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Abstract

The objectives of this thesis were: 1) to develop and apply a novel method for objectively
measuring the time children and adolescents spend engaged in different types of physical activity, 2) to
develop and validate an algorithm that can be used to assess sleep efficiency in children and adolescents
using a waist-worn accelerometer, and 3) to determine if using multiple imputation to replace missing
accelerometer data influences estimates of sedentary time and associations with health indicators in
children and adolescents.
Manuscript one describes the development of a methodological approach that can be used to
concurrently measure the time that children and adolescents participate in outdoor active play, active
travel, curriculum-based physical activity, and organized sport. This measurement approach provides
researchers with a new opportunity to measure and study the time that children and adolescents spend
in different types of physical activity.
In manuscript two, the methodological approach developed in manuscript one was applied to
the full sample of children and adolescents from the Active Play Study. This paper provides descriptive
estimates of the time that children spend participating in different types of physical activity, the
movement intensity composition of these different types of physical activity, and the extent to which
these types of physical activity contribute to children’s overall movement.
Manuscript three describes the development and cross-validation of a sleep efficiency algorithm
for the waist-worn Actical accelerometer. This algorithm will allow researchers to use the same waistworn accelerometer to measure children and adolescents’ 24-hour movement behaviours.
Manuscript four describes the application of a multiple imputation approach to impute
accelerometer epochs that occurred during “non-wear” periods. These results suggest that removing
non-wear accelerometer data leads to meaningfully lower estimates of sedentary time and biases the
association between sedentary time and cardiometabolic risk towards the null.
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Collectively, this thesis research has developed and applied novel measurement and analytical
tools to overcome some of the major limitations in assessing the 24-hour movement behaviours of
children and adolescents. This opens up many new possibilities for researchers to continue to explore
how 24-hour movement behaviours are related to health in children and adolescents.
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Chapter 1
Introduction
Movement behaviours over the course of a full 24-hour day, namely physical activity, sedentary
behaviour, and sleep, are all uniquely associated with health in children and adolescents1. Historically,
these behaviours have been studied independently. However, a growing body of research has
demonstrated that combinations of these movement behaviours are associated with chronic disease
risk2–5. These behaviours are increasingly being measured objectively using accelerometers, the goldstandard methodology for field-based assessments. Although accelerometers are the gold-standard,
they are not a perfect tool and have important limitations. The research in this thesis addresses some of
the limitations of accelerometer-based measures of movement behaviours in children and adolescents.
A primary limitation of accelerometers is that they do not provide contextual information on the
types of activities participants were doing when they accumulated their physical activity. Among children
and adolescents, these types of physical activity primarily consist of outdoor active play (e.g., road
hockey, tag, playground games), active travel (e.g., walking to school), curriculum-based physical activity
(e.g., physical education class), and organized sports and programs (e.g., hockey game, gymnastics
practice). One solution for this limitation is to combine data from accelerometers with other tools,
including a Global Positioning System logger. The combination of information on the time, intensity, and
geographic location of movement that would be provided by the data collected from these devices
would provide the information needed to determine the amount of time that children and adolescents
spend in different types of physical activity.
Accelerometry has also been used as a field-based assessment for the measurement of sleep
duration and sleep efficiency6,7. However, research in this area has been done using sleep-specific
accelerometer devices worn on the wrist. Thus, if a researcher wants to measure sleep alongside
15

physical activity and sedentary behaviour, they would need to use multiple accelerometer devices. This
would increase study costs and participant burden. Waist-worn accelerometers that are commonly used
to measure physical activity and sedentary behaviour could also be used to measure sleep efficiency if
prediction algorithms were developed and cross-validated for these devices.
Another limitation of accelerometers is known as “non-wear time”. This reflects the periods of
time when children and adolescents remove their accelerometer device during the measurement
period. Most child participants have at least some non-wear time over a typical 7-day measurement
period8. Historically, non-wear time accelerometer data has been deleted while processing the data8,9.
Thus, estimates of movement behaviours during waking hours are based on partially missing and
incomplete accelerometer data. A potential solution for this limitation would be to use multiple
imputation statistical techniques to replace the missing non-wear time accelerometer data with
estimated values. Multiple imputation has been used in studies of physical activity10,11 but not sedentary
behaviour.

1.1 Objectives
There are four objectives of this thesis:
1) To develop a novel method for objectively measuring the time children and adolescents spend
engaged in different types of physical activity (outdoor active play, active travel, curriculumbased physical activity, and organized sports and programs);
2) To use the methodology developed under objective 1 to measure and then describe the time
children and adolescents spend participating in each of the four types of physical activity. This
will include characterizing the intensity of time spent in each type of physical activity, and
determining the proportion of daily physical activity that is accumulated while participating in
each type;
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3) To develop and validate an algorithm that can be used to assess sleep efficiency in children
and adolescents using data collected from a waist-worn accelerometer commonly used to assess
physical activity and sedentary behaviour;
4) To determine if using multiple imputation to replace missing accelerometer data that
occurred during non-wear time with plausible values influences estimates of sedentary time and
the association between sedentary time and health indicators in children and adolescents.

1.2 Overview of thesis
This thesis is presented in manuscript format and includes a literature review, four manuscripts,
and a general discussion/conclusion. The manuscripts sequentially address objectives one to four,
respectively. All data come from the Active Play Study, which is a cross-sectional study of 458 children
aged 10-13 years from Kingston, Ontario, Canada.
The literature review provides definitions of key terms, summarizes existing evidence to provide
a rationale for the importance the measuring movement behaviours in children, and explores various
methodological techniques, tools, and instruments used in physical activity epidemiology.
Manuscript one describes the development of a novel methodological approach for measuring
the time that children spend engaged in outdoor active play, active travel, curriculum-based physical
activity, and organized sport. Manuscript two uses the methodological approach developed in
manuscript one to describe the amount of time that children spend engaged in four types of physical
activity. Manuscript three describes the development of novel method of measuring sleep efficiency
using a waist-worn Actical accelerometer in children. Manuscript four evaluates whether using multiple
imputation to replace nonwear accelerometer epochs influences estimates of sedentary time and
associations between sedentary time and selected health indicators in children.
The four manuscripts are followed by a general discussion and conclusion chapter. This chapter
includes a summary of the key findings, overall strengths and limitations of thesis, scientific
17

