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Abstract 

 Taking advantage of the ability of modern missing data treatments in epidemiological 

research (e.g., multiple imputation) to recover power while avoiding bias in the presence of data 

that is missing completely at random, planned missing data designs allow researchers to 

deliberately incorporate missing data into a research design. A planned missing data design may 

be done by randomly assigning participants to have missing items in a questionnaire (multiform 

design) or missing occasions of measurement in a longitudinal study (wave-missing design), or 

by administering an expensive gold-standard measure to a random subset of participants while 

the whole sample is administered a cheaper measure (two-method design). Although not 

common in epidemiology, these designs have been recommended for decades by methodologists 

for their benefits - notably that data collection costs are minimized, and participant burden is 

reduced, which can increase validity. This paper describes the multiform, wave-missing and two-

method designs, including their benefits, their impact on bias and power, and other factors that 

must be taken into consideration when implementing them in an epidemiological study design.  

 Keywords: Methods, Missing Data, Bias, Data Quality, Research Design, Questionnaire 

Design, Measurement 
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Key messages 

• Planned missing data designs randomly assign values to be missing in a research design 

without introducing bias. 

• Planned missing data designs decrease data collection costs, improve data quality and 

decreasing participant burden. 

• The multiform design reduces the length of a questionnaire by randomly assigning 

missing questionnaire items. 

• The wave-missing design randomly assigns participants to miss one or more data 

collection occasion(s). 

• The two-method design randomly assigns participants to be administered a gold standard 

measure. 
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In recent years, the availability of advanced statistical software has allowed 

epidemiological researchers to be able to ask increasingly complex questions about the 

interrelationships of health-related variables over time. One of the most useful aspects of modern 

statistical techniques is that they allow the presence of missing data. Missing data is a common 

problem in epidemiological research, which is associated with a potential for bias that needs to 

be addressed. While most researchers used to omit whole cases with any missing data (e.g., 

listwise deletion), missing data techniques embedded in newer statistical software have, in 

certain cases, enabled them to recover missing information, leading to reduced bias and 

increased statistical power. The availability and ease of use of missing data estimation techniques 

also make implementing a planned missing data designs possible. These designs allow 

researchers to collect incomplete data while ensuring that the missing data introduced is missing 

completely at random and, thereby, does not introduce any bias (see definition below). While 

this idea of deliberately incorporating missing data into a research design may sound perverse 

and has not been thoroughly discussed in epidemiology, planned missing data designs have been 

recommended for decades as an efficient way to decrease data collection costs, improve data 

quality and maintain statistical power while also decreasing test burden on participants and 

controlling the missingness pattern [1-4]. In the present paper, we first review missing data 

mechanisms and treatments, which are at the basis of the efficacy of a planned missing data 

design, as well as the state of missing data reporting in epidemiology. Second, three types of 

planned missing data designs that may be beneficial for epidemiologic research are introduced: 

multiform designs, wave-missing designs and two-method designs. 
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Missing data mechanisms and treatments 

Missing data can arise from three basic mechanisms known as missing completely at random 

(MCAR), missing at random (MAR), and missing not at random (MNAR) [5, 6]. If the missing 

data are MCAR, then the missing values are unrelated to the observed variables, missing values, 

and all unmeasured variables, meaning that the cases with missing data are not different to those 

with non-missing data. In the MCAR case, modern missing data estimation procedures (e.g., 

multiple imputation, full information maximum likelihood; see below) provide unbiased 

estimates and recover most of the power that would be lost by deleting cases with missing data. 

If the missing data are MAR, the missing values can be predicted by other variables in the 

observed data (e.g., if participants with a higher body mass index (BMI) tended to skip a 

particular question but not participants with a lower BMI, then the missing values would be 

predicted by BMI). In the MAR case, again, the missing data procedures can provide unbiased 

estimates and recover power, as long as the observed variables that are correlated with the 

missing values are included in the missing data treatment. The degree to which missing data 

treatments can help obtain unbiased results when the data is MAR depends on whether variables 

associated with the missing data are measured and on their strength of association. Finally, if the 

missing data are MNAR, then the missing values are predicted by missing variables (e.g., if the 

participants with a higher BMI tended to skip a question on weight in an assessment, and there 

are no other observed indicators of body composition). In the MNAR case, modern missing data 

treatments cannot recover the missing information, and thus estimates remain biased. It is thus 

important during the design phase of a study to plan to collect data on variables that are likely to 

predict missing values.  

