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Abstract Purpose: The purpose of this study is to present a longitudinal planned missing design used to conduct
a physical activity intervention in public middle schools (6th – 8th grades) in a rural Appalachian county. Method:
Program outcome measures were collected at 13 points, with 33% participant random selection, and complete
measures of demographic and anthropometric variables. Results: Of the 4,621 randomly selected participants over
the three-year span, missing after random selection was highest for pedometers (74.68%), but also high for PACER
(44.47%) and 3DPAR (41.9%). No differences were found on demographic or anthropometric variables, suggesting
missing completely at random (MCAR) data on the planned missing data. Participants with missing data after
random selection were more likely to be older, male, and in the 8th grade, suggesting missing at random (MAR) data.
Conclusions: Results suggest the use of the planned missing design allowed for the feasible evaluation of the
intervention using modern missing data analysis to account for MCAR and MAR data.
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1. Introduction
School leadership and personnel realize their role in
promoting health and achievement of the whole child,
which includes providing students with educational
foundations of health, and opportunities to participate in
health-enhancing activities throughout the school day
[1,2]. The school setting is an optimal environment for the
implementation of interventions targeting youth physical
activity as adolescents spend a large portion of time in
school [3]. As a result, the past two decades have been
marked by a significant growth in school-based physical
activity interventions across the United States along with
an increase in local, state, and federal support for these
types of initiatives [4]. Many researchers are now focusing
on evaluating the effectiveness of school-based physical
activity interventions, and how to best assess program
outcomes. These efforts aim to improve health promotion
programs in schools with the ultimate goal of enhancing
students’ positive behaviors and attitudes toward physical
activity as well their physical fitness levels [5].
There are some challenges in assessing physical activity
interventions in the school setting. Participants’
compliance with assessment protocols, school schedule,
staffing, equipment costs, and attrition can create barriers
to the adequate, valid, and reliable assessment of physical
activity in youth. Physical activity is challenging to assess
across all ages, but particularly so for early adolescence.

During this age, not only do physical activity levels start
to decline, they begin to decline at different ages by
gender. According to a recent meta-analysis, this decline
can start as early as age 9 in girls whereas the decline was
higher in boys in the 13-16 age group [6].
The choice of selecting a particular measure of physical
activity depends on the study design, available resources,
and the age of participants. Within middle school students,
the most commonly used assessment methods to obtain
physical activity data in the school environment are often
subjective (e.g., self-report questionnaires, interviews,
proxy reports, logs/diaries, and direct observation) rather
than more expensive and time-consuming objective
measures (e.g., pedometers, accelerometers, heart rate
monitors, and criterion-referenced fitness tests) [7]. With
each of these physical activity measures, whether
subjective or objective, there are potential limitations that
can affect the validity and reliability of the data. In this
study, a combination of three different objective and
subjective measures were used; thus, we explore
limitations inherent to each of these measures, with
particular detail related to missing data.
Motion sensing equipment such as the latest,
technologically advanced pedometers (along with their
more expensive counterpart accelerometers) are often
hailed as a valid, cheap, and easy-to-use measure of
objective physical activity assessments in schools [7,8].
Despite these strengths, pedometer use also has some
major limitations to consider. Notably, particularly among
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adolescent and early-adolescent children, compliance (i.e.,
lack of consistency in wearing the monitors during data
collection periods, lost pedometers, or tampering with or
resetting the pedometer) becomes a major issue. Because
of this, many researchers will only include data in which
the pedometer has been worn a minimum of 4 days, which
can result in >30% sample exclusion [9]. Causes of
missing data for accelerometer were studied within a large
Chinese sample, where they found that collecting data
during the weekend days was more likely to lead to
missing data, and that the 1st day had the lowest amounts
of missing data, while the last day had the most missing
data. Finally, they found that male participants had
slightly higher amounts of missing data than did their
female counterparts for most days [10].
Aerobic capacity is often used as an indicator of overall
physical fitness. The Progressive Aerobic Cardiovascular
Endurance Run (PACER) test is an objective aerobic
capacity test component of the FITNESSGRAM, a
criterion-referenced test that assesses health-related fitness.
However, measurement issues present themselves in the
school environment, including social desirability bias that
causes participants to “opt out” or not perform to potential.
Children are asked to run laps until they feel like stopping
and are given credit for “attempting” a single lap, and thus
may stop prior to giving an accurate measurement of their
aerobic capacity. Voss and Sandercock [11] note that
among healthy volunteers in a high school setting, most
achieved maximal effort; however, there were still some
individuals where they noted substantial below maximum
effort, likely due to “the product of social pressure felt by
girls to not out-perform their peers or not wishing to
continue running alone during the test” (p. 60).
The 3-Day Physical Activity Recall (3DPAR) is a
validated subjective (self-report) instrument that is
designed to measure usual moderate and vigorous physical
activity among adolescents [12]. This measurement is
accomplished by prompting the student to recall what
physical activity they did, for how long, and at what
intensity. To improve the accuracy of the recall, each day
is segmented into 34 30-minute time blocks, and
commonly performed activities grouped into 55 categories.
Each activity is then rated by intensity level. The recall is
completed in one reporting session for three days of the
previous week. The task of recall is quite complex, which
could cause inaccurate reporting or lack of reporting (i.e.,
causing missing data); indeed, research has found validity
of the instrument decreases as the recall period increases
from 1 to 3 days [12,13]. Sirard and Pate [7] note that selfreport questionnaires greatest limitation as a measure of
estimating physical activity in children is the subjectivity
inherent when individuals are asked to respond to
questions about their behavior, resulting in recall errors,
deliberate misrepresentations, social desirability and other
biases.
Thus, physical activity interventions in the public
school systems, particularly for early adolescents, are
often clouded by assessment problems that are not
corrected for in the final analysis model, and may only be
included in study limitations, or ignored completely. For
example, McNamara, Hudson, and Taylor [14] note in a
review of the literature on pediatric pedometer use,
pedometer compliance is an under-reported but important
issue.