(methodological) and public health implications, directions for future research, and a summary of the
research experience gained by the candidate during his PhD training. Additional detailed information is
provided in several appendices.
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Chapter 2
Literature review
2.1 Introduction
Physical activity epidemiology aims to improve population health by understanding the
distribution and determinants of participation in physical activity, as well as the associations between
physical activity and health outcomes1. Another aim of this field is to improve our understanding of the
interrelationship of physical activity and other behaviours2, including sedentary behaviour and sleep.
While the importance of these interrelationships has long been recognized, recent advances in this field
have conceptualized movement as occurring along a continuum, rather than as a collection of distinct
behaviours3,4. The development of methodological techniques to measure these combined “24-hour
movement behaviours” has opened up new research possibilities and has given rise to a new (or reimagined) field of movement behaviour epidemiology. This literature review provides an overview of
movement behaviours in children and adolescents, summarizes methodological techniques used to
measure 24-hour movement behaviours (both individually and combined), and identifies three major
methodological issues related to the measurement of 24-hour movement behaviours.

2.2 Definition of key terms
Usually, a school-aged child is defined as a 5-11 year old and an adolescent as a 12-17 year old5.
Pre-adolescents refer to children aged 10-11 nearing adolescence. The literature review includes studies
of school-aged children and adolescents. The thesis research focuses on pre- and early adolescents
between the ages of 10-13 years.
Physical activity is defined as any bodily movement produced by skeletal muscles that results in
energy expenditure6. The four main types of physical activity that children and adolescents engage in are
outdoor active play (e.g., exploring nature, playing at recess), active travel (e.g., walking to school),
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curriculum-based physical activity (e.g., physical education), and organized sport (e.g., soccer game,
gymnastics practice)7,8. Outdoor active play refers to unstructured and informal physical activities that
are freely chosen, typically child-led with little or no adult supervision, and which occur in a variety of
outdoor locations7. Active travel refers to human-powered transportation such as walking or bicycling9.
Curriculum-based physical activity refers to physical activity performed during class-time at school and
includes physical education classes, special school events that are movement oriented, and in Ontario,
Daily Physical Activity (i.e., 20 min/day of physical activity performed in class). Organized sport refers to
physical activities that are scheduled, typically governed by rules and regulations, often competitive in
nature, and supervised and managed by adults.
Sedentary behaviour represents any waking behaviour characterized by an energy expenditure
≤1.5 metabolic equivalents (METs), while in a sitting, reclining or lying posture10,11. Sedentary time refers
to the total amount of time spent in sedentary behaviours, usually presented in minutes/day10,11.
Sleep is a physiological state that occurs in alternation with wakefulness. It is generally defined
as a naturally recurring state of body and mind characterized by altered consciousness, relatively
inhibited sensory activity, inhibition of nearly all voluntary muscles and reduced interactions with
surroundings12. Sleep quality refers to how well an individual experiences sleep and includes feelings of
being rested when waking up and satisfaction with sleep13. A commonly used objective measure of sleep
quality is sleep efficiency, which refers to the percentage of total time in bed spent
sleeping14.
Within the context movement behaviour research, an accelerometer is a small device that
objectively measures the volume and intensity of physical activity. It does this by detecting movement
forces (i.e., acceleration or vibration) and converting this into a proportional electrical charge. The
device records the magnitude of these forces as “count” values in predefined measurement intervals
called “epochs”. The greater the intensity of movement, the greater the count value that is recorded in
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the epoch. A greater number of epochs with high count values equates to a greater volume and intensity
of physical activity. In school-aged children and adolescents, accelerometers are typically worn on an
elastic belt around the waist or are integrated into a watch that is worn around the wrist.
The Global Positioning System (GPS) is a series of 24 satellites that orbit the earth which
broadcast signals that are picked up by a system of receivers, or “loggers”15. Wearable GPS loggers can
determine the user’s location at timed intervals by triangulating data received from at least four
satellites. The recorded data can then be stored within the logger. In this thesis, child participants were
asked to wear a GPS logger for one week which recorded and stored the child’s location at regular
intervals (called “fixes”).
Geographic information systems (GIS) refers to the computer-based software, hardware and
data that allows us to visualize, analyze, and interpret geospatial data to understand relationships,
patterns, and trends16. In this thesis, GIS was used to determine whether GPS fixes were indoors or
outdoors.