The two main recommended modern missing data estimation techniques are full 
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information maximum likelihood (FIML) and multiple imputation [7, 8, 5, 9]. FIML uses all the 

available data (complete and incomplete) to produce the most accurate estimates of means, 

variances and covariances, parameter estimates and standard errors in a single step. FIML is 

implemented by most structural equation modeling [10] software, and it can be used for a wide 

range of simple and complex analyses. The second technique, multiple imputation, is more 

frequently used in epidemiological research. Multiple imputation is a two-step approach. In the 

first step, m plausible values for each missing data point are imputed based on the information 

for the complete data. These values are substituted for the missing value to create m complete 

datasets. In the second step, the analysis is carried on each dataset, and the results are combined 

across datasets. In other words, MI uses a model for the joint distribution of the data. With both 

methods, it is essential to include key auxiliary variables in the estimation procedure. Auxiliary 

variables are variables that may or may not be relevant to the theoretical model but are thought to 

be related to the presence of missing values (e.g., sex, ethnicity, age, education, socioeconomic 

status, comorbid diagnosis, BMI, medications, insurance access, etc. [11-14]) Measuring and 

including the right auxiliary variables can turn unpredictable missingness into predictable 

missingness, thus reducing bias in the analyses. Still, even when using recommended missing 

data treatments such as multiple imputation, results may be biased from MNAR data, and there 

are also instances when results will be biased when missing data is MAR [15-17]. Thus, despite 

the availability, ease of use, and effectiveness of modern missing data treatments, it remains 

important to make efforts in the design phase of a study to ensure a minimal rate of unplanned 

missing data. 
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Review of missing data reporting 

In order to give an idea of the state of missing data reporting and treatments in epidemiology, we 

reviewed articles published in 2018 in journals aimed at a general epidemiological audience with 

a 5-year impact factor > 5.0 [18]: the American Journal of Epidemiology, Epidemiology, the 

European Journal of Epidemiology, and the International Journal of Epidemiology. A sample of 

100 studies that included questionnaire data for the predictors, outcomes, or covariates was 

randomly selected to be reviewed (see Supplementary Materials for more detailed methods and 

list of reviewed studies). Of those 100 articles, 87 mentioned missing data explicitly, with 66 

reporting the percentage of data missing, which ranged from less than 0.1% to 66.5%. 

Furthermore, of the 87 articles mentioning missing data, only 11 discussed missing data 

mechanisms. Four of these 11 studies assumed a MAR mechanism without providing details on 

whether this assumption was tested, and seven tested predictors of the MAR mechanisms. 

Of the 87 studies mentioning missing data, 77 gave details regarding missing data 

treatments. One study used FIML and 18 studies used multiple imputation. Regarding other 

missing data treatments, two studies used inverse probability weighting, four studies used single 

regression imputation, three studies used last observation carried forward, one study used mean 

substitution, two studies removed variables with missing data from their analytical plan, and 57 

seven studies used deletion (used with other missing data treatments in 11 cases). Assuming that 

studies that do not mention missing data or their missing data treatment used complete case 

analysis, deletion-based missing data treatment was the most commonly used method (70% of 

studies), followed by multiple imputation (18% of studies). 

Overall, this review suggests that there is still room for improvement regarding both 

missing data reporting and missing data treatment in epidemiology. 13% of studies did not report 
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anything regarding missing data. Minimally, all authors should report the extent of missing data 

in their studies. If no missing data are present, this should be stated. Ideally, authors should also 

aim to use appropriate missing data treatments. Deletion-based techniques were the most 

commonly used. If deletion-based techniques are used in instances where they have been shown 

to yield valid results, this should be stated by the authors. This valid use of deletion methods, 

however, was most likely not the case for many studies using these techniques, which are known 

to frequently lead to biased results in addition to reducing power [5]. As explained above, 

modern missing data treatments such as multiple imputation can reduce bias and increase power 

when data is MCAR and MAR. These advantages of modern treatments are important because a 

majority of studies did not mention testing missing data mechanisms. Predictors of missingness 

need to be tested and included as auxiliary variables in the imputation model, otherwise, even if 

missingness is MAR, the results will be biased to the same extent that they would have been if 

the missingness was MNAR. 

