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Abstract

Introduction: Research suggests that there is often a high degree of missingness in
youth body mass index (BMI) data derived from self-reported measures, which may
have a large effect on research findings. The first step in handling missing data is to
examine the levels and patterns of missingness. However, previous studies examining
youth BMI missingness used logistic regression, which is limited in its ability to discern
subgroups or identify a hierarchy of importance for variables, aspects that may go a
long way in helping understand missing data patterns.

Methods: This study used sex-stratified classification and regression tree (CART) mod-
els to examine missingness in height, body mass and BMI data among 74501 youth
participating in the 2018/19 COMPASS study (a prospective cohort study examining
health behaviours among Canadian youth), where 31% of BMI data were missing. Diet,
movement, academic, mental health and substance use variables were examined for
associations with missingness in height, body mass and BMI.

Results: CART models indicated that the combination of being younger, having a self-
perception of being overweight, being less physically active and having poorer mental
health yielded female and male subgroups highly likely to be missing BMI values.
Survey respondents who did not perceive themselves as overweight and who were older
were unlikely to be missing BMI values.

Conclusion: The subgroups identified by the CART models indicate that a sample that
deletes cases with missing BMI would be biased towards physically, emotionally and
mentally healthier youth. Given the ability of CART models to identify these subgroups
and a hierarchy of variable importance, they are an invaluable tool for examining miss-
ing data patterns and appropriate handling of missing data.
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of height and body mass to provide a proxy
measure of body adiposity. Self-reported
measures are usually less accurate than
direct anthropomorphic measurements—
individuals tend to underreport their body
mass and overreport their height*>—but
self-reporting is generally more feasible
(logistically and financially) than other
approaches to population surveillance,*®
and these measures are useful in the

Introduction

Missing data in overweight and obesity
literature

As one of the strongest predictors of
chronic diseases,! overweight and obesity
(OWOB) remains one of the top health
concerns globally. Many studies that
examine OWOB use body mass index
(BMI) derived from self-reported measures

Highlights

e Almost one-third (31%) of the
74501 youth participating in the
COMPASS study in 2018/19 were
missing body mass index (BMI)
values.

® Missing weight values were more
prevalent among female youth
than among male youth.

e Social desirability likely plays a
large role in youth not reporting
their height and weight.

e (Classification and regression tree
models are useful in identifying
important subgroups with missing
data.

appropriate context where the limitations
of the data are understood.

A less-discussed methodological issue
associated with self-reported height and
body mass is nonresponse (i.e. missing
data). Among youth, who are a primary
target in the OWOB prevention literature,
large proportions (sometimes over 50%)
of self-reported height and body mass
data tend to be missing.®” If data are miss-
ing completely at random (MCAR), the
probability of missingness depends nei-
ther on the hypothetical true value of the
missing variable (i.e. what the value
would be if it was reported), nor on any
observed covariates. But if data are miss-
ing at random (MAR) or not missing at
random (NMAR), the probability of miss-
ingness depends on observed covariates
(for missing at random) and/or the hypo-
thetical true value of the missing variable
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(for not missing at random). Deleting
these missing cases (a method called com-
plete case analysis) is a problematic
approach, particularly for the last two
mechanisms, as it leads to statistical bias.®
For example, if data are missing at random
because younger youth are more likely to
neglect reporting their weight, the sample
is biased towards older individuals (and
then, logically, heavier ones, given child
growth patterns).

This introduction of statistical bias as a
result of deleting cases has also been
proven through numerous simulation
studies; it is particularly prominent when
there is a large proportion of non-random
missingness.®® Despite this, complete case
analysis remains the most common
approach in epidemiological literature.!*"
The high degree of missingness in youth
self-reported height and body mass data
raises concerns about how methods take
into account missing data and how mis-
handling of missing data affects research
findings as well as concomitant policy and
programming recommendations.