1.1. Missing Data: Not all Missing Data are
Created Equal
Missing data and clarifying the reasons for that missing
data can be a unique challenge when often missing data
are based on the targeted outcome, a type of data called
“missing not at random” or MNAR. If, for example, an
adolescent wearing a pedometer elected not to wear it
because they knew they did not walk as much as their
peers, this would be considered MNAR data and difficult
to adjust for within intervention designs. Failing to adjust
for MNAR data would make it impossible to determine
whether the results of the physical activity intervention are
actually due to the intervention or to the limited sample
that remained after drop-out, and may completely reverse
the actual effects had the data not been missing.
Alternatively, missing data can take two other forms,
including missing completely at random (MCAR) or
missing at random (MAR). When missing data is MCAR,
then the reason for missing is completely unrelated to the
missing values. MCAR is the most ideal type of missing
data; for example, if an adolescent misplaced their
pedometer then the reason that adolescent pedometer is
missing is not due to their fitness level. This is a strong
assumption, and it is far more common to see the next
preferred type of missing data, MAR. MAR occurs when
the outcome is not missing due to the outcome after
controlling for some other variable in the analysis. For
example, MAR occurs if the missing pedometer data was
due to gender (perhaps females are more likely to not wear
their pedometers), but within each gender the probability
of missing data on pedometers is unrelated fitness.
1.1.1. Analyzing Missing Data
When we can account for the reason for missing data
using these missing data patterns if MCAR or MAR, we
consider this information “ignorable” [15]. When missing
data becomes ignorable, modern missing data techniques
such as Full Information Maximum Likelihood (FIML)
[16], Restricted Maximum Likelihood (REML) [17], or
Ignorable Likelihood (IL) [18] methods, including
Multiple Imputation (MI), could be used to recover the
power of lost data, reduce error inflation, and avoid bias
introduced by utilizing traditional forms of missing data
approaches [19]. In the event of MNAR, more complex
analysis is needed as the outcome would need to be jointly
modeled with the association between the outcome and
probability of response using techniques such as pattern
mixture modeling.
To make matters more confusing, a single dataset can
have more than a single mechanism of missing data,
which can include both ignorable and nonignorable
missing data mechanisms. But if we can group data by the
mechanism for missing, we can mathematically account
for the missing information. For example, let’s say we
know data is missing both completely at random and also
due to gender within the pedometer dataset. Using Ender’s
[20] notation based on Rubin’s [15] work for the three
types of missing data mechanisms (MCAR, MAR, and
MNAR) we demonstrate the importance of grouping
reasons for missing data. The conditional distribution of
the missing data indicator matrix is denoted as R, and is a
binary matrix showing 0 for missing values. Y indicates
the data values, with subscripts for denoting observed
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(Yobs), missing (Yobs), and complete (Ycom) data.
Finally, φ denotes the parameter that describes the
relationship between R and the data. The probability of the
reason for missing can be reduced to P ( R | φ ) for MCAR
(the probability of missing data on pedometers is unrelated
to pedometer steps), P( R | Yobs , φ ) for MAR (the
probability of missing data on pedometers is related to
some observed characteristic, like gender), and the full
function P( R | Yobs , Ymis , φ ) for MNAR (the probability of
missing data on pedometers is related both to some
observed and unobserved pedometer data). MAR would
depend on the Ycom variable associations with the reason
for missing. Grouping subsets of the pedometer data based
on the missing data mechanism, defined now as G, could
then contribute to the individual probability for the reason
for missing via PG ( Ri | Yobsi , Ymisi , φi ) for i ∈ G .
Determining the true distribution for each G would
improve imputation ability to account for each type of
missing. Please additionally see Little & Rubin [21] for a
more complete understanding of probability functions
within the use of missing data patterns.
1.1.2. Planned Missing Data Design
In an effort to reduce missing data across all assessment
types, planned missing data designs are often
recommended [22] with the concept that randomly
selected data points would reduce MNAR and allow
MCAR or MAR assumptions to stay true. Planned missing
designs combined with modern missing data analysis
methods allows for ways to cut costs regarding
assessments, improve data quality, and reduce participant
fatigue and practice effects [23]. While planned missing
designs can take several different forms [22] including
giving a longer measure to a small subsample of a larger
study (two-method measurement designs), we focus on
two designs in particular: a multi-form designs and
longitudinally-designed missing measurement time points
(wave missing designs) [24].
Multi-form designs attempt to reduce the number of
items or questions that participants fill out by creating
multiple forms that contain subsets of the total items.
Typically, this type of design includes the three-form
design [25], which divides assessment items into 4 subsets
including a common block X and three partial blocks (A,
B, C). The X block is administered to all participants first
and allows for testing potential missing at random (MAR)
assumptions. Thus, this X block usually includes
demographic information or some other primary outcome.
The three partial blocks are then combined into three
combinations (AB, BC, and AC) and administered to onethird of study participants to allow sufficient overlap
between information. Multi-form designs are considered
ideal when specific conditions are met; according to
Rhemtulla and Little [23] these include: 1) The ideal
battery of assessment is too long otherwise (e.g., due to
time or attention constraints), 2) it is possible to increase
sample size (due to likely decreases in power in this type
of design), 3) the research focus is at the group rather than
individual level, and finally 4) the sample size is
sufficiently large. Once these requirements are met, multiform designs can take on many forms and are limited only
by the practical necessities of the research design. This
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type of design is often used in cross-sectional studies and
can be easily extended to multiple time points.
In contrast to the multi-form design, wave missing
designs occur when individuals are planned to have data
missing on one or more occasion in a longitudinal design.
For example, if a longitudinal evaluation measures all
participants at baseline, but randomly excludes a group of
participants over a series of repeated measurements, this
would be considered a wave missing design form.
Interestingly, this wave missing type of design can be
combined with a multi-form design at each measurement
occasion (Little & Rhemtulla, 2013). Ideally, any of the
planned missing designs strives to maximize covariance
coverage (or the amount of available information due to
overlap between variables) while minimizing the fraction
of missing information (or the amount of missing
information).