While proper missing data treatments minimize bias and maximize power when 

analyzing data with unplanned missing data, they also allow the implementation of planned 

missing data designs, which will be discussed next.  

 

Planned missing data designs 

Taking advantage of the potential of missing data treatments to recover power while avoiding 

any added bias for the portion of the data that is MCAR, planned missing data designs allow 

researchers to collect incomplete data by randomly assigning values to be missing in their 

research design. Planned missing data designs have been recommended because of their 

numerous benefits. First, these designs can reduce the length of a questionnaire or assessment, 
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thereby reducing the burden on the participant, which can increase data quality, lower unplanned 

missingness due to skipped items, unfinished questionnaires, and/or attrition, and reduce data 

collection costs. Second, by reducing the length of assessments, planned missing data designs 

can allow more items to be assessed in a study without increasing the burden on the participant 

[19-21]. These advantages are particularly relevant to epidemiology where many studies rely on 

cohort studies with extensive, repeated assessments, and could benefit from methods to reduce 

participant burden while maintaining or increasing data quality. Because unplanned missing data 

is usually unavoidable, a reduction in unplanned missing data can result from the implementation 

of these designs [21], which could also improve data quality. As reviewed above, some 

epidemiological studies have a high missing data rate (above 50%), and the benefit of reduced 

unplanned missingness may be especially important for studies where those higher missing data 

rates are expected (e.g., due to the design, population). The remainder of this paper introduces 

three planned missing data designs that could be beneficial for epidemiological research.  

 

Multiform designs 

The multiform design (also called split-questionnaire design, partial-questionnaire design and 

split-ballot design) reduces the length of a questionnaire by creating multiple forms that each 

contain a subset of the items to be assessed [22-25]. The simplest one of these designs is the 

three-form design, where all items are assigned to one of four sets (X, A, B, or C), which are 

then combined to create three forms (or questionnaire versions). As shown in Table 1A, each 

form is composed of the X block (sometimes called the “common” block) and two of the three 

remaining blocks. Participants are randomly assigned to one of the forms and some data is 

obtained for all pairs of items, which is important since it makes it possible to estimate all 
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covariances. 

Several considerations must be taken into account when constructing the item sets, 

notably regarding items assigned to the X set, which are the items answered by all participants. 

This set should include demographic variables as well as other key variables that may predict the 

MAR mechanism for unplanned missing data. These key variables can be identified through a 

literature search for the predictors of missingness in previous studies with populations and 

designs similar to the study in which the three-form design will be implemented. Some also 

advise that at least one item per scale should also be included, which usually is the most reliable 

item (e.g., with the highest factor loadings from a factor analysis, or the highest item-total 

correlations [4, 20]). The rest of the items from each scale would be distributed across the 

remaining blocks (A, B or C) as sets of items. This method of distributing scale items across sets 

is associated with better results when examining associations between variables, with more 

efficient regression coefficients and correlations [26, 27], which is a benefit for most 

epidemiological studies. Another method would entail assigning whole scales to item sets, but is 

only efficient when a study’s main objective is to examine scale structure (e.g., factor analysis 

[26, 27]) It can also be beneficial to include single items (i.e., that are not part of a scale) in the X 

set, particularly low-base rate items such as suicide ideation or gating variables such as “are you 

pregnant?”. The key to the three-form design is to randomly assign each person one of the three 

forms so that the missing items are missing completely at random. 

Beyond the three-form design, the multiform design may include more item sets, which 

introduces more planned missingness and thus further reduces the length of the questionnaire. In 

all instances, each form would still include the X set and two additional sets, with all 

combinations of sets being included so that all covariances can be estimated (e.g., six-form 
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design with five item sets, see Table 1B). The number of sets used may be influenced by the 

scales included in the study. Indeed, if the majority of the scales included in the study have a 

large number of items, they may be divided among more sets than if smaller scales are used [19]. 

Furthermore, when more sets are included, a lower proportion of participants will answer each 

pair of items. Thus, the number of sets should be limited unless sample is very large (about 40 

participants per form is recommended as the minimum sample size [20]). 