Statistical approaches are often required
to deal with missing data; while research-
ers should follow best practices in survey
design, in many cases there may be little
they can do to improve reporting pat-
terns.!>13 Although sophisticated statistical
approaches to handling large proportions
of non-random missingness are available,
they generally require more time and
expertise, which may be a barrier to their
overall use. That being said, an important
initial step towards selecting a reasonable
and practical method for handling missing
data is understanding the extent and pat-
terns of missingness in a dataset. This is
important to understand potential sources
of nonreporting bias, but may also be a
necessary step to identify inputs for cer-
tain missing data approaches (e.g. multi-
ple imputation). Identifying various sources
of missingness is especially important in
large datasets with many variables, as
methods for handling missingness can
become exponentially complicated. More-
over, given that missingness is generally
unique to studies, there is no clear frame-
work for the process for identifying
sources or mechanisms of missingness.

Regression approaches

Research examining BMI or body mass
missingness has used regression
approaches®”!* where the outcome of a
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logistic regression is missing versus not
missing, and other variables are examined
for their potential association with the
likelihood of missingness. However, regres-
sion approaches may not be ideal in this
situation because missingness models
may be more complex than a simplistic
regression approach allows. Moreover, the
process for variable selection in regression
models can be ambiguous. When building
a regression model, an initial step to
selecting variables might be to review the
literature for similar analyses, but the lit-
erature in the context of examining BMI
missingness is scarce.

Bivariate comparisons are also sometimes
used to decide on regression inputs; how-
ever, for large datasets with substantial
missingness, this may not be useful for
elimination purposes as many bivariate
associations may be statistically signifi-
cant. Common model selection proce-
dures, such as the Akaike information
criterion (AIC) or the Bayesian informa-
tion criterion (BIC), can be used to select
variables, but these procedures can be
challenging in practice: we previously
examined BMI, height and body mass
missingness using model selection proce-
dures for generalized linear mixed mod-
els,’ but this required many additional
modelling decisions and a customized
algorithm suitable for pseudo-likelihood
methods.'®

Lastly, where variable selection processes
yield a large number of relevant variables,
the decision process for what to exclude
in order to produce a parsimonious model
may not be clear. In such cases, identify-
ing a hierarchy of the importance of vari-
ables would be beneficial: it may help
with parsimony and clearer interpretation,
and it may be a necessary step to employ
certain missing data approaches like mul-
tiple imputation. Although our previous
study added to the literature on missing-
ness in youth BMI, we were unable to
identify which variables were most impor-
tant or identify which combinations of
factors were most likely to lead to nonre-
porting.’ The limitations associated with
a regression approach to examining miss-
ing data may be addressed by using a dif-
ferent methodological approach.

Decision trees

Decision trees are a type of machine-
learning approach that has been leveraged
in applied research, including in public

health.'”!® Decision trees are useful for
analyzing primary data and for examining
missing data; they can be a solution to
some of the variable selection problems
described above. Decision trees recur-
sively split the data by predictor variables
and can handle large datasets with multi-
ple predictors measured on different
scales with relative ease. Once pruned,
decision trees present a parsed selection
of predictor variables in a hierarchical for-
mat, allowing some inference on variable
importance. Moreover, decision trees
allow important and highly specific sub-
groups to be identified beyond what
would be feasible using interaction terms
in a regression model.

In addition, unlike regression, the entire
decision tree model can be easily visual-
ized, which may help interpretation. In
2015, Tierney et al.’” published work dem-
onstrating the utility of using decision
trees to examine missing data, but to our
knowledge no published studies have lev-
eraged this approach.

The purpose of this study is (1) to add to
the limited literature on missing data in
youth self-reported height and body mass;
(2) to identify potential areas of bias stem-
ming from nonreporting in the youth
OWOB domain; and (3) to demonstrate
the use of decision trees to model missing
data, which builds on the work of Tierney
et al.,” who first identified the utility of
this approach.

Methods
Sample

This study uses a large cross-sectional
dataset from the 2018/19 wave of the
COMPASS (Cannabis, Obesity, Mental health,
Physical activity, Alcohol, Smoking,
Sedentary behaviour) study, a prospective
cohort study that collects data on a variety
of different health behaviours among
youth. The 2018/19 COMPASS wave col-
lected data from 74 501 youth, represent-
ing an 84.3 % participation rate. COMPASS
uses an active-information, passive-con-
sent protocol that yields high participation
rates, and non-participation is usually due
to absence from school on the data collec-
tion day or being in a scheduled spare
during the data collection time.