1.2. Summary and Study Goals
In summary, assessments of physical activity
interventions often have data missing, and this missing
data is rarely taken into account (or even reported). This is
particularly problematic because data can be missing due
to the outcome of physical activity (a type of missing data
called MNAR), and therefore impact interpretation of the
results of these studies. Researchers conducting physical
activity interventions should 1) attempt to decrease
MNAR data by using a planned missing design, 2) report
missing data mechanisms and patterns, and 3) analyze the
data using statistical analysis appropriate to the missing
data mechanism.
We can examine the presence and absence of data in the
planned missing design to see if there are missing data
patterns. These missing data patterns have different
probability functions related to the occurrence of MCAR,
MAR, and MNAR data. If we plan for data to be missing,
then there should be no discernable missing data pattern
beyond our intended planned missing (the presence of
missing data would not be linked to fitness level, for
example). Even with planned missing data, we often see
several patterns of missing data emerging at the same time.
The goal of this study was to present a longitudinal
planned missing design, using a modified wave-missing
multi-form design, which enhance power and outcomes
for a physical activity (PA) intervention conducted in
public middle schools (6th – 8th grades, range of ages 1016, average age 13) in a rural Appalachia county in the
USA. In order to use several physical activity measures,
including the costly pedometers, the decision was made to
use random sampling across collection periods (resulting
in partial blocks of the PA measures) but complete X
block measures on all participants, thus resulting in a
modified wave-missing, multi-form design. A final goal of
this study was to define which type of missing data group
an individual had at a given time point, assuming the
missing data type was independent by time point.
Specifics of project design and set-up, including grant
requirements, are included in detail under methods.
Detailed descriptions of the missing data and types of
missing data are included in results. Finally, strengths and
limitations of this design, including barriers found in this
project, are presented in the discussion.
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conducted using a random selection Excel macro made
available by PEP upon approval of random sampling,
wherein after noting the total number of eligible students,
random selection of 33% of the numbers between 1 and
that total number were given. These numbers were then
linked to row number within the eligible list. A dummycoded variable was included in the dataset to denote
whether the participant was randomly selected or not for
the given evaluation time point. Complete measures were
available to all participants each year for Body Mass
Index (BMI) and general demographic information,
including age, gender, school and classroom. PEP also
included an excel macro that attempted to account for the
missing design within reporting the primary outcomes.
This method would not be appropriate, however, for the
final assessment and research piece of the project as the
excel macro only adapted the final number of those
meeting a given grant outcome requirement (ie, grant
required Government Performance and Results Act of
1993 (GPRA) goals of number of participants obtaining
60 minutes of PA a day, meeting age-appropriate
cardiovascular fitness levels, and eating at least two fruits
and three vegetables daily) to make reported numbers
consistent across PEP grant awardees, and did not use a
modern missing data approach to make this correction for
random sampling among the few selected PEP sites.

2. Methods
2.1. Grant Requirements
Data from this article were based on a three-year
school-based health intervention funded by the Carol M.
White Physical Education Program (PEP) grant awarded
in 2011. Details of the PA intervention and general
descriptive statistics of the study outcomes (e.g., [26]) can
be found elsewhere. Institutional approval of the protocol
was obtained, allowing “opt-out” informed consent,
wherein parents of participating students were provided
with the opportunity to sign a document (or call the
project manager) if they did not wish their child to
participate in the study. This information was provided via
letters sent home with the child at the beginning of every
school year. Children could also decide to not participate
at any point during the evaluation.
Within the required PEP grant evaluation components,
specific data collection and design elements were required.
Grant requirements mandated evaluation over three years
of intervention to include 13 collection periods. This
timeframe included a “baseline” collection period prior to
any intervention activities, four other collection periods of
evaluation data the first year, four collection periods the
second year, and four collection periods the third year.
Greenbrier CHOICES project was one of the few
selected among PEP awardees to be permitted random
sampling across the assessments. The random selection
was conducted in two middle schools and included all 6th,
7th, and 8th grade attendees (except for those who optedout of the project). A master list of all students including
identification allowed longitudinal connections. The
master list was updated each year to account for incoming
6th grade students, those leaving or entering the school
district over the summer months, and those exiting 8th
grade. An eligible student list was maintained from the
master list to account for those who opted out of the study.
For every collection period, random selection was

Date

1

2*

PEP grant requirements permitted us the use of randomized
participant selection. To better account for the inevitable
loss of power and missing information using this design,
we planned to conduct a modified wave missing, multiform planned missing design. Although related to a classic
multi-form design, the three-form design was not
conducted. The common block X was administered to all
participants each year (demographics and BMI assessment;
see collection periods 2, 6 and 10 in Table 1).

Table 1. Planned Missing Design, n=2,075
Year 2

Year 1
Collection
Period

2.2. Adaption of the Multi-form Design

3

4

5**

6*

7

8

9

Year 3
10*

11

12

13

Total

2/22/12 3/21/12 4/08/12 5/09/12 9/27/12 10/07/12 02/13/13 3/20/13 4/17/13 9/25/13 11/20/13 3/27/14 4/09/14

n

1180

1165

1165

1137

1202

1050

1050

1050

1042

1145

1137

1137

1137

14597

Randomized

364

364

364

360

368

313

356

356

352

355

349

360

360

4621

By Grade
Per group

7 (n= 409)

8 (n=389)

2,075
n complete
(Attrition)
318 (80)

7 (n=395)

8 (n= 382)

n+6 (left back a year)

361 (28)

8 (n=387)

n+7 (left back a year)

6 (n=398)

6 (n=411)

380 (0)
7 (n=374)

348 (63)

6 (n=382)

382 (0)

*BMI done on all children, assigned to collection periods 2, 6, and 10
**Collection period was labeled as year 1 in PEP grant materials.