Multiform designs can be implemented both in cross-sectional and longitudinal studies. 

When implementing the design in a longitudinal study, different methods may be used to assign 

participants to forms over time (i.e., participants could have the same form at each measurement 

occasion, or a different form at each measurement occasion (recommended). One study found 

that when scales are distributed across sets (as recommended above for studies interested in 

associations between variables), the attribution of the same or different forms at each 

measurement occasion did not have an impact on efficiency (i.e., did not have an impact on the 

precision of the estimation of parameters [26]). Still, if repeated-testing effects are a concern 

with the variables included in the study, assigning different forms across time may be beneficial 

[20]. Furthermore, if scales were kept together within item sets (which, as mentioned above, is 

beneficial for factor analysis), assigning participants to different forms across measurement 

occasions was more efficient [26]. 

Such methods are suited for clinical questions where investigators wish to explore and 

understand an unknown phenomenon or test a hypothesis. For example, Varni et al. [28] 

published a study of parallel pediatric self-reports and parent proxy-report items investigating the 

individual item-level discrepancies between children aged 8–17 years and their parents using the 

PROMIS pediatric pain scale. Two hundred and ninety-three proxy report items from 10 content 
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domains were administered to 1,548 parents of the 8- to 17-year-old children. To reduce 

respondent burden, a multiform design was used in which items were divided among nine forms, 

with each item appearing on three of the forms, and each parent was administered one of the nine 

forms [29, 28]. 

 

Benefits and power considerations  

Simulation studies have shown that results with a multiform design are reliable and similar to 

results from complete data designs for both cross-sectional and longitudinal research [26, 30-32]. 

Participants perceive questionnaires from multiform designs to be shorter, less boring, and less 

repetitive [33], which may be particularly relevant for large cohort studies, which tend to 

administer long assessments to have data on a wide variety of variables, and are frequent in 

epidemiological research. Research has also shown that a reduction in participant fatigue and 

boredom obtained from a planned missing data design may lead to more valid data, stronger 

effects, and fewer skipped items [21]. Furthermore, multiform designs can reduce repeated-

testing effects when it is a concern in a study with multiple assessments, if participants answer 

different items at each assessment [4, 20]. Still, statistical power needs to be considered since 

efficiency can be lower in the presence of missing data, meaning that standard errors are bigger 

and thus power declines. When using a multiform design, efficiency is lower when parameters 

are estimated using items from different sets. If scale items are spread across sets as 

recommended above, regression and correlation parameters estimated using these scales are 

efficient if the imputation is conducted at the item level, and the impact on power is minimized 

[34, 26, 27]. 

A sample size of at least 115 was found to be sufficient for the implementation of the 
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three-form design for the convergence of a one-time-point model and two-time-point model, and 

a sample size of 175 was found to be sufficient for a three-time-point mediation model 

(convergence rate > .9, for three constructs, all measured at each time point, factor loadings > .7, 

within-time covariances .2 to .5, autoregressive coefficients .4 to .9, cross-lagged paths .1 to .4, 

with 5% unplanned missingness [35]). Similar to studies without planned missing data, the 

complexity of the analytic model and expected effect sizes must be taken into consideration 

when determining sample size. Monte Carlo simulations can be used for power analysis to 

determine the required sample size when implementing a three-form design, a method detailed in 

Schoemann et al. [36]. An advantage of this method is that it can estimate power while taking 

into consideration not only imposed planned missing data, but also expected levels of unplanned 

missing data (which, like effect sizes, can be estimated based on previous studies). These power 

analyses can be used for all planned missing data designs presented in this paper. 

 

Wave-missing designs 

The wave-missing (planned attrition) design randomly introduces planned wave nonresponse in a 

longitudinal study by assigning participants to miss one or more data collection occasion(s). 

Many patterns of missing data may be introduced (see Table 2) and researchers can tailor this 

design to maximize efficiency while reducing repeated measurement effects and costs. The best 

pattern of wave-missing data may differ depending on the research questions. Methodological 

research on the subject has been restricted to growth trajectories, for which concentrating the 

planned attrition and nonparticipation in the middle waves (see Table 2C) is associated with 

more efficient parameters [37, 38, 30]. These simulations suggest that the end points of a growth 

trajectory provide more information than the middle points for the estimation. Accordingly, for a 
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spline function (i.e., two linear growth trajectories connected at a transition point), the estimation 

is more reliable when data is complete for the point of change and the planned wave-missing 

data is distributed among the other waves [39]. For studies examining growth trajectories that 

have hypothesized parameter values, an algorithm was developed to identify the most efficient 

pattern of planned missing data for the model [40]. Further methodological research is needed to 

identify whether wave-missing designs are efficient for longitudinal models other than growth 

trajectories.  