Variables

This study focusses on missingness in
BMI values as well as missingness in the
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height and body mass variables used to
derive BMI. Binary indicators of missing-
ness (i.e. missing vs. not missing) were
created for each of these variables. Body
mass was recorded based on responses to
the question asked of students, “How
much do you weigh without your shoes
on? (Please write your answer in pounds
OR in kilograms, and then fill in the
appropriate numbers for your weight.)”
Height was similarly recorded in response
to the question, “How tall are you without
your shoes on? (Please write your height
in feet and inches OR in centimetres, and
then fill in the appropriate numbers for
your height).” BMI is derived by dividing
body mass (kg) by height squared (m?).

A benefit of decision tree approaches is
the feasibility of including many variables.
In this study, we included a variety of
diet, movement, academic, mental health
and substance use variables. Diet-related
variables included number of servings of
fruits and vegetables, grain products, meat
and alternatives, and milk and alterna-
tives as well as number of days per week
when breakfast, energy drinks and fast
foods were consumed. Movement-related
variables included moderate-to-vigorous
physical activity, sports participation
(inside or outside of school), strength
training, physically active peers, screen
time sedentary behaviour (STSB) and
sleep.

Academic-related variables included English
grade (or French grade, for French lan-
guage schools), Math grade and truancy.
Mental health variables included clinically
relevant symptoms of depression (CESD-R-10
scale?), anxiety (GAD-7 scale?), socio-
emotional skills (DERS scale??), self-
reported well-being (Flourishing scale®),
self-concept (Self Description Questionnaire
II short form?), self-rated mental health
and reported status as a bullying victim or
perpetrator. Substance use-related vari-
ables included binge drinking, smoking,
e-cigarette use, cannabis use and use of
alcohol mixed with energy drinks.
Although all these variables were input
into analyses, only a subset of variables
appeared in the final models.

Outliers

In some cases, missingness was imposed
onto the data. We used the 1.5 x inter-
quartile range (IQR) method to identify
statistical outliers, and these cut-offs were
considered alongside biological plausibility
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in order to determine how to handle these
cases. We marked as missing weights less
than 45 lbs (20 kg) or greater than 390 lbs
(177 kg) and height less than 4' (1.22 m)
or greater than 6'11" (2.11 m). Sleep and
STSB were two variables that had a num-
ber of unfeasible outliers in the dataset.
Youth who reported regularly sleeping less
than 4 hours a night or having a collective
STSB greater than 16.25 hours per day
were marked as missing. Notably, miss-
ingness was only imposed for that particu-
lar variable; for example, those who
reported less than 4 hours of sleep had
their sleep value marked as missing, but
all other reported variables remained the
same.

Analysis

We used classification and regression trees
(CART) as the approach for this study
where the outcome was binary (i.e. miss-
ing vs. not missing). All models were
stratified by self-reported sex (female,
male). Consistent with decision tree
approaches,” the data were split into
training and testing datasets, which con-
tained 80% and 20% of the data, respec-
tively. The training dataset was used to fit
the tree, while the testing dataset was
used to assess the prediction accuracy of
the training tree.

We used cost complexity pruning along-
side the one standard error (1-SE) rule® to
help correct for overfitting and yield a
more parsimonious final tree. Decision
tree analyses were conducted in R (R
Foundation for Statistical Computing,
Vienna, AT) using the rpart package, and
final pruned trees were visualized using
the rattle package. A pre-pruning restric-
tion was set so that final nodes had to
contain a minimum number of individu-
als. The minimum number of individuals
in a school for each stratified sample was
used to determine these cut-offs; this was
14 for females and 16 for males. Models
included individuals with missing covari-
ate data, as CART conveniently handles
this by surrogate splitting; if a covariate
value is missing, an observed variable
with the most similar predictive capacity
is used instead.