However, all evaluation outcome measures (instead of
the one-third of the evaluation measures in the three-form
design) were given to the randomly selected participants
each collection period. Thus, there were only 2 different
forms (X block and outcome measures), but the outcome
measures were given to only one third of the eligible

participants at any data collection period. Since each of
the 13 collection periods over the three-year period also
included participants who were entering and leaving the
middle school system, this design type allowed for some
individuals to have data spanning three years but did not
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likely permit any student to complete all 13 evaluation
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periods (Table 2).

Table 2. Demographics of Participants and Descriptive Statistics (Unique Cases Presented by Year, Total Unique n = 2,075)
Year 1
Year 2
Year 3
n=1,180
n=1,202
n=1,137
Grade
6
398 (33.73%)
7
395 (33.47%)
8
387 (32.80%)
Gender
Male
609 (51.61%)
Age
M (SD)
13.29 (0.95)
BMI category
Total
n=1,023
Under/Normal
581 (56.79%)
Overweight
182 (17.79%)
Obese
260 (25.42%)
BMI percentile
M (SD)
70.85 (27.49)
Randomly selected
Not selected
257 (21.78%)
One time
496 (42.04%)
Two times
337 (28.56%)
Three times
90 (7.63%)
Four + times
0 (0%)
Physical Activity Measures
Unique cases presented by year; if multiple measures average presented
Pacer Laps
n=527
M (SD)
26.48 (15.15)
3DPAR
Day 1
n=612
M (SD)
4.75 (5.19)
Day 2
n=595
M (SD)
4.49 (5.08)
Day 3
n=582
M (SD)
4.77 (5.37)
Pedometer Steps
Day 1 Total
n=626
M (SD)
5571.04 (2990.5)
Day 2 Total
n=621
M (SD)
8195.79 (4314.1)
Day 3 Total
n=579
M (SD)
7250.32 (5100.7)
Day 4 Total
n=490
M (SD)
4939.93 (4574.0)
Day 5 Total
n=472
M (SD)
4581.64 (4170.4)
Physical Activity Measures Pearson Correlations (r) with BMI percentile
Pacer Laps
n=477
r
-0.34**
3DPAR
Day 1
n=555
r
0.09*
Day 2
n=539
r
-0.06,
Day 3
n=528
r
0.03
Pedometer Steps
Day 1 Total
n=566
r
-0.09*
Day 2 Total
n=562
r
0.013
Day 3 Total
n=525
r
-0.05
Day 4 Total
n=446
r
-0.02
Day 5 Total
n=434
r
-0.04

411 (34.19%)
409 (34.03%)
382 (31.78%)

382 (33.60%)
374 (32.89%)
381 (33.51%)

598 (49.75%)

555 (48.81%)

13.07 (0.95)

13.04 (0.97)

n=811
454 (55.98%)
161 (19.85%)
196 (24.17%)

n=1,021
599 (58.67%)
186 (18.22%)
236 (23.11%)

71.21 (27.17)

69.28 (27.80)

209 (17.39%)
372 (30.95%)
415 (34.53%)
151 (12.56%)
12 (1%)

199 (17.5%)
498 (43.8%)
394 (34.65%)
46 (4.05%)
0 (0%)

n=648
21.83 (16.40)

n=798
24.08 (17.16)

n=636
6.85 (6.01)
n=632
4.33 (4.75)
n=618
4.19 (4.93)

n=813
7.08 (6.10)
n=808
4.17 (4.58)
n=805
3.98 (4.79)

n=197
4564.80 (3968.8)
n=197
6790.73 (4824.7)
n=199
6665.65 (4288.6)
n=172
5775.26 (4916.9)
n=160
4826.43 (4343.0)

n=194
3766.14 (3644.5)
n=217
4673.11 (4673.7)
n=209
3813.45 (3905.6)
n=193
2879.61 (3359.3)
n=182
2914.29 (3848.6)

n=506
-0.27**

n=746
-0.30**

n=499
0.04
n=494
-0.07
n=483
0.01

n=759
-0.01
n=756
-0.04
n=752
-0.04

n=154
0.04
n=152
0.10
n=153
0.02
n=130
0.03
n=116
0.00

n=178
-0.08
n=202
-0.03
n=195
0.03
n=181
-0.05
n=169
-0.03
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2.3. Measures
Measures on the common block X were reported by the
school and included gender, grade, and birthdate. Student
age at collection period was calculated using the school
reported birthdate for each collection period. Height and
weight, used for BMI calculations, were collected by
school nurses and calculated by evaluation team using
CDC EpiInfo nutstat software, v. 9.02.
Other evaluation outcome measures included the
number of steps each day of five-day pedometer use
recorded by the pedometer, the number of PACER laps
run on evaluation day as recorded by an evaluation team
member, and a self-reported number of moderate-tovigorous half hour activity blocks each day of a 3DPAR.
A complete description of evaluation measures and
procedures, along with more specific details about these
measures can be found elsewhere (e.g., citation omitted
for blind review). For the purpose of this study, a total
number of PACER laps completed were used to indicate
PACER laps; the intraclass correlation over the three-year
span indicated consistency within individuals (ICC=0.67).
Pedometer steps were summed for each day of the five
recorded days; Cronbach α of the five days (year 1 n=416
α= 0.67, year 2 n= 134 α= 0.55, year 3 n=148 α=0.80)
indicated sufficient reliability that items could be
combined for a scale score, although year 2, in particular,
was below the desired α= 0.70. Likewise, number of halfhour activity blocks (range: 0 to 32) were added together
for each day of the 3DPAR; cronbach alpha of the three
days (year 1 n=575 α= 0.71, year 2 n= 618 α= 0.76, year
3 n=803 α=0.81) indicated sufficient reliability that items
could be combined for a scale score.