2.3 Movement behaviours
Movement behaviours over the full 24 hour period contribute to health and disease risk in
children and adolescents3. These behaviours (i.e., physical activity, sedentary time, and sleep) have
historically been studied in isolation; however, there is emerging evidence to suggest that the
combination of these behaviours is of utmost importance17–20. Thus, it is important to simultaneously
measure all of these movement behaviours when studying the relationship between movement and
health. This section of the literature review will define, describe, and clarify each of the three movement
behaviours and conclude with a review of current evidence for their combined, or integrated, impact on
health.
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2.3.1 Physical activity
The features of physical activity that are important for health, and therefore important to
measure in research settings, can be characterized using the FITT principles21. That is, the frequency,
intensity, time (or duration), and type of physical activity. Comprehensive measures of physical activity
would ideally capture information on all four of these FITT components. In children and adolescents,
frequency is typically assessed by the number of days children and adolescents are physically active,
based on a given duration of movement (e.g., 60 minutes/day). Intensity is typically defined according to
metabolic equivalents of task (METs), with values representing multiples of resting energy expenditure.
Intensity is classified as being sedentary (1.0–1.5 METs), light (1.6–2.9 METs), moderate (3.0–5.9 METs),
or vigorous (≥ 6.0 METs)22,23. Higher intensities of physical activity are more strongly and consistently
associated with health benefits in children and adolescents than are lower intensities of physical
activity24–26. Some examples of activities that children and adolescents typically engage in at these
intensities is provided in Table 2.127. Time spent in physical activity in children and adolescents is
typically represented by the total duration in minutes per day or per week, and is usually reported as the
amount of time spent at or above a given intensity (both intensity and time together reflect an overall
volume of physical activity). Generally speaking, more time spent in physical activity of at least a
moderate intensity is positively associated with health benefits in children and adolescents24–26.
Table 2.1 Examples of typical activities that children and adolescents perform at various intensities of
movement
Intensity of movement
METs
Example activities
Sedentary
1.0 – 1.5
Sitting, watching television, lying down, reading
Light
1.6 – 2.9
Standing, activities of daily living
Moderate
3.0 – 5.9
Walking, bicycling, outdoor chores
Vigorous
≥ 6.0
Running, soccer, swimming
MET= metabolic equivalent. 1 MET is the energy required at rest27.
The type of physical activity can be conceptualized as what people were doing when they were
active. The primary types of physical activity in children and adolescents include outdoor active play,
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active travel, curriculum-based physical activity at school, and organized sports and programs28.
Participation in each types of physical activity is not necessarily correlated with participation in the
others. Wickel et al. showed that unstructured physical activity (including active play and active travel)
was weakly correlated (range= -0.01 to 0.21) with structured physical activity (including organized sport
and physical education) among a sample of 6-12 year old boys29. Further, each of these types of physical
activity has unique upstream predictors30–35 and potentially different downstream consequences on
health36. Relationships between physical activity, its predictors, and its health consequences could be
obscured if total physical activity rather than the specific types of physical activity are considered.
Additionally, interventions usually target a specific type of physical activity (e.g., school-based
interventions, walking school buses, organized sport programs). The appropriate outcome of interest for
such interventions is the specific type of physical activity being targeted by the intervention, rather than
overall physical activity. Even when specific types of physical activity are assessed as the outcome of
interest, it may be necessary to measure other types in order to rule out potential compensation effects.
Moreover, temporal trends in physical activity levels are a product of changes in time spent in all of
these types of physical activity – decreases in one type may be at least partially offset by increases in
another, and vice versa.
Therefore, in this review, research on children and adolescents’ physical activity is summarized
according to the four types of physical activity identified above, which were considered to be mutually
exclusive. The following sub-sections summarize the current state of the literature regarding: 1) the
conceptual understanding of specific types of physical activity in children and adolescents; 2) the
prevalence of participation in specific types of physical activity among children and adolescents; 3) the
health benefits of participating (or, conversely, health consequences of not participating) in specific
types of physical activity in children and adolescents. Methodological issues associated with the
measurement of specific types of physical activity are also highlighted.
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2.3.1.1 Outdoor active play
Research into the amount of outdoor active play that children and adolescents engage in is
scarce37,38. Data from the 2013-2014 Health Behaviour in School-aged Children study suggests that 37%
of Canadians in grades 6-10 report playing outdoors for 2 or more hours/day39. It is worth noting that
this 2 hour/day threshold was based on the target for outdoor active play that was recommended in
Canada’s Report Card on Physical Activity for Children and Youth. Beyond this, there is little descriptive
data on outdoor active play, but the evidence that does exist suggests that this behaviour has likely
declined in recent years compared to previous generations32,33,40,41. This decline is largely inferred from
the observed correlation between outdoor time and physical activity35 in conjunction with observed
declines in both outdoor time32 and moderate-to-vigorous physical activity levels42 among children and
adolescents – which, when taken together, makes a decline in outdoor active play highly plausible.
Historically, the benefits of play were thought to be deferred, such that children and adolescents
engage in play to learn and practice those skills necessary to be functioning adult members of
society43,44. It is now understood that play is not an incomplete version, or merely imitation, of adult
behaviour, but as having immediate benefits during childhood43. Gray describes the function of play as a
major means through which children and adolescents: 1) develop intrinsic interests and competencies;
2) learn how to make decisions, solve problems, exert self-control, and follow rules; 3) learn to regulate
their emotions; 4) make friends and learn to get along with others as equals; and 5) experience joy40.
While this may be true for play of all kinds, participating in outdoor active play specifically provides
children and adolescents with unique opportunities to explore and master the world around them45,
which fosters imagination and creativity and uniquely contributes to their emotional, social, and
cognitive development36,40,45–49. In fact, play is so fundamental to children and adolescents’ development
and well-being that is it recognized in Article 31.1 of the United Nations Convention On the Rights of the
Child as a basic human right for all children50. Moreover, the decline in outdoor active play described
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above has been linked to the increasing prevalence of obesity in children and adolescents in recent
decades33,51 as well as to the rise in childhood psychopathology40.
Research on children and adolescents’ outdoor active play has exclusively quantified this type of
physical activity using self- or parent-report methods only. In addition to the typical limitations of selfreport methods for assessing habitual physical activity (i.e., recall error, social desirability effects, and
variability in normative definitions of behaviour over time or across geographical regions or cultures)52,
this approach has produced inconsistent, and often weak, associations between reported outdoor play
and children and adolescents’ overall physical activity levels. For instance, Brockman et al. (2010)
showed mostly non-significant associations, stratified by sex and type of day (complete weekday,
weekday after school, and weekend day), with weak, and inconsistent, significant effects (R2 ranged
from 0.04 to 0.09)53. Similarly, Veitch et al. (2010) found no significant differences in mean minutes/day
of moderate-to-vigorous physical activity between children and adolescents in the highest vs. the lower
tertiles of frequency of outdoor active play in three locations (in their yard at home, their own
street/court/footpath, or the park/playground)54. However, Stone et al. (2014) did find consistent
associations between active play and physical activity of various intensities55. This may be because Stone
et al. (2014) categorized children and adolescents’ reported outdoor active play according to the
duration per day (<30 minutes, 30-60 minutes, 1-2 hours, and >2 hours), while both Brockman et al.
(2010) and Veitch et al. (2010) did so according to the frequency per week (i.e., 1–2 days, 3-4 days, or 5
or more days per week). This may have contributed to non-differential misclassification in the studies by
Brockman et al. (2010) and Veitch et al. (2010), which could explain the null findings. Nonetheless, these
inconsistent estimates of outdoor active play are not surprising given that it is a highly unstructured,
sporadic behaviour8 which makes it difficult to quantify with self-report methods56. Given these
limitations, there is a need to develop a novel methodology that will provide valid and reliable estimates
of outdoor active play in real-world settings.
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2.3.1.2 Active travel
Active travel refers to human-powered transportation such as walking or bicycling9 and is one of
the most studied types of physical activity in children and adolescents. However, the majority of this
research has focused on the proportion of children and adolescents that report usually engaging in
various modes of active travel (i.e., “mode share”)30,57–59, and has frequently only considered trips
between home and school. For instance, a 2014 systematic review by Larouche et al. included 68 studies
that examined the specific association between active travel to/from school and selected health
outcomes30. Approximately 25-35% of Canadian children and adolescents report using active means to
travel between home and school57. However, children and adolescents actively travel to a variety of
other destinations60, and evidence from North America suggests that the proportion of children and
adolescents engaging in any active travel (not just to/from school) is considerably higher, ranging from
77-90%60,61. Typically, a large proportion of time spent in active travel is at a moderate-to-vigorous
intensity (ranging from 50 to 65% of time)61,62; thus, it is not surprising that active travel is associated
with improved cardiorespiratory fitness30 and cardiometabolic health59. In addition to these physical
health benefits, active travel has the potential to promote children and adolescents’ mental and
emotional well-being63 as well as peer connections64.
The reliance on self- or proxy-reported estimates of active travel is problematic because children
and adolescents tend to under-report the time that they spend in active travel65. This may be because
they find it difficult to recall trips that are short or not periodic (i.e., part of their regular routine). It is
further problematic that most studies measure active travel only to or from school66,67. These studies
usually categorize children and adolescents as being “active travellers” or not based on their usual mode
of transport to and/or from school. Some studies have considered both the trip to and from school, but
many rely on only one trip direction as an indicator of children and adolescents’ active travel to school66.
Although the trip to and from school are frequently along the same route, with similar duration and
intensity62, the proportion of children and adolescents who actively travel home from school is 10%
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higher than the proportion who actively travel to school68. Categorizing children and adolescents’ level
of active travel according to their usual mode of travel to/from school has likely contributed to
considerable misclassification. This misclassification is amplified by the numerous criteria that have been
used to classify children and adolescents as “active travellers to school” vs not, which range from more
general criteria (e.g., “percent of students who report usually actively travelling to school”) to more
specific (e.g., “usually walking or biking to and from school in both the winter and the summer”)67. Thus,
even in assessing only active travel to/from school, many of the measures used to date may not
adequately capture the amount of time that children and adolescents spend engaging in active travel
within this specific context, let alone the total time spent in active travel. This is crucial because the
volume (i.e., a combination of frequency, duration, and intensity) of active travel is relevant for physical
activity researchers, not just the usual mode of travel to school.
Recent advances in GPS technology have allowed researchers to use these objective devices to
estimate children and adolescents’ total time spent in active travel60,61,65,69,70. Rather than estimating
active travel behaviour using proxy measures (i.e., usual mode of travel), GPS measures allow
researchers to quantify the number of minutes/day spent in active travel to a wide range of destinations
using a variety of modes of travel from children and adolescents who live in geographically diverse areas.
This measurement approach is quickly becoming the gold-standard field measure of active travel in
children and adolescents since it is more accurate than self-report measures of active travel behaviour.
In their review, Kelly et al. (2013) aggregated the differences between self-reported and GPS-measured
trip durations from eight studies of adolescents and adults71. They found that self-reported trip
durations were 3.2 minutes (20%) longer than matched GPS trip durations. While the magnitude of this
difference is small in absolute terms, this is quite large relative to the amount of time children and
adolescents spend in active travel. Williams et al. (2018) recently reported that a sample of children and
adolescents from Kingston, Canada accumulated 10 minutes of active travel/day on average72; thus, self-
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report measures with this same magnitude of error would substantially overestimate active travel. Mean
estimates of the time that children and adolescents spend in active travel from geographically diverse
studies using GPS, rather than subjective tools, range from 5 to 22 minutes/day61,65,70,73.
2.3.1.3 Curriculum-based physical activity
Curriculum-based physical activity refers to physical activity performed during class-time at
school (i.e., not during recess). This primarily includes physical education (commonly referred to as PE or
gym class) and daily physical activity (commonly referred to as DPA). The Ontario Physical and Health
Education Curriculum requires that students in grades 1 to 8 should participate in 150 minutes/week of
curriculum-based physical activity74. This should include at least 50 minutes/week of physical education
and at least 20 minutes/day of daily physical activity (separate from time devoted to recess).
Population-level estimates of the amount of time that children and adolescents typically spend
in curriculum-based physical activity (including physical education classes and Daily Physical Activity), as
opposed to the amount required in the provincial curriculum, are unavailable. This is largely because
many of the tools used to measure aspects of curriculum-based physical activity are subjective in nature,
such as direct observation techniques75,76, which do not lend themselves well to quantifying time spent
in this type of physical activity at a population-level. Other methodologies have been employed,
including using school timetables and accelerometers, but not specifically to measure curriculum-based
physical activity. For instance, Fremeaux et al. (2011) used school timetables and accelerometers to
examine the physical activity levels of children and adolescents from three schools77. The authors
reported the number of minutes of moderate-to-vigorous physical activity per week that children and
adolescents obtained at school, which ranged from 318 to 478 minutes/week for boys and 240 to 347
minutes/week for girls; however, this included time during the entire school day rather than specifically
during curriculum-based physical activity.
However, estimates of the time that children and adolescents spend in Daily Physical Activity in
Ontario are available from two studies78,79. Patton (2012) assessed Daily Physical Activity in one
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classroom in Ontario78. They showed that children and adolescents accumulated ≈19 minutes of Daily
Physical Activity per day, of which only 3.5 minutes was spent in moderate-to-vigorous intensity,
representing 31% of daily curriculum time moderate-to-vigorous physical activity (after excluding both
recess and physical education classes). Additionally, Stone et al. (2012) showed that fewer than half of
children and adolescents typically engage in Daily Physical Activity79, which is similar to what children
and adolescents have reported80, and when they do participate they accumulate very little moderate-tovigorous physical activity. Collectively, this work suggests that children and adolescents obtain more
physical activity throughout the rest of the curriculum period than they do during Daily Physical Activity,
even after excluding recess and physical education classes.
Physical education classes are designed to promote the development of children and
adolescents’ fundamental movement skills81–83 and contribute to children and adolescents’ social skills
and behaviours, self-esteem and pro-school attitudes, as well as physical literacy83. However, in two
comprehensive reviews, Bailey et al. (2006 and 2009) demonstrate that there is little empirical evidence
confirming that physical education class achieves the population-level health benefits that it is designed
to deliver81,82. Generally, there is a dearth of evidence to support an association between curriculumbased physical activity and health in children and adolescents, but some experimental studies have
shown positive associations with academic performance. In the Trois Rivieres Experiment in Quebec
(Canada), Shephard (1996) compared the overall academic performance of students in an experimental
group who received 1 additional hour of physical activity during classroom time vs. a control group of
students who received their usual curriculum at the same school84. Students in the experimental group
demonstrated significantly greater academic performance between grades 2 and 6. Similar findings have
been observed in studies of children and adolescents from France and Australia85, as well as the USA86.
The underlying mechanisms for this association are not known, but some plausible mechanisms include
increased cerebral blood flow, greater arousal, and increased self-esteem, among others85.
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The use of classroom timetables to estimate the time spent in curriculum-based physical activity
at a population level represents a major methodological gap. This approach was feasible in the studies
by Patton et al. (2012) and Stone at el. (2012) because they used a school-based sampling approach,
which means that many participants had the same school schedule. Based on these results, the
frequency and time spent in DPA, and moderate-to-vigorous physical activity as a result of DPA, were
substantially lower than the provincial requirements. This approach is much less feasible is studies which
use a population-based sampling approach since child participants are enrolled in many different classes
within several different schools and school boards. The study by Patton et al. (2012) assessed daily
physical activity in a “best case scenario” in one classroom – the teacher had specific training in physical
education, reported having a very positive perception of daily physical activity, and also reported that
daily physical activity happens every day that the students do not receive a formal physical education
class. At a broader population level, many teachers may not adhere to curriculum-based physical activity
schedule as strictly as that in the above study. Moreover, the validity of using school timetables in
studies using population-based sampling approaches may be questionable because these schedules may
be subject to change as a result of conflicting priorities, such as special school events. Thus, there is a
need to develop a methodological approach that will allow researchers to objectively measure time that
children and adolescents spend in this type of physical activity.
2.3.1.4 Organized sport
In Canada, approximately 3 in 4 children and adolescents engage in organized sport regularly87,88
and those who participate do so 2.6 times/week on average89. There is some evidence to suggest that
children and adolescents who participate in sports have greater self-rated health and reported life
satisfaction90, motor coordination91, self-esteem92, peer acceptance93, and are less likely to engage in
risky health behaviours94 or to develop metabolic syndrome in adulthood95. Most of the evidence for
these health benefits is inferred from the association between sport participation and overall physical
activity, and is not specific to organized sport participation per se. In their review, Nelson et al. (2011)
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suggest that sport participation is positively associated with overall physical activity levels96. However,
the quality of the evidence examined in this review was low since most studies were cross-sectional,
used self-report measures of physical activity, and assessed sport participation on specific days or only
for specific sports. The highest quality study in this review is that by Silva et al. (2017), who used
accelerometers to measure physical activity, and included all school and club sports, in a study of 442
Portuguese children and adolescents. They showed that children and adolescents participating in sport
≥3 times/week (vs. ≤2 times/week) had higher odds (OR = 2.60; 95%: 1.68, 4.04) of meeting physical
activity guidelines of at least 60 minutes/day of moderate-to-vigorous physical activity. Similarly,
Marques et al. (2016) showed that children and adolescents participating in any organized sport (vs. not
participating) has higher odds (OR = 1.64; 95%: 1.14, 2.35) of meeting physical activity guidelines97.
These findings are generally corroborated by longitudinal evidence98. Collectively, this evidence supports
the notion that sport participation positively contributes to children and adolescents’ physical activity
levels.
The majority of studies that have measured organized sport participation have used self-report
measures. Self-report measures of the frequency of organized sport participation are typically quite
good, and excellent test-retest reliability has been demonstrated (ICC=0.95)97. This is likely because
children and adolescents who participate in organized sports do so quite regularly, in a prescheduled
manner, and often on the same day and time of each week. However, children and adolescents may
overestimate time spent in organized sport since they may include time spent travelling to/from the
location of the organized sport as well as time spent changing or showering before or after52. While selfreport measures of organized sport can be reliably used to assess the frequency of participation, they
may be less reliable in assessing the duration of participation, at least without external verification of
start and end times. Moreover, they cannot be used to assess the intensity of movement, and thus the
total volume of physical activity accumulated, during organized sport. This is because children and
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adolescents engage in a variety of movement behaviours during organized sport, not just physical
activity. For instance, studies that have combined questionnaires with objective measures of movement
behaviour have demonstrated that 27-49% of time during organized sport may be spent at a sedentary
intensity99–101. However, these studies have been limited to studying specific populations (i.e., girls
only101) and specific sports (e.g., soccer99–101, baseball100, netball and basketball101). Therefore,
methodological advances in measures of organized sport are required if researchers are to assess the
total volume of physical activity accumulated through all organized sport participation at populationlevel.