Results

Descriptive statistics

Table 1 shows stratified descriptive statis-
tics for any variable that appeared in at

least one of the CART models. Of the
whole sample (n = 74 501), 31% were
missing BMI values. Height missingness
was slightly more prevalent among males
(19%) than among females (15%),
whereas body mass missingness was
slightly more prevalent among females
(22%) than among males (20%).

Interpreting the CART models

Sex-stratified results of the CART models
are shown in Figures 1 to 3. Figure 1 pres-
ents results for BMI missingness, Figure 2
for body mass missingness and Figure 3
for height missingness. All CART models
can be read starting from the root node
(node 1) at the top of the tree, which con-
tains all the training data for that particu-
lar dataset. Nodes underneath node 1
represent splits in the tree, whereby a split
to the left is always a “yes” and a split to
right is always a “no”; this applies to con-
tinuous and categorical variables. The
label and colour of each node, “present”
(green) or “missing” (blue), represents
the situation that is more probable for
data in that node. The shade of colour
reflects the probabilities (darker colours
indicate higher probability); probabilities
are also included in each node, where left
side shows the probability of being pres-
ent, and the right side shows the probabil-
ity of being missing. Variables that appear
higher up the tree (i.e. closer to node 1)
and those that appear more often can be
considered more relevant criteria than
variables that only appear once further
down the tree.

For example, in the female BMI missing-
ness CART model (Figure 1), the data are
first split by weight perception. If individ-
uals in this sample perceived their weight
to be “about right” or underweight, they
are in node 2. Node 2 contains 74 % of the
sample, and in this node the probability of
missing BMI values is 0.27. If individuals
perceived themselves to be overweight
(i.e. the other remaining category for this
variable), they are in node 3, which con-
tains 26% of the data and where the prob-
ability of missing BMI values is 0.38.
Similarly, for continuous variables, cut-
offs are identified by the CART models.
For example, in the female BMI missing-
ness model the second node indicates that
the model determined that 15 years of age
was the cut-off that most differentiated
the following sub-nodes.

CART model accuracy

Accuracy testing using the test partition
of the dataset showed that all models
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Descriptive statistics of COMPASS study sample, 2018/19 (n = 74 501)

TABLE 1

Variables® Females (n = 36 546) Males (n = 37 126) Total® (n = 74501)
BMI variables
Mean BMIC, score (SD) 20.98 (3.02) 21.21 (3.24) 21.10 (3.14)
Missing scores, % (n) 30.35 (11 093) 31.22 (11 591) 31.31 (23 329)
Mean height, m (SD) 163.4 (7.50) 174.2 (10.24) 168.7 (10.47)
Missing, % (n) 14.88 (5439) 19.04 (7067) 17.52 (13 049)
Mean body mass, kg (SD) 57.42 (13.13) 66.59 (17.74) 62.16 (16.44)
Missing, % (n) 21.75 (7948) 19.79 (7348) 21.33 (15894)
Age
Mean age, years (SD) 15.14 (1.50) 15.18 (1.51) 15.16 (1.51)
Missing, % (n) 0.08 31) 0.19 (69) 0.73 (541)
Ethnicity!
Racialized, % (n) 69.45 (25383) 68.62 (25477) 68.48 (51017)
Non-racialized, % (n) 30.27 (11063) 30.99 (11 505) 30.63 (22822)
Missing, % (n) 0.27 (100) 0.39 (144) 0.89 (662)

Weight perception

Underweight, % (n)

Overweight, % (n)

About right, % (n)

Missing, % (n)

Diet-related variables

Fruit/vegetable consumption (24-hour recall)
Mean number of servings, n (SD)
Missing, % (n)

Meat/meat alternatives consumption (24-hour recall)
Mean number of servings, n (SD)
Missing, % (n)

Breakfast consumption

Mean days per week, n (SD)

Missing, % (n)

Grain consumption (24-hour recall)
Mean number of servings, n (SD)
Missing, % (n)