2.4. Planning Missing Data Management
Data were kept in an Excel spreadsheet by a data
manager. Spreadsheets were kept separate for each
evaluation collection period. At the end of the grant, a
longitudinal database was constructed using SAS. First,
data were stored in “long” rather than “wide” format,
permitting multiple rows per participant rather than a
single row. This process was done due to a large number
of evaluation items (particularly for the 3DPAR and
pedometers). Each year, the master list for randomization
was used and combined with a single variable denoting
collection period (1 through 13; complete for all
participants in the master list) and another variable
denoting whether the participant was randomly selected
during that collection period (0 for not selected, 1 for
selected, plus an indicator for missing from the master
file). Missing data were recorded for each individual for
each time point as missing based on random selection,
missing on the random selection variable, and selected but
missing in a given evaluation measure. Data were then
combined with the evaluation assessments. BMI
assessments were included in collection periods 2, 6, and
10 as the screenings occurred closest to those evaluation
dates. Otherwise, evaluations were matched according to
ID and collection period.

2.5. Statistical Analysis
All statistical analysis and data management for this
particular project were conducted in SAS 9.4. Counts and

percentages are reported for some cases and observations
for describing categorical data along with missing data
patterns of data. Means and standard deviations are used
to describe continuous data.
Sensitivity analysis between random selection, and
random selection and missing were conducted on
variables included for all individuals, including BMI
percentile, age at collection period, grade, and gender.
BMI percentile, collected on most individuals and
categorized as an X block variable, was anticipated to be
associated with all PA outcomes but was only correlated
with PACER (Table 2). If missing data were linked to
different BMI percentiles, we assumed data to be MNAR
(i.e., missing due to the outcome) instead of MAR or
MCAR. For example, if students were selected to
participate in PACER laps but a subgroup of those
selected decided to not participate because they were not
as fit, we should see associations between BMI percentiles
and the variable noting the absence of their PACER laps.
If present and missing data were not significantly different
based on other X block variables, we assumed MCAR on
the random selection variable (planned missing data) only.
In other words, if selected students do not participate in
the PACER laps, that variable denoting missing would not
be linked to any outcome or other demographic variable,
and the presence of missing data are truly random. Other
differences on X block variables linked to missing data
was considered MAR. For example, if 6th grade students
were selected to participate in PACER laps but were not
able to because of a field trip, the reason for their missing
data would not be linked to their fitness level, but instead,
be associated with the students’ grade. The analysis to
determine reason for missing included chi-square, t-tests
and general linear model analysis of variance tests
depending on variable type between the variable noting
presence or absence of missing data if selected on each
outcome measure (i.e., unplanned missing data for
PACER, pedometers, and 3DPAR) and each X-block
variable (BMI, age, grade, and gender.)
Two types of missing data patterns are reported using
SAS software. This includes PROC CALIS, the SAS
package used for modeling FIML missing data and PROC
MI, used to model MI missing data. Since BMI (available
on all participants) were assigned to collection periods 2, 6
and 10, these collection periods were selected to present
missing data results. Missing data models included X
block demographic (gender, grade and age, i.e., no
missing data) as well as continuous primary grant
outcomes; results are presented for: (1) BMI percentile, (2)
total pedometer steps by day (for 5 days), (3) number of
moderate-to-vigorous physical activity half hour blocks by
day (for 3 days) and (4) number of PACER laps run.
Results included: (1) the most common missing data
patterns (in other words, what missing values tended to
co-exist), (2) covariance coverage (or the proportion of
participants with complete data for each combination of
measures) with minimum desired covariance coverage of
10% [20], and (3) fraction of missing information (FMI;
or the proportion of a parameter’s sampling error due to
missing data) with desired FMI below 20% [20]. After
analysis by collection period, missing data analysis was
conducted on year data, in which collection periods were
averaged for grant outcomes within years.
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3. Results
A total of 315 students opted-out of the project over the
three-year span, for a final response rate of 91.53%. Thus,
the final dataset included 15,278 rows, with 2,075 unique
students included. Of the 15,278 observations, 689 were
missing information about the random selection (4.5%)
due to declining to further participate in the study after
previous participation, and 4,621 (31.67%) were selected
for random participation. The random sampling was done
across all the students in the grades together, rather than
within each grade, and did result in relatively even
representation of the grades (Table 1). 150 students were
selected for measurement every year for all three years,
646 had measures for two years, and 1,262 had a single
year of data measure. Demographics (block X variables)
for the unique sample can be found in Table 2. No missing
data was recorded for gender, grade, and student age at
collection period; however, 1,202 BMIs were missing
over the 3-year span (7.87% missing). Students missing
on this X-block variable tended to be slightly older
(average age 13.33 versus 13.11, p < 0.0001) but no
differences were found on gender or grade.
As expected, no differences were found based on
random selection on any of the X block variables,
including grade (p = 0.928), gender (p = 0.562), age (p =

0.98), BMI percentile (p = 0.24), or BMI z-score (p= 0.11),
suggesting MCAR on the planned missing data.
Analysis of the additional 4.5% missing on the random
selection variable revealed no differences among
including gender (p = 0.654), BMI percentile (p = 0.50),
or BMI z-score (p= 0.27). However, those with attrition
on the random select variable were more likely to be older
(p < 0.001; M = 13.61, SD = 0.79) than those who were
either randomly selected (M = 13.11, SD = 0.99) or those
who were not randomly selected (M = 13.11, SD = 0.98),
and more likely to be in 8th grade (p < 0.001; 52.54%)
than those either randomly selected (31.57%) or not
randomly selected (31.71%). Results suggest the presence
of MAR data due to attrition based on age in our middleschool sample.
Further exploration was done to examine associations
between random selection and missing on other grant
outcomes. Of the 4,621 selected participants over the
three-year span, missing on selected was highest for
pedometers (n = 3,451, 74.68%), but also surprisingly
high for PACER (n = 2,055, 44.47%) and 3DPAR (n =
1,936, 41.9%). Table 3 expands on these three outcomes
in particular. Of particular note, participants with missing
data after random selection were more likely to be older,
male and in the 8th grade. However, differences were not
significant on the X block variable BMI percentile, again
suggesting the presence of MAR rather than MNAR.