A cross-sequential design is often used in epidemiology [e.g., 41, 42, 43] and can also be 

analyzed as a wave-missing design [19, 44]. A cross-sequential design starts with a cross-

sectional design and participants are then followed longitudinally. For example, as shown in 

Table 3, cohorts of 50, 51, and 52 year-olds at Wave 1 could be measured for four consecutive 

years until they are 53, 54, and 55 years old, respectively. This cross-sequential design can be 

transformed into a wave-missing accelerated longitudinal data design [44] where the youngest 

group is missing data at 54-55 years, the middle group is missing data at 50 and 55 years, and the 

oldest group is missing data at 50-51 years (see Table 3). In this example, a 6-year span is 

measured in just 4 years.An additional example of a wave-missing design in epidemiology could 

be applied to a time-lag model with variation in exposure times. For example, health effects 

associated with exposures to risk factors always occur with some delay and modeling temporal 

patterns of risk due to time-varying exposures is challenging. A design with time-lag exposure 

variation can be arrayed longitudinally, so that each lag is a potential data collection point, and 

each participant has data at the first time point plus one other time point (e.g., a participant with a 

4-month time lag has complete data at time points 1 (baseline) and 5 (4 months), and missing 

data on time points 2 (1 month), 3 (2 months), 4 (3 months), and 6 (5 months)). In this way, 
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complete two-time-point data are transformed into a planned missing data design with multi-

time-point data that can be analyzed as, for example, a growth curve model. This design is of 

particular interest in environmental epidemiology when investigating the short or long-term 

associations between exposures such as air pollution or whether variables and health outcomes 

such as mortality, myocardial infarction or disease-specific hospital admissions.  

 

Benefits and power considerations 

With similar benefits to multiform designs, wave-missing designs can reduce repeated-testing 

effects (if they are a concern for the variables included in the study), reduce participant burden, 

and dramatically reduce data collection costs. Despite these similar benefits, multiform designs 

applied longitudinally may be more efficient than wave-missing designs. Indeed, a study found 

that for longitudinal designs, multiform designs used at each occasion have a minimal impact on 

efficiency compared to wave-missing designs, which were associated with lower efficiency and 

more biased estimates and standard errors [30]. Conversely, cost savings can be greater with 

wave-missing designs, especially if assessments include laboratory or home visits and not only 

questionnaires, and thus the costs of lower efficiency need to be weighted with the benefits of the 

design [19], especially in a context of reduced research and public health funding [45, 46]. 

Monte Carlo power analyses can be used to determine whether a study will have the power to 

detect the hypothesized effects after implementing a wave-missing design [36]. Planned missing 

data designs may also be combined to maximize the benefits, for example with a multiform 

design for questionnaires and a wave-missing design for more costly laboratory visits or 

biological assessments. 
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Two-method design 

The two-method design is for the specific situation where researchers are faced with the choice 

between two measures: a gold standard that is more expensive, intrusive, time-dependent and/or 

time-consuming, and a biased measure that is inexpensive, non-intrusive, time-dependent and/or 

time-saving [23]. This dilemma may occur for many health-related variables commonly 

examined in epidemiology for which direct observation or biological assessments as well as self-

report measures are available, including, for example, smoking [47], stress [48], puberty [49], 

body composition [50], and physical activity [51]. Using the gold standard may lead to an 

underpowered study because its high cost results in a smaller sample size, but using the biased 

measure can reduce the validity of the study. 

The two-method design introduces missing data by administering the biased measure to 

the whole sample of participants and administering the gold-standard measure to a random 

subsample of those participants. Therefore, this design allows researchers to get the best of both 

worlds: more power than if using only the gold-standard measure, and more validity than if using 

only the biased measure. The two-method design takes advantage of structural equation 

modeling to separate the latent bias from the latent construct. In other words, including the more 

valid gold-standard measure allows one to statistically control for the bias in the easily gathered 

measure. Importantly, the biased measure must be a systematically biased measure of the same 

construct that is assessed with the gold standard measure. Furthermore, because latent factors are 

used for this design, both the gold-standard and biased measures must include two or more 

indicators to distinguish the reliable variance from the unreliable variance and to parse the 

reliable variance into a bias construct and focal construct (i.e., the construct of interest) [23]. 

For example, as detailed in Graham et al. [23], although smoking self-reports are 
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considered reliable in most circumstances, they may not be valid in instances where social 

desirability is greater, such as with adolescents or pregnant women. In such instances, the two-

method design may be used by having all participants fill out a self-report measure (with at least 

two indicators) and measuring biomarkers such as cotinine and carbon monoxide on a random 

subsample of participants. The two-method design would also be a good fit for epidemiological 

research on stress. Indeed, not only can stress be measured both through biomarkers (cortisol) 

and self-reports, but it has also been recommended to use both types of measures as stress is 

characterized by the co-occurrence of cortisol changes and the subjective appraisal related to a 

perceived inability to cope with unpredictable or uncontrollable situations [52, 48]. Self-reported 

measures of stress, however, are systematically biased and objective cortisol measurements are 

more costly and demanding for participants. Thus, as with the smoking example, the two-method 

design could be used by having all participants fill out a self-reported stress questionnaire (with 

at least two indicators) and measuring cortisol (e.g., in hair and saliva) on a random subsample of 

participants. The stress variable would then be modeled with a latent factor approach (see Figure 

1) where both the self-reports and cortisol measures load on a common factor (capturing the 

variance that is common across both measures), and the self-reports also load on a bias factor 

(capturing the variance that is shared only among the indicators of the self-reports after 

conditioning on the common factor). The resulting common factor would represent the common, 

unbiased variance between the self-reports and the cortisol measurements. 

The two-method design can be implemented in longitudinal studies. On the one hand, if 

the bias in the biased measure is known to be equal over time, the gold standard may be 

measured at only one wave. On the other hand, if the bias changes over time, measuring the gold 

standard only once can result in biased results. Thus, when bias is unstable over time, the gold 
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standard must be included at several measurement occasions for the results to be accurate and 

efficient. If the factor structure and stability of the bias over time are unknown, it may be safer to 

include the gold standard at every measurement occasion [53]. 

 

Benefits and power considerations 

The key benefit of the two-method design is that it can maximize power and validity while 

managing costs and increasing study feasibility. When a construct is measured using the two-

method design and modeled using the latent variable approach described above before being 

included in a larger model, regression parameters were found to be (1) more valid than if only 

the biased measure was used, and (2) more efficient than if only the gold standard was used with 

a smaller sample (i.e., power is higher using the two-method design than using only the gold 

standard with a smaller sample [23]).These features are a key difference of the two-method 

design compared to the multiform and wave-missing designs. Indeed, while a reduction in 

efficiency must be factored into the power estimates when implementing the multiform and 

wave-missing designs, the two-method design increases power for small sample studies using 

gold standard measures or increases validity for large-sample studies using more biased 

measures.  

The proportion of the sample that receives the gold standard is an important 

consideration. At a fixed cost, if more participants receive the expensive measure, sample size 

decreases along with efficiency, but if not enough participants receive the gold standard measure, 

the bias in the other measure becomes more difficult to estimate and efficiency also decreases. 

The ideal proportion of participants receiving the two measures depends on the reliability of the 

measures, the cost ratio between the two measures, and the effect sizes between the construct 
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measured using the two-method design and other variables. Graham et al. discuss how to 

estimate the proportion of participants assessed with the expensive and inexpensive measures 

using these criteria [23] and Monte Carlo power analyses can also be used to determine sample 

size [36]. 

 

Conclusion 

Missing data is ubiquitous in epidemiological research, with some studies having rates of 

missing data that are over 50%. Although this missing data can bias results and reduce power, 

modern missing data treatments allow researchers to reduce these consequences of missing data. 