Milk/alternatives consumption (24-hour recall)
Mean number of servings, n (SD)
Missing, % (n)

Fast-food consumption

Mean number of days per week, n (SD)
Missing, % (n)

Movement-related variables

Sports participation

Participated in sports, % (n)

Did not participate in sports, % (n)
Missing, % (n)

Strength training

Mean number of days per week, n (SD)

Missing, % (n)
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11.47 (4190)

25.85 (9448)

61.14 (22343)
1.55 (565)

2.89 (1.89)
2.44 (890)

1.88 (1.03)
2.45 (896)

4.67 (2.37)
1.31 (479)

2.41 (1.52)
2.33 (851)

1.77 (1.32)
2.33 (853)

1.19 (1.34)
1.03 (380)

56.70 (20720)
41.70 (15241)
1.60 (585)

2.24 (2.02)
1.29 (473)

21.00 (7795)

19.93 (7398)

57.19 (21233)
1.89 (700)

3.06 (2.11)
4.74 (1759)

2.41 (1.20)
4.76 (1766)

5.05 (2.33)
2.30 (855)

2.98 (1.93)
4.61 (1711)

2.39 (1.54)
4.57 (1697)

1.43 (1.61)
2.16 (801)

62.05 (23 036)
35.25 (13088)
2.70 (1002)

2.77 (2.27)
1.93 (717)

16.30 (12 140)

22.87 (17 038)

58.92 (43893)
1.92 (1430)

2.98 (2.01)
3.79 (2822)

2.15 (1.15)
3.80 (2833)

4.85 (2.36)
1.99 (1484)

2.69 (1.77)
3.67 (2737)

2.08 (1.47)
3.66 (2724)

1.31 (1.49)
1.81 (1345)

59.24 (44 135)
38.41 (28 618)
2.35 (1748)

2.51 (2.16)
1.80 (1344)

Continued on the following page
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TABLE 1 (continued)
Descriptive statistics of COMPASS study sample, 2018/19 (n = 74 501)

Variables® Females (n = 36 546) Males (n = 37 126) Total® (n = 74501)
Physically active friends
Mean number, n (SD) 3.03 (1.68) 3.52 (1.69) 3.28 (1.71)
Missing, % (n) 1.35 (494) 2.13 (789) 1.92 (1430)
Screen time sedentary behaviour
Mean hours per day, n (SD) 5.92 (3.35) 6.37 3.37) 6.15 (3.37)
Missing, % (n) 4.41 (1613) 5.94 (2206) 5.44 (4056)
Moderate-to-vigorous physical activity
Mean hours per day, n (SD) 1.60 (1.23) 2.00 (1.47) 1.80 (1.38)
Missing, % (n) 1.87 (683) 2.56 (949) 2.39 (1777)
Sleep
Mean hours per night, n (SD) 7.47 (1.30) 7.60 (1.28) 7.54 (1.29)
Missing, % (n) 7.33 (2679) 8.92 (3310) 8.38 (6241)
Academic variables

English grade (or French grade, in the case of French-language schools)

Grade < 50%, % (n) 1.09 (399) 2.44 (907) 1.83 (1362)
Grade > 50%, % (n) 95.39 (34862) 91.92 (34128) 93.41 (69 590)
Missing, % (n) 3.52 (1285) 5.63 (2091) 4.76 (3549)

Mental health-related variables
Self-rated mental health

Mean score (SD) 2.76 (1.21) 2.21 (1.15) 2.49 (1.21)
Missing, % (n) 3.37 (1230) 6.05 (2245) 4.93 (3670)
Well-being®

Mean score (SD) 31.78 (5.75) 32.64 (5.60) 32.19 (5.72)
Missing, % (n) 4.84 (1770) 6.78 (2518) 6.02 (4486)
Self-concept’

Mean score (SD) 11.79 (4.69) 9.76 (4.19) 10.79 (4.58)
Missing, % (n) 3.34 (1221) 5.51 (2045) 4.64 (3455)
Substance use variables