Table 3. Description of Missing Data if Selected on Grant Outcomes (n = 4,621 Observations)
Variable
n
M (SD)
Type of missing
PACER
BMI percentile
Selected, not missing
529
68.00 (28.16)
Missing on selected
336
72.13 (25.89)
Pedometer
Selected, not missing
363
68.35 (27.43)
Missing on selected
502
70.51 (27.30)
3DPAR
Selected, not missing
621
69.30 (27.25)
Missing on selected
244
70.39 (27.67)
PACER
Student age at screening
Selected, not missing
2566
12.99 (0.95)
Missing on selected
2055
13.25 (0.99)
Pedometer
Selected, not missing
1170
13.00 (0.97)
Missing on selected
3451
13.14 (0.97)
3DPAR
Selected, not missing
2685
13.04 (0.96)
Missing on selected
1936
13.20 (1.00)
N (%) Male
PACER
Gender
Selected, not missing
1328 (51.75%)
Missing on selected
998 (48.56%)
Pedometer
Selected, not missing
535 (45.73%)
Missing on selected
1791 (51.9%)
3DPAR
Selected, not missing
1284 (47.82%)
Missing on selected
1042 (53.82%)
N (%) 6th
N (%) 7th
N (%) 8th
PACER
Grade
Selected, not missing
1028 (40.06%)
862 (33.59%)
679 (26.34%)
Missing on selected
605 (29.44%)
667 (32.46%)
783 (38.1%)
Pedometer
Selected, not missing
496 (42.39%)
348 (29.74%)
326 (27.86%)
Missing on selected
1137 (32.95%)
1181 (34.22%)
1133 (32.83%)
3DPAR
Selected, not missing
1013 (37.73%)
880 (32.77%)
792 (29.50%)
Missing on selected
620 (32.02%)
649 (33.52%)
667 (34.45%)
Outcome
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t-value, p-value
-2.17,
p = 0.030
-1.14,
p = 0.253
-0.53,
p = 0.598
-9.07,
p < 0.0001
-4.46,
p <0.0001
-5.37,
p < 0.0001
Chi-square, p-value
4.64,
p = 0.03
13.31,
p = 0.0003
16.21,
p < 0.0001
Chi-square, p-value
86.84,
p < 0.0001
34.19,
p < 0.0001
19.29,
p < 0.0001
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For collection periods 2, 6 and 10, select grant
outcomes are presented in Table 4. Notably, for these
three collection periods missing data patterns showed the
most common pattern was the presence of X block
variable information and absent on all others (56%-64.8%).
The next most common pattern was the presence of X
block variables except BMI percentile (7.7%-29.6%) and
missing only on pedometer data (2.2%-11.6%). The
average proportion of coverage of covariances ranged
from 0.13 to 0.21; smallest covariance coverage was 0.036

Variable
BMI
percentile
Pacer laps
3DPAR
Day 1
3DPAR
Day 2
3DPAR
Day 3
Pedometer
steps day 1
Pedometer
steps day 2
Pedometer
steps day 3
Pedometer
steps day 4
Pedometer
steps day 5

Table 4. Planned Missing Design, n=2,075
Collection period 2
Collection period 6
Complete n = 64, Total n = 1,180
Complete n = 20, Total n = 1,202
Proportions
Proportions
Fraction of
Fraction of
Smallest
Smallest
of data
of data
missing
missing
covariance
covariance
present for
present for
information
information
coverage
coverage
means
means

Collection period 10
Complete n = 55, Total n = 1,137
Proportions
Fraction of
Smallest
of data
missing
covariance
present for
information
coverage
means

0.867

0.130

0.526

0.675

0.039

0.500

0.899

0.090

0.195

0.147

0.121

0.854

0.114

0.040

0.844

0.250

0.086

0.720

0.196

0.112

0.911

0.141

0.049

0.855

0.267

0.090

0.915

0.182

0.113

0.850

0.140

0.049

0.841

0.265

0.090

0.911

0.177

0.110

0.857

0.138

0.048

0.841

0.262

0.090

0.691

0.187

0.118

0.861

0.052

0.036

0.835

0.107

0.074

0.944

0.189

0.116

0.858

0.059

0.040

0.842

0.124

0.092

0.661

0.169

0.105

0.921

0.058

0.041

0.836

0.119

0.089

0.929

0.143

0.092

0.865

0.052

0.037

0.837

0.106

0.083

0.848

0.140

0.091

0.847

0.056

0.036

0.837

0.096

0.074

0.972

Table 5 presents the grant outcomes collapsed into
years 1 through 3. On average, responses were present for
a single observation for 11.81%-44.59% of evaluation day
measures, and responses were present for more than a
single observation for 0.7%-27.88% of evaluation day
measures. Again, presence of all X block variables and
missing on all others was the most common missing data
pattern (21.8%-30.5%), followed by missing on BMI for
the X block variables (0.5%-6.4%) and missing only

Variable
BMI
percentile
Pacer laps
3DPAR
Day 1
3DPAR
Day 2
3DPAR
Day 3
Pedometer
steps day 1
Pedometer
steps day 2
Pedometer
steps day 3
Pedometer
steps day 4
Pedometer
steps day 5

(pedometer steps days 1 and 5, collection period 6).
Ideally, we would have complete data on roughly .33
(since we had roughly 33% participation) with preferred
lowest covariance coverage of .10. While the average
covariance coverage is within that range, the item
covariance coverage is below this preferred amount. The
largest fraction of missing data was 0.972 (pedometer
steps day five at collection period 10), indicating a large
proportion of the sampling error to be due to missing data.

pedometer data (highest for year 3: 45.8%). Average
proportion coverage of covariances ranged from 0.29-0.47.
Smallest covariance coverage was 0.097 (BMI percentile
and pedometer steps day 5, year 2). The largest fraction of
missing data was 0.96 (pedometer steps day five at year 3).
The proportion of missing data, covariance coverage and
fraction of missing information were all improved by
collapsing within years over single collection period
information.