2.3.2 Sedentary behaviour
The features of sedentary time that are important for health can be characterized using the SITT
principles – Sedentary time frequency, Interruptions to sitting time, Time (duration), and Type (e.g.,
screen time, motorized transportation)4. Sedentary time frequency refers to the number of prolonged
bouts of sitting per day, and it is closely related to Interruptions to sitting time (i.e., breaking up sitting
with standing or walking). While interrupting sitting time is beneficially associated with health outcomes
in adults102, the impact of interrupting sitting time in children and adolescents is not yet clear. The time
component typically refers to the duration of individual bouts, but is routinely combined with frequency
to estimate total sedentary time. In Canada, school-aged children and adolescents accumulate ≈8.5
hours of sedentary time per day42,103. While Time spent sedentary is associated with health outcomes in
adults102, there is no clear association between time spent sedentary and health outcomes in children
and adolescents104–107. However, in a systematic review, Biddle et al. (2010) showed that sedentary
behaviour habits (including overall sedentary time) formed during childhood tend to track over time into
adolescence and ultimately into young adulthood108. For instance, the highest quality study included in
this review is that of Janz et al. (2005), who used an objective measure of sedentary time and had a
longer follow up-period than that of comparable studies109. These authors showed that the children
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aged 5-to-8 in highest quartile of sedentary time at baseline had five times the odds of being in the
highest quartile at follow-up (3 years), relative to the lower quartiles (OR=5.0; 95% CI: 3.0, 8.4). Finally,
the Type of sedentary behaviour is important. While there is a large and consistent body of evidence to
suggest that screen-based sedentary time, and television time in particular, is negatively associated with
health105, there is inconsistent evidence on the health effects of other types of sedentary time –
including total sedentary time as determined with an accelerometer105,110.
One potential reason for the null associations with health indicators frequently observed in the
literature105 is “non-wear time”, or time when children and adolescents remove their accelerometer
device, which is indistinguishable from sedentary time. Non-wear time is typically deleted from datasets,
which may result in biased estimates of sedentary time or of its associations with health indicators. The
implications of non-wear time on estimating sedentary time is discussed in further detail in the
Measurement of Movement Behaviours section.