Still, as researchers can never be certain that unplanned missing data did not have an impact on 

their conclusions, prevention is key, and studies should be designed to minimize unplanned 

missing data and their impact on data analyzes, for example by making sure to collect potential 

auxiliary variables for the missing data treatments. Planned missing data designs can also be 

implemented and have been shown to have the potential to reduce unplanned missing data [21]. 

These designs also reduce participant burden, which can be beneficial for all studies, and 

especially beneficial for large epidemiological cohort studies with extensive, repeated 

assessments. 

Methodologists have recommended planned missing data designs based on undeniably 

sound statistical theory, and the availability and ease of use of missing data treatments have 

made their implementation possible for applied researchers. Increasingly, methodological 

research provides sound recommendations for effective and valid use of these designs. As this 

research continues to grow, planned missing designs will undoubtedly become more common in 

many research fields, including epidemiology. If a planned missing data design is carefully 
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planned for the specific needs of a study, both power and validity can be optimized. Power 

analyses taking planned and unplanned missing data into consideration should be conducted 

prior to data collection. Although missing data can decrease efficiency, reductions in cost 

obtained through the implementation of a planned missing data design can allow an increase in 

sample size that easily offsets the loss in power. Furthermore, through a reduction in participant 

burden (multiform design and wave-missing design) or use of a gold-standard measure (two-

method design), implementing a planned missing data design has the key advantage of increasing 

validity. Considering their many benefits discussed in the present article, planned missing data 

designs should definitely be utilized in the design of future epidemiological studies. 
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Figure 1 Path diagram illustrating the latent variable modeling of the two-method design. k 1⁄4 

Estimated loading of an indicator on the construct.  
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Table 1 Two multiform designs 

 

 

 

 

 

 

 

 

 

 

✓ item set is administered; – item set is omitted. 

 
  

A. Three-form design 

Form Set X Set A Set B Set C 

1 ✓ ✓ ✓ – 

2 ✓ ✓ – ✓ 

3 ✓ – ✓ ✓ 

B. Six-form design 

Form Sex X Set A Set B Set C Set D 

1 ✓ ✓ ✓ – – 

2 ✓ ✓ – ✓ – 

3 ✓ – ✓ ✓ – 

4 ✓ ✓ – – ✓ 

5 ✓ – ✓ – ✓ 

6 ✓ – – ✓ ✓ 
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Table 2 Three examples of planned wave-missing designs 

A. Monotone Decreasing  

Group W1 W2 W3 W4 W5 W6 

1 ✓ ✓ ✓ ✓ ✓ ✓ 

2 ✓ ✓ ✓ ✓ ✓ – 

3 ✓ ✓ ✓ ✓ – – 

4 ✓ ✓ ✓ – – – 

5 ✓ ✓ – – – – 

B. One wave missing  

Group W1 W2 W3 W4 W5 W6 

1 ✓ ✓ ✓ ✓ ✓ – 

2 ✓ ✓ ✓ ✓ – ✓ 

3 ✓ ✓ ✓ – ✓ ✓ 

4 ✓ ✓ – ✓ ✓ ✓ 

5 ✓ – ✓ ✓ ✓ ✓ 

C. Middle waves missing 

Group W1 W2 W3 W4 W5 W6 

1 ✓ ✓ ✓ – – ✓ 

2 ✓ ✓ – ✓ – ✓ 

3 ✓ – ✓ ✓ – ✓ 

4 ✓ ✓ – – ✓ ✓ 

5 ✓ – ✓ – ✓ ✓ 

6 ✓ – – ✓ ✓ ✓ 

✓ item set is administered; – item set is omitted; W = Wave of assessment (i.e., measurement 

occasion) 

 
  



 30 

Table 3 Example of a cross-sequential design transformed into a wave-missing accelerated 

longitudinal data design 

 

 Cohort-sequential design 

Age in years for each cohort at each wave 

Cohort initial age W1 W2 W3 W4   

50 years 50 51 52 53   

51 years 51 52 53 54   

52 years 52 53 54 55   

 Transformation into the wave-missing accelerated longitudinal design 

Full span of ages covered and wave of assessment for each cohort 

 50 years 51 years 52 years 53 years 54 years 55 years 

50 years W1 W2 W3 W4   

51 years  W1 W2 W3 W4  

52 years   W1 W2 W3 W4 

 

W = Wave of assessment. Adapted from Little (2013) [44]. 
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