Table 5. Missing Data Information by Year
Year 1
Year 2
Complete n = 240, Total n = 1,180
Complete n = 66, Total n = 1,202
Proportions
Proportions
Fraction of
Fraction of
Smallest
Smallest
of data
of data
missing
missing
covariance
covariance
present for
present for
information
information
coverage
coverage
means
means

Year 3
Complete n = 113, Total n = 1,137
Proportions
Fraction of
Smallest
of data
missing
covariance
present for
information
coverage
means

0.867

0.368

0.288

0.675

0.097

0.286

0.899

0.149

0.254

0.447

0.302

0.556

0.539

0.120

0.451

0.702

0.153

0.137

0.519

0.302

0.627

0.529

0.122

0.323

0.715

0.156

0.121

0.504

0.347

0.567

0.526

0.122

0.496

0.711

0.155

0.294

0.493

0.341

0.349

0.514

0.121

0.166

0.708

0.155

0.252

0.531

0.384

0.662

0.164

0.112

0.906

0.171

0.130

0.792

0.526

0.378

0.286

0.164

0.116

0.872

0.191

0.153

0.832

0.491

0.353

0.531

0.166

0.119

0.903

0.184

0.149

0.880

0.415

0.305

0.802

0.143

0.114

0.943

0.70

0.139

0.375

0.400

0.302

0.615

0.133

0.097

0.923

0.160

0.130

0.960
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4. Discussion
In general, use of the planned missing design, coupled
with PEP grant requirements, allowed feasible evaluation
of the PA intervention in a public, middle school setting in
rural Appalachia. With this design, further analysis on the
longitudinal dataset can involve advanced modeling
techniques using any modern missing data method,
including FIML for use in structural equation modeling,
REML for use with general linear mixed modeling, and
MI for use with any general analysis method.
Results from an in-depth examination of the type of
missingness on X block and PACER test, in particular,
suggest the presence of MAR based on demographic
rather than outcome variables. In other words, we believe
that students were missing on outcome variables due to
older and male, rather than actual fitness or physical
activity levels. Grouping should thus include two different
MAR groups, one based on being older (to account for
attrition on the random selection variable) and another
based on being male and in 8th grade (to account for
missing on evaluation outcome measures). Unfortunately,
the other outcome measures of 3DPAR and pedometer
steps were not significantly correlated with BMI at the
item level, minimizing MAR and MCAR inferences based
on the data. Future data should include PACER as an Xblock variable, which is correlated with other PA outcome
data.
Despite the use of the planned missing design, high
rates of unplanned missing data were consistent across
evaluation pieces and particularly high for pedometer use.
Thus, this modified wave missing multi-form design,
combined with MAR type missing data, resulted in low
covariance coverage and high FMI, making it more
difficult to recover missing information using a modern
missing data analysis method.
Collapsing within years improved covariance coverage
and fraction of missing information, generally above the
desired .10 for covariance coverage and near or below
the .20 for FMI except for pedometer use. This type of
collapsing may be desirable for improved imputation fit,
except that collapsing the data voids the assumption of
independence of reason for missing (i.e., an individual
student may now have missing data due to both MAR of
difference types and/or MCAR, a mixing of group G in
the probability function). Since collapsing the data voids
this vital assumption of imputing missing data, it would
not be recommended for use.

4.1. Strengths
Results indicate some recovery of missing data
information due to MAR and MCAR (and not due to
MNAR) with this planned missing design and thus
improved power over ignoring missing data. Examination
of why the unplanned missing data occurred additionally
allows grouping so that recovery of missing data will be
more successful using imputation or modern missing
method techniques. These results can inform other
physical activity interventions that occur in middle school
settings so they can account for unplanned as well as
planned missing data.
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Consistent with the previous literature on this type of
study design, costs were much lower due to equipment
purchasing of pedometers, hiring substitute teachers
during assessments, and costs of scanning responses or
hand entering into databases. Also, data quality was
improved due to smaller datasets for cleaning purposes.
Assessment fatigue, always an issue with so many
assessments and measures in such a short span of time,
particularly for young adolescents, was reduced.
It is important to note that the constant evaluation of
data collection procedures during regular team meetings
over the three-year period and consequent refinement of
the data collection protocols contributed to reduced
assessment fatigue and management of missing data.
Further, on-site data collection and data management
across the grant period was facilitated by a consistent
group of research team members, which helped to ensure
research protocols were adhered to, and necessary
modifications or efficiencies were made accordingly.