Smoking

In the last 30 days, % (n) 6.64 (2425) 8.00 (2969) 7.43 (5532)
Not in the last 30 days, % (n) 92.89 (33 949) 91.01 (33790) 91.70 (68 320)
Missing, % (n) 0.47 (172) 0.99 (367) 0.87 (649)
E-cigarette use

In the last 30 days, % (n) 25.48 (9312) 30.34 (11264) 27.99 (20852)
Not in the last 30 days, % (n) 73.75 (26951) 67.98 (25237) 70.62 (52614)
Missing, % (n) 0.77 (172) 1.68 (625) 1.39 (1035)
Cannabis use

In the last 30 days, % (n) 10.95 (4001) 14.70 (5458) 12.97 (9662)
Not in the last 30 days, % (n) 88.06 (32183) 83.36 (30950) 85.42 (63637)
Missing, % (n) 1.00 (362) 232 (718) 1.61 (1202)

Abbreviations: BMI, body mass index; SD, standard deviation.

20nly those variables present in at least one of the final classification and regression tree (CART) models.
®Includes respondents who did not report sex, so sex-stratified counts may not add up to total counts.

< Derived by dividing body mass (kg) by height squared (m?).

4The survey question was “How would you describe yourself?” (Select all that apply), with the following response options: White, Black, Asian, Aboriginal (First Nations, Métis, Inuit), Latin
American/Hispanic, Other. Respondents who selected “White” were classified as non-racialized, while respondents who selected any other option (including the selection of multiple options) were
classified as racialized.

¢Based on the Flourishing scale.?
fBased on the Self Description Questionnaire Il short form.>*
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FIGURE 1

BMI missingness CART models, for females (n = 36 546) and males (n = 37 126), COMPASS 2018/19
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Abbreviations: BMI, body mass index; BREAKFAST, breakfast consumption; CART, classification and regression tree; CONCEPT, self-concept (based on the Self Description Questionnaire Il short
form?); ECIG, e-cigarette use; FRIEND_PA, physically active friends; FRUIT_VEG, fruit/vegetable consumption; GRAIN, grain consumption; PA_HOURS, moderate-to-vigorous physical activity;
PERCEP, perception; SELF_MH, self-rated mental health; SPORTS, sports participation; STSB, screen time sedentary behaviour.

Notes: The label and colour of each node, “present” (green) or “missing” (blue), represents the situation that is more probable for data in that node; darker colours indicate higher probability. The
left side of each node shows the probability of being present, and the right side shows the probability of being missing.

% indicates percentage of the sample in that node.

2 In the case of French-language schools, this is the French grade.
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FIGURE 2
Body mass missingness CART models, for females (n = 36 546) and males (n = 37 126), COMPASS 2018/19
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Abbreviations: CART, classification and regression tree; CONCEPT, self-concept (based on the Self Description Questionnaire Il short form?); ECIG, e-cigarette use; MEAT, meat/meat alternatives
consumption; MILK, milk/alternatives consumption; PA_HOURS, moderate-to-vigorous physical activity.

Notes: The label and colour of each node, “present” (green) or “missing” (blue), represents the situation that is more probable for data in that node; darker colours indicate higher probability. The
left side of each node shows the probability of being present, and the right side shows the probability of being missing.

% indicates percentage of the sample in that node.

The survey question for the “Ethnicity” variable was “How would you describe yourself?” (Select all that apply), with the following response options: White, Black, Asian, Aboriginal (First Nations,
Métis, Inuit), Latin American/Hispanic, Other. Respondents who selected “White” were classified as non-racialized, while respondents who selected any other option (including the selection of
multiple options) were classified as racialized.
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FIGURE 3

Height missingness CART models for females (n = 36 546) and males (n = 37 126), COMPASS 2018/19
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Abbreviations: BMI, body mass index; CANNABIS, cannabis use; CART, classification and regression tree; FAST_FOOD, fast-food consumption; FRUIT_VEG, fruit/vegetable consumption; MEAT,
meat/meat alternatives consumption; MILK, milk/alternatives consumption; PA_HOURS, moderate-to-vigorous physical activity; SLEEP, sleep duration; SPORTS, sports participation.

