 
cases, researchers would first create scale scores for each of 
the scales in the data. Next, researchers would inform the 
imputation program that the scale scores are composed of 
the items that went into each scale. Following this, the re
searchers would generate a predictor matrix that identified 
the predictors of each scale item as the scale scores of the 
other scales in the data set. This predictor matrix would tell 
the imputation program to only use the scale scores from 
the other scales along with the other within-scale items to 
predict plausible values for each item in the data, reducing 
the number of predictors to a more manageable column to 
row ratio. 

In the first example, each scale item would have 40 pre
dictors (9 within-scale items, 11 scales and 20 single vari
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ables of demographic/academic indicators). The demo
graphic and academic variables, which are single-item 
scores, would have 21 predictors (12 scales and the 19 other 
single variables). Using passive imputation, the imputation 
model of the first example now respects the predictor-to-
observation ratio. For each variable, there are less predic
tors (40 or 21) than the minimum number of valid obser
vations (78, as there is a sample of 120 with a maximum of 
35% of missing data). 

In the second example, each scale item would have 208 
predictors (9 within-scale items, 99 scales, and 100 demo
graphic variables) instead of the original 1099. The demo
graphic variables would have 199 predictors (100 scales and 
99 other demographic variables). The imputation model of 
variables measured before the end of high school would 
meet the predictor-to-observation ratio (208 or 199 predic
tors for 500-800 participants). However, imputation of the 
post-high school time points may run into convergence is
sues due to attrition as there are only 200 participants left. 
Researcher would have to adjust the prediction matrix to 
reduce the number of predictors, by leaving out the less 
correlated one for example, or choose another imputation 
method to be used with or instead of passive imputation. 

Principal Component Analysis    

To apply this technique, researchers using the PcAux 
package in R (Lang et al., 2018) would either specify a 
finite number of principal components to extract (e.g., 8) or 
the percentage of explained variance wanted across compo
nents (e.g., 70%). As mentioned before, there are no firm 
guidelines on how many principal components to retain 
as predictors, but existing studies have used between one 
and 65 to explain up to 75% of the variance in the original 
dataset. Furthermore, studies reviewed above also found 
that using a large number of principal components may not 
be necessary to increase the predictive power in the impu
tation, as the proportion of variance explained is lower in 
each additional component, and that including too many 
components with low prediction power can introduce bias. 
In our two examples, even if researchers were to opt to re
tain as much variance as possible while following specifi
cations that have been previously conducted, they would 
specify 65 principal components. Even this larger number 
of components would greatly reduce the number of predic
tors and meet the predictor-to-observation ratio require
ment for both examples. Furthermore, it would ensure that 
there are no multicollinearity problems between variables, 
which could especially happen in the second example as the 
same items are measured year after year. 

Two-Fold Fully Conditional Specification     

This method would not be available to our first example, 
as it only has two time points, the pre- and post-test. For 
researchers in our second illustration depicting a 10-year 
longitudinal study, at a minimum, they would design a pre
dictor matrix that included variables in the focal time point, 
the previous time point (t-1), and the following time point 
(t+1). In this way, each variable’s set of predictors only has 

three time points of predictors, which would result in 329 
predictors. While this would reduce the ratio of predictors 
to observations, the number of predictors would still ex
ceed observations in the later time points when the sam
ple dropped to 200 participants. Like before, the number 
of predictors would need to be reduced even further. It 
could be done by increasing the correlation threshold as ex
plained above or by using multiple techniques, for example 
by computing parcels with non-missing scale items and us
ing those parcels in the two-fold conditional specification. 

Conclusion  

In conclusion, the techniques presented in this paper 
can help reduce datasets when conducting multiple impu
tation, helping convergence and overfitting problems when 
the number of variables is too high for the sample size. The 
more flexible FCS (MICE) imputation approach can be ad
vantageous when facing large imputations; all techniques 
presented in this paper can be implemented with this ap
proach. However, some reduction is also possible in joint 
modelling imputation, for example by using item aggrega
tion. It may also be possible to further reduce datasets by 
combining some of the methods presented in this paper, 
for example by implementing two-fold FCS with principal 
components or scale scores as auxiliary variables, although 
this has yet to be examined by methodological research. 
The methods presented are helpful for an inclusive impu
tation strategy with more auxiliary variables, thus allow
ing better estimation of the missing values (Collins et al., 
2001), and for conducting broad imputations that allow re
searchers to impute a dataset only once rather than each 
time an analysis is conducted. Still, a narrower strategy re
stricted to a small number of variables can also be valid if 
one wants to conduct a simpler imputation model (Graham, 
2012). To avoid bias, however, such a model should always 
include auxiliary variables that are most predictive of the 
MAR mechanism (Enders, 2010) and not just the variables 
in the analysis model. 
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