4.2. Barriers, Limitations and Next Steps
Despite the planned missing design, some challenges
remained, including the continued high percent of
unplanned missing data. First, we found a small percent
(7.8%) missing data on the X-block variable of BMI.
Although there was a difference in age, this difference was
minimal (13.33 vs. 13.11 years). We believe this small
percent to be generally due to missing school or other
missing at random reasons. Perhaps other researchers
could consider including teachers and school personnel in
the BMI screening to improve upon this participation rate.
Research shows that teachers’ participation in the
screening process to be vital to student engagement
through the reinforcement they provide to the students
about the importance of screening results and the impact
on their health [27]. Additionally, we were surprised that
BMI was not significantly correlated with the item level
pedometer steps and 3DPAR activity blocks; thus, we
recommend including PACER as an X-block variable in
the future.
Pedometer use, in particular, continued to be plagued
with assessment fatigue, equipment failure and loss, low
reliability, and participant burnout, all resulting in a high
percentage of unplanned missing data, consistent with
accelerometer results in the literature [10]. For example, a
member of the evaluation team found one pedometer
hanging off a guardrail next to a road near one of the
schools during project year two. Although pedometers
have been identified as useful tools to measure daily
physical activity, limiting the use of pedometers to the
school hours may ensure a more controlled administration
of the instrument and limit misuse of the tool and would
likely improve reliability of the measure across the fiveday span as well. However, due to the PEP grant
requirements, students were asked to wear the pedometers
outside of school for consecutive five-day periods, which
resulted in a considerable number of lost pedometers. The
evaluation team also identified pedometers distribution
(e.g., coordinating randomly selected participants within
the structure of the school day), maintenance (e.g., battery
replacement), and monitoring participant wear time and
compliance as challenges to the use of this measure.
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Finally, we hypothesize that the drop in pedometer
reliability in year 2 may be in part caused by a protocol
change, wherein students were previously asked to keep
hand-written step sheets in addition to wearing the
pedometer, which perhaps reminded students to more
reliably wear the pedometer.
Challenges associated with missing data on the PACER
test included student motivation and attrition. Members
from the evaluation team frequently commented on
students’ hesitancy in taking part of the test and in
attempting to run as many laps as possible. This reluctance
seemed particularly problematic amongst females and/or
students who are less physically fit. A few strategies were
implemented to reduce attrition and increase student
motivation to complete the PACER test to the best of their
abilities. First, the evaluation team introduced a rewards
system for students who ran the highest amount of laps
[28]. Second, substitute teachers were hired on data
collection days in order to allow physical education
teachers to get involved in the testing process as
motivators and role models. Because the teachers had a
stronger rapport with the students, they were able to
encourage
their
participation
through
positive
reinforcement and modeling (e.g., teachers completing the
PACER test with students). Third, the evaluation team
established a consistent testing protocol that minimized
attrition due to peer pressure. The protocol requested that
all students remained in the testing area during the testing
instructions. This strategy allowed for evaluation members
and physical education teachers to reach all students when
explaining the purpose of the test and soliciting their
participation.
In regards to the 3DPAR, the evaluation team members
noticed that the students needed focused instruction and
diligent supervision while completing the paper-pencil
3DPAR instrument otherwise resulting in unplanned
missing data. After the initial data collection windows, the
evaluation team refined the routine and protocol for
3DPAR administration that aimed at reducing missing
data and increasing the accuracy of information from the
students. For example, evaluation members began
verifying each 3DPAR for completion and asking students
to provide missing information when necessary.
Another critical issue affecting data collection was
inclement weather. It is important to note that for any
measurement of physical activity in youth, especially
when data is collected in the school setting, seasonal
variation (e.g., climate, holidays, school testing schedule)
might contribute to some missing data. For example, in
grant year three one school missed a pedometer data
collection period due to inclement weather. Further, a
number of out-of-school days due to snow forced the
evaluation team to make last minute changes in collection
schedule, which affected on-site staff availability, required
additional adjustments to school and testing schedule, and
contributed to increased assessment fatigue. Attrition due
to dropouts and participants moving out of the school
occurred regardless of the planned missing design,
resulting in some MAR data. Hence, it is critical that
researchers account for those factors when planning data
collection in schools.
General reporting of descriptive statistics within the
PEP guidelines did not use a modern missing method to
account for the random selection of participants.

Missing data is best recovered on the per-item basis –
however, due to the sheer number of items included
(particularly for 3DPAR and pedometers), in may be most
feasible only to recover on the final variables rather than
each individual item. Additionally, while collapsing
within years improved covariance coverage and reduced
FMI, this type of aggregation violates the assumption of
independence of type of missing data (i.e., an individual
could now have MCAR and MAR simultaneously),
making recovery of that type data via MI more difficult.
On the other hand, to better estimate the habitual activity
of the students, combining the data for an entire year may
be preferable.
Future studies may wish to consider a more traditional
three-form design (with forms AB, AC, and BC) rather
than conducting all evaluations on just a third of the
participants each collection period for improved
covariance coverage and decrease in fraction of missing
information [29]. Current research [30] highlights the
importance of improving the overlap of data across
measures, participants, and waves within a planned
missing design. Regarding lessons learned, we would
revise this study’s planned missing design to include all
students providing data on the PACER at each wave.
PACER was correlated with all PA measures. This would
have provided a stronger covariance coverage and a lower
fraction of missing information while keeping the more
expensive measurements still reduced and its completion
randomly assigned.

4.3. Conclusion
Despite these limitations, this planned missing design
was successfully utilized with pre-adolescents and young
adolescents, over a three-year span, and (with some
modifications) is recommended for other researchers in
the field. Other researchers should note the low covariance
coverage and high FMI that resulted from randomization
using PEP grant requirements; thus, one of the
recommended modifications includes using PACER as an
X-block variable in order to improve wave overlap.
Sensitivity analysis of the unplanned missing demonstrated
the unplanned missing data were likely due to MAR rather
than MNAR; these results can be used to group type of
missing to better adapt modern missing methods to
recover the missing information. Other interventionists
may wish to oversample older males, in particular, to
improve covariance coverage and FMI and recover
information due to MAR in middle school PA programs.
Physical activity interventions often are plagued with
assessment problems that include large amounts of
missing data. This study builds upon research examining
the causes of missing data in physical activity in children
(e.g., [10]), including examination of the problematic
missing not at random (MNAR) data type. This articles
adds to the field by presenting a method for reducing
missing data (a planned missing data design) with
supportive findings from a project utilizing the method.
Results support the argument that researchers conducting
physical activity interventions should 1) attempt to
decrease MNAR data by using a planned missing design,
2) report missing data mechanisms and patterns, and 3)
analyze the data using statistical analysis appropriate to
the missing data mechanism.
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