Notes: The label and colour of each node, “present” (green) or “missing” (blue), represents the situation that is more probable for data in that node; darker colours indicate higher probability. The
left side of each node shows the probability of being present, and the right side shows the probability of being missing.

% indicates percentage of the sample in that node.
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became more accurate after pruning.
Pruned accuracy of CART BMI models
was 69% for females and 70% for males,
of CART body mass models was 78% for
females and 80% for males and of CART
height models was 85% for females and
81% for males.

Discussion

This study used a decision tree approach
to examine missingness in BMI, height
and body mass in a large sample of
Canadian youth. One of the aims of this
study was to inform the structure of miss-
ingness in these variables, as youth self-
reported height and body mass can be
missing in large proportions and pub-
lished examinations of this missingness
are lacking. The other aim of this study
was to employ a newer decision tree
method to examining missingness in a
dataset in order to overcome some of the
barriers of regression-based approaches.

When we previously examined missing
BMI, height and body mass data in this
sample using a regression approach,’ we
found that more information was needed
on the structure of missingness and hier-
archy of the importance of variables. The
decision tree approach used in this study
yielded insights into the mechanisms of
missingness in this sample that can inform
future studies on youth OWOB.

Mechanisms of BMI, height and body mass
missingness

In the BMI missingness CART models we
developed, age and weight perception
were among the first few primary splits
for both males and females. Previous
research has suggested that individuals
who are younger are more likely to be
missing BMI values because they don’t
know their own height and body mass;*
this is consistent with the CART models,
as each split by age led to a node with a
higher likelihood of missingness for the
younger groups. Weight perception con-
sistently split those who perceived them-
selves as overweight from their “about
right” and underweight counterparts,
leading to a higher likelihood of missing-
ness in the group who perceived them-
selves as overweight. Previous studies
examining BMI missingness mechanisms
did not include a measure of weight per-
ception, but two studies have found that
poorer body satisfaction was associated

Vol 43, No 5, May 2023

with greater likelihood of missing BMI
values.'*#

Physical activity was also one of the first
few splits in both the male and female
models. In the female model, strength
training was identified as important split
criteria, where individuals who did not do
any strength training were more likely on
average to be missing BMI values. A simi-
lar mechanism was observed for males,
but with sports and hours of physical
activity; not playing sports or being, on
average, less physically active each day
led to splits where the likelihood of miss-
ing BMI values was greater. This is consis-
tent with previous research that included
some measures of physical activity.®”*

Mental health-related variables also
appeared in both male and female mod-
els. For females, well-being and self-rated
mental health were used for splitting, and
for males, self-concept was used. For all
these mental health-related variables,
lower scores (i.e. scores indicating poorer
mental health) were associated with a
greater likelihood of missing BMI values.

The consistent splitting of individuals
who perceived themselves as overweight
into a separate group more likely to be
missing BMI values suggests that those
with a higher BMI were more likely to be
nonreporters. Notably, weight perception
cannot be assumed as a direct proxy for
BMI or body mass because youth may
miscategorize themselves;***° however,
weight perception may be considered
alongside other factors to determine which
missingness pattern is most probable.

Findings related to physical activity sup-
port the idea that individuals missing BMI
values are more likely to have a higher
BMI, as those who are less physically
active were also split into groups more
likely to be missing BMI values, and
inverse associations between physical
activity and BMI are well-established.?'3?
These findings, along with what we know
about heightened body image concerns
during adolescence,® demonstrate that
social desirability may be playing a role in
youth nonreporting of height and body
mass in this sample.

Height and body mass missingness CART
models had some split criteria similar to
those of the BMI missingness models,
with age a common partitioning variable

and physical activity, diet, mental health
and substance use variables also observed.
One finding exclusive to the body mass
missingness models was ethnicity: the
model indicated that racialized individu-
als were more likely to be missing body
mass values. Interestingly, although
weight perception was identified as a key
variable for BMI missingness, it was not
identified as important in the body mass
missingness CART models for males and
females.