2.3.3 Sleep
Sleep is generally characterized according to duration and quality111. The U.S. National Sleep
Foundation recommends that children aged 6–13 years old get 9–11 hours of sleep per night and that
adolescents aged 14–17 years old get 8–10 hours of sleep per night112. Although 75% of children and
adolescents in Canada report meeting these guidelines113, children and adolescents typically sleep less
today than they did in previous decades114. Adequate sleep duration provides a wide array of physical
and mental health benefits in children and adolescents115.
Most sleep health research in this area has focused on sleep duration112,115, but sleep quality is
also an important characteristic of children and adolescents’ sleep to consider116,117. Little is known
about the prevalence of adequate/inadequate sleep quality in healthy children and adolescents (e.g.,
without sleep disorders or disturbances). In one study, Michaud and Chaput (2016) examined sleep
quality in multiple cycles of a nationally representative sample of Canadian children and adolescents118.
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They showed that 32.4% of 6–13 year olds and 42.0% of 14–17 years old reported frequent trouble
going to sleep or staying asleep. With respect to children and adolescents’ health, adequate sleep quality
is required for optimal neurobehavioural functioning111, and lower sleep quality increases children and
adolescents’ risk of developing obesity116,117 and type II diabetes119.
One measure of sleep quality that is gaining popularity in children and adolescents is sleep
efficiency120,121, which represents the ratio of total time spent sleeping to the total amount of time spent
in bed120. In field-based settings this is typically measured using an accelerometer (in clinical settings,
polysomnography is typically used). A recent systematic review and meta-analysis by Galland et al.
(2018) suggests that accelerometer-derived sleep efficiency in children and adolescents aged 3-14
usually ranges from 70-95%, with a pooled mean of 86% (95%CI: 84, 88)122. However, since field-based
methods of assessing sleep efficiency are relatively novel, there is little evidence regarding associations
between sleep efficiency and health outside of clinical settings. The available evidence suggests that
sleep efficiency in otherwise healthy children and adolescents is negatively associated with
adiposity116,117and positively associated with academic performance123 and healthier heart-rate
variability patterns124. However, all of this evidence is cross-sectional and only small effect sizes have
been observed. Moreover, the evidence for an association with cardiometabolic risk is somewhat
mixed125. For instance, in a cross-sectional study of 238 American adolescents aged 13-16) years Javaheri
et al. (2008) showed that each 1% increase in accelerometer-derived sleep efficiency was associated
with 0.30 mmHg lower systolic blood pressure126. They also showed that poor sleep efficiency (defined
as <85%) was associated with higher adjusted odds of having pre-hypertension (defined as systolic
and/or diastolic blood pressure >90th percentile) (OR = 3.50; 95%CI = 1.54, 7.96). Nearly identical effect
sizes, although with somewhat better precision, were observed when sleep efficiency was assessed
using PSG. In contrast, in another cross-sectional study of American adolescents, Mezick et al. (2012)
observed null associations between accelerometer-derived sleep efficiency and blood pressure. It is
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worth noting that participants in this study had markedly lower sleep efficiency compared to the study
by Javaheri et al. (2008) (mean=82% vs. 90%, respectively) and over two-thirds of participants were
classified as having low sleep efficiency, or <85%, vs. one-quarter of participants in the study by Javaheri
et al. (2008). Thus, while there is some evidence supporting an association between sleep efficiency and
health indicators in children and adolescents, field-based measures of sleep efficiency are continuing to
evolve and this is still an emerging area of research.