Utility of CART in examining BMI, height
and body mass missingness

The decision tree approach used in this
study to examine missingness appears to
have several advantages over traditional
regression approaches. The visual nature
of decision tree models makes them par-
ticularly useful for understanding how
missingness might be influenced by other
variables. For example, the inclusion and
directions of splitting related to weight
perception, physical activity and mental
health in the CART models suggest that
the missingness in BMI may be not miss-
ing at random because missing data
appear more likely among those with a
higher BMI. While not missing at random
is not a provable phenomenon, the CART
models provide evidence against a miss-
ing-completely-at-random mechanism, as
several subgroups who are highly likely to
be missing BMI were identified based on
observed covariates.* Future OWOB
research should consider the mechanisms
and degree of missingness in BMI, and
where examinations indicate that data
may be missing at random or not missing
at random, certain statistical approaches
(e.g. complete case analysis) may not be
ideal because of the risk of bias.’

While a regression model could similarly
highlight the associations between predic-
tor variables and BMI missingness (e.g.
observing a positive odds ratio for self-
perception as overweight), one advantage
of the CART models is the easily observed
hierarchy of the importance of variables.
In the BMI CART model, weight percep-
tion being among the top two splits for
males and females indicates that this vari-
able is of primary importance in predict-
ing BMI missingness. We previously
examined BMI missingness using regres-
sion;'® while weight perception was sig-
nificantly associated with missingness, it
was only one of many significant variables
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and relative importance couldn’t be
empirically discerned.

Another advantage of CART models is
that one can follow through a decision
tree order to identify important subgroups.
For example, in the male BMI missingness
tree, the 9% of this sample who did not
participate in sports and perceived them-
selves as overweight were more likely
than not to be missing BMI values.
Moreover, following subgroups to the bot-
tom of the trees reveals that, overall, indi-
viduals who perceive themselves as
overweight and who were worse off in
terms of their physical activity, dietary
behaviours, academics and mental health
are almost certain to be missing BMI val-
ues. In other words, CART models identi-
fied that those in the complete sample
(i.e. those not missing BMI data) were
physically, emotionally and mentally
healthier than their counterparts with
missing data. As such, a complete case
analysis approach on these data would
certainly be biased, potentially leading to
incorrect research conclusions and inap-
propriate related policy and programming
recommendations.

Examining missing data is often the first
step in certain statistical approaches, such
as multiple imputation. Although such
examinations are needed to identify auxil-
iary variables that can inform reasonable
imputed values, selecting these variables
can be difficult if there are many variables
related to missingness. This was the case
with our previous work using regression;
almost all variables were significantly
associated with missingness in BMI,
height and body mass, and comparing the
effective sizes would not have been appro-
priate as these variables use different
scales.!®

The hierarchical nature of CART models
makes the process of selecting auxiliary
variables more systematic. For example,
CART models can parse out redundant
variables; while previous regression work
identified weight goal as significantly
related to BMI missingness,’® the CART
models in this study did not perform any
splits based on this variable, possibly
because BMI missingness is sufficiently
explained by the weight perception vari-
able alone.

In this study we demonstrated the utility
of using CART models to examine
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missingness in youth height, body mass
and BMI. However, missingness is perva-
sive, and a similar approach may be use-
ful in many other applied research
domains. Moreover, public availability of
machine-learning packages in R as well as
a wealth of online resources make this
approach reasonably accessible and feasi-
ble for applied researchers.

Conclusion

This study adds to the limited existing
research examining missingness in youth
BMI, height and body mass data. CART
models demonstrated that age, self-per-
ception as overweight, lower physical
activity and poorer mental health identi-
fied the subgroups most likely to be miss-
ing BMI values. The direction of model
partitioning for these variables suggests
that youth with higher BMI may be more
likely to be missing BMI values and that
deleting missing cases in an analysis
would likely lead to biased findings.

Future research using youth self-reported
data may find that CART models are a
particularly useful tool for examining
missingness and help select a statistical
approach appropriate for handling miss-
ing data.
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