2.3.4 Integrated 24-hour movement behaviours
There is compelling evidence that all movement behaviours – including physical activity (e.g.,
moderate-to-vigorous and light physical activity), sedentary behaviour and sleep – are each associated
with children and adolescents’ health24,105,115; however, until recently these behaviours have been
primarily studied in isolation. This is problematic because changes in one movement behaviour can
moderate the health benefits of another3,106,127–129. Saunders et al (2016) conducted a systematic review
of 14 studies that examined how combinations of movement behaviours are associated with health in
children and adolescents20. They showed that children and adolescents with high levels of physical
activity and sleep and low levels of sedentary time had a lower obesity and cardiometabolic risk, when
compared with children and adolescents who had low levels of physical activity and sleep and high levels
of sedentary time. However, none of these studies considered the displacement of time from one
movement behaviour to another, which is a major limitation of this previous work. In light of the recent
appreciation of the inter-dependency of movement behaviours with one another and for associations
with health indicators, a growing field of research is now examining how the composition of a child’s 24hour movement profile is associated with various health indicators. It is now recognized that physical
activity, sedentary behaviour, and sleep are time-constrained within a 24-hour day such that an increase
in time spent in one behaviour necessitates a decrease in time spent in another19. This accumulating
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evidence suggests that combinations or patterns of movement behaviours may impact health in a way
that cannot be explained at the level of individual behaviours when studied in isolation17,18,130–133.
This novel conceptualization of children and adolescents’ 24-hour movement has been
accelerated by advances in (and adoption of) analytical techniques to account for the time-constrained
nature of movement behaviour data. Compositional analysis is perhaps the most novel method that has
been incorporated into this integrated movement behaviour paradigm18. Using this approach, Carson et
al. (2016) examined the effect of compositional movement on health indicators in a nationally
representative sample of Canadian children and adolescents17. They showed that, relative to other
movement behaviours, time spent in moderate-to-vigorous physical activity was positively associated
with aerobic fitness and negatively associated with indicators of obesity as well as several
cardiometabolic risk markers. When displacement effects were considered, the largest effect was
observed for body mass index Z-score – when 10 minutes of moderate-to-vigorous physical activity was
displaced by 10 minutes of sedentary behaviour, light physical activity or sleep, BMI z-score increased by
5.1%, 1.2%, or 1.1% respectively. This is consistent with other evidence which generally suggests that
reallocating children and adolescents’ time from moderate-to-vigorous physical activity to any other
movement behaviour is associated with unfavourable measures of adiposity130,131. Similarly, reallocating
sedentary time (or light physical activity) to moderate-to-vigorous physical activity is favourably
associated with markers of cardiometabolic risk132 and cardio-respiratory fitness133. Nonetheless, Carson
et al. (2016) showed that sedentary time was positively associated with obesity risk markers and
negatively associated with aerobic fitness. They also found that light physical activity was positively, and
sleep was negatively, associated with unfavourable behavioural strengths and difficulties scores and
systolic blood pressure, all relative to other movement behaviours. Collectively, this evidence suggests
that different compositions of movement behaviour may be ideal for different health indicators in
children and adolescents.

38

Ultimately, this is an emerging field of research and there are still limitations with how
movement behaviours are measured. This previous work has largely not recognized that the way in
which children and adolescents accumulate moderate-to-vigorous or light physical activity – through
different types of physical activities – is differentially associated with other behaviours and with health.
For instance, physical activity performed outdoors with direct sunlight exposure (e.g., through outdoor
active play or active travel) may improve sleep quality through beneficial effects on sleep-related
hormonal responses, such as levels of melatonin134. In addition, exposure to sunlight improves vitamin D
levels and low serum concentrations of vitamin D in adolescence have been linked with indicators of
cardio-vascular disease risk in adulthood, independent of both physical activity and adiposity135.
Similarly, this previous work has emphasized the importance of sleep duration, but not sleep quality. As
such, in previous composition models all sleep time contributes equally to children and adolescents’
health, but this may not be accurate. For example, 7 hours of good quality sleep may be more
restorative or beneficial to a child’s health than is 9 hours of poor quality sleep. This may explain some
inconsistent findings between movement behaviours and several health indicators in previous
compositional analyses. Finally, complete 24-hour data is required for analyses of children and
adolescents’ 24-hour movement behaviours. Accelerometers are primarily used to measure these
movement behaviours in children and adolescents. However, children and adolescents often take these
devices off during the measurement period which leads to incomplete data. Typically, these movement
behaviours are normalized to a complete 24-hour day130, but this approach may not be valid136.

2.4 Measurement of movement behaviours
The accurate measurement of the various components of children and adolescents’ 24-hour
movement behaviours is of utmost importance to health researchers. There are three reasons for this.
First, these measures are used as population-level surveillance tools to monitor trends in behaviour over
time. This is particularly relevant as national-level surveillance studies in Canada (CHMS) and the United
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States (NHANES) have shifted towards objectively measuring 24-hour movement behaviours in children
and adolescents. Measurement error can bias these temporal trends – for instance, measurement error
could mask underlying trends in behaviour or, conversely, it may appear that the prevalence of these
behaviours are changing at a population-level when in fact they are not. Second, researchers who are
designing interventions to improve the uptake or maintenance of one or more movement behaviours in
children and adolescents rely on accurate measures to evaluate the effectiveness of their intervention.
Measurement error, if non-differential, will bias effect estimates towards the null and could mask the
real potential benefits of these interventions. This would also increase the size of the sample required to
observe the same effect size. Differential measurement error could bias the intervention effect away
from the null, whereby the benefits of the intervention are overestimated. Third, researchers evaluating
the health impact(s) of these behaviours also rely on accurate measures of movement behaviours. In this
context, measurement error could bias estimates of association. This could mean that the effect of some
beneficial pattern or composition of movement behaviour could be masked. Conversely, a pattern or
composition of movement behaviour could emerge as being apparently relevant for some health
indicators, but this could the result of measurement error. This is particularly relevant as our
understanding of how various compositions of movement behaviours influence different aspects of
health is only beginning to unfold.
There are many different ways to measure the aforementioned movement behaviours and the
different characteristics of these behaviours and many of these measures are reviewed below. The
measure of choice is influenced by a number of factors, including the desired study outcome (i.e., FITT,
SITT, or sleep characteristics the researcher wants to measure), the population being studied, feasibility
and cost, and sample size. The methodologies described below are those commonly used in
epidemiology studies of children and adolescents’ movement behaviours.
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2.4.1 Questionnaires and surveys
Questionnaires and surveys refer to self-report or proxy-report measures that child/adolescent
participants or a parent/guardian respond to. These methods are common because they are simple and
inexpensive to use. Questionnaires and surveys of physical activity can assess all of the FITT principles,
although the validity and reliability of these tools are inconsistent52,137. These measures of physical
activity often overestimate the amount of time spent in physical activity as some respondents may
include time spent in passive transit to/from the location of the activity as well as time spent changing or
showering before or after the activity52. In children and adolescents, this overestimation is compounded
by their propensity to engage in short, sporadic bursts of physical activity8,138,139 intermittently
throughout the day, which can be difficult to recall and quantify by questionnaire. While there have
been efforts to quantify the intensity of physical activity derived from self-or proxy-report measures,
perceived intensity is inextricably linked to an individual’s previous experience with physical activity and
their level of fitness, as well as cultural and contextual factors52. These tools are also subject to recall
error, especially in children and adolescents137. However, one strength of these tools is their ability to
assess the type of physical activity being undertaken, which can provide useful environmental and
contextual information. The validity of these tools for measuring types of physical activity that occur
with a regular frequency and/or fixed duration, such as organized sports97 is quite good.
Sedentary time is most commonly assessed using questionnaire or survey methods, where
children/adolescents or parents/guardians are asked to report the amount of time spent in one or more
types of sedentary behaviour, with an emphasis in the literature on television and other screen time
behaviours. These methods have been shown to have acceptable (but not good or excellent) reliability,
although their validity is usually untested140. Self-report estimates of sedentary time measure the type of
sedentary behaviour, but are limited in their assessment of frequency and duration (focusing only on
some types of behaviours) and cannot assess interruptions to sedentary time.
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Likewise, the majority of epidemiology studies on sleep behaviours use self-report
methodologies, which have been shown to overestimate sleep duration141 and which do not provide
valid or reliable estimates of sleep efficiency or other measures of sleep quality121.

2.4.2 Behaviour logs and diaries
For both physical activity and sedentary time, behaviour logs or diaries can be used to record the
frequency, time, and type of activities that children and adolescents engage in over the course of a
measurement interval. While there is a reduced likelihood of recall error with these methods by
comparison to surveys and questionnaires142,143, it is possible that children and adolescents will respond
inaccurately (either intentionally or unintentionally). Additionally, if these methods are perceived to be
more inconvenient or time-consuming than other self-report measures, there is a possibility of either
reduced data quality or selection bias142,144. Finally, while logs represent an improvement over
questionnaires to assess the frequency, time, and type of physical activity and sedentary time, they do
not represent an improvement for assessing the intensity of physical activity or interruptions to
sedentary time.
Behaviour logs and diaries can be used to record bed and wake times, from which sleep duration
can be determined. While this method of assessing sleep duration is subject to the same biases
mentioned above for sleep questionnaires, the validity of these estimates can be improved when used in
conjunction with accelerometers to refine bed and wake times145.

2.4.3 Pedometers
Pedometers are a useful tool for measuring the overall amount of physical activity per day or per
week and rely on spring-based mechanisms which estimate steps based on forces produced by
movement in the vertical axis21. Some devices with both an internal memory and clock can store step
data for each day, providing an estimate of the frequency of physical activity. Pedometers remain
limited in that the outcome is binary and, as such, the intensity of various types of movement cannot be
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measured (i.e., light-intensity physical activity or sedentary time), data cannot usually be stored per unit
time so bouts of physical activity and interruptions in sedentary time cannot be assessed. Further, these
devices are sensitive to movement in the vertical axis only and cannot be used to measure sleep.

2.4.4 Accelerometers
Accelerometers have been used to measure physical activity since the 1980s146 and have been
adopted as the gold-standard methodology for physical activity assessment in field-based studies147.
Accelerometers are also commonly used to assess sedentary time. These devices are typically worn on
the waist and convert a physical force (i.e., acceleration or vibration) to a proportional electrical charge.
Accelerometers record movement intensity as “counts”, which represent a sum of movement intensity
over a given “epoch”, or unit of time. In children and adolescents, epoch lengths typically range from 15
seconds to one minute. Since measurement periods (i.e., typically one week) can yield tens of thousands
of count values, considerable data reduction and processing has to be undertaken in order to derive final
physical activity and sedentary time estimates used for statistical analyses.
One of the most widely used accelerometer devices is the Actical (Phillips Respironics, Bend,
OR), which has lower between- and within-device coefficients of variation than other commonly used
devices148 and is used to gather nationally representative data in Canada through the Canadian Health
Measures Survey42. The Actical and most other accelerometers used in research settings provide timestamped count data that can be used to assess the intensity, time, frequency, and interruptions of
physical activity and sedentary time. However, they do not provide contextual information on the type
of physical activity or sedentary behaviour.
The primary difficulty in measuring movement behaviour during waking hours with an
accelerometer is distinguishing this relatively low-intensity movement from “non-wear time”, which
occurs when the device has been removed and which can look quite similar to sedentary time with a
consecutive series of epochs with zero counts. Various automated algorithms have been developed to
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identify non-wear time with accelerometers149. The most commonly used approach identifies non-wear
time as 60 minutes of consecutive zeros while allowing for up to 2 minutes of non-zeros during this
time150,151. Traditional processing of accelerometer data has removed non-wear time entirely. The vast
majority of child participants have some nonwear time during a typical one-week accelerometer
measurement period42,152–154. Unfortunately, non-wear time is not well reported in most studies, but
children and adolescents typically accumulate around 12–13 hours/day of waking wear time (out of a
possible 14–15 hours, assuming that children and adolescents sleep 9–10 hours/night). Thus, it is
common to observe 1 hour or more of non-wear time per day, although this can vary considerably. For
instance, using one of the most common definitions of non-wear time (60 consecutive minutes, allow for
up to 2 non-zero minutes), Aadland et al. (2018) showed that 11-year old children accumulated 0 to 5
separate periods of non-wear time per day, which ranged in duration from 10–90 minutes155.
Accelerometer wear time in this study (13.1 hours/day) was typical of most other studies. The field has
adopted a standardized duration of wear time that is required for a day to be considered ‘valid’ (i.e., >
10 hours/day), as well as the number of valid days that are required for a participant (i.e., ≥ 4 days,
sometimes including a weekend day)42,149,151,156. Days with non-valid accelerometer data are deleted and
the final physical activity and sedentary time estimates are based only on days with valid accelerometer
data. Furthermore, participants within too many non-valid days are deleted from the dataset altogether;
this typically represents 15-30% of child participants42,153,154,157. The deletion of non-wear time and nonvalid days could lead to biased estimates of movement behaviours. For example, if the non-wear period
occurred while the participant was participating in organized sport, physical activity would be
underestimated. Likewise, if a child removes their device during a sedentary behaviour (e.g., watching
television), sedentary time would be underestimated. Furthermore, the exclusion of participants with
too many invalid days substantially reduces sample size for statistical analyses and would bias group-
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level estimates if physical activity and sedentary time were different in participants who were excluded
from the analyses vs. participants who were included.
Another approach that can be used as an alternative to deleting non-wear time epochs, all
epochs from non-valid days, and participants with too many non-valid days is to use imputation to
replace the non-wear time accelerometer epochs with plausible values. Methods for imputing non-wear
time accelerometer epochs that have been explored in the literature have typically considered these
epochs to be missing completely at random158–161. This is likely not the case because children and
adolescents remove their accelerometers for specific reasons, such as for water-based activities (i.e.,
swimming, showering, etc.), for some organized sports where any jewellery/accessories are prohibited,
or because of the appearance or discomfort of the device162. One of the most simple and commonly
used methods is mean imputation, whereby individual accelerometer count values that are missing are
replaced with the average epoch count value accumulated over a pre-determined time interval where
there is non-missing data, either at the individual- or group-level158–161. However, mean imputation is
known to introduce bias160 and decrease variance estimates159. Other approaches for imputing missing
accelerometer data include regression techniques and individual-centred approaches (i.e., using only
data from the same individual)163; however, neither of these techniques provides any new information
about the distribution of missing data and they tend to similarly underestimate variance164. Multiple
imputation is another approach which is more appropriate for the imputation of missing data because it
uses observed data to predict an imputed value and to derive proper variance estimates158,159,164. This is
beneficial since some observed data may be correlated with the missing value and can inform imputed
estimates, rather than assuming that the value is missing at random. How close the estimate is to the
truth depends on the number of predictors and their correlation with the missing variable159. Multiple
imputation has been used in studies of physical activity158,165 but not in studies of sedentary time.
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With respect to sleep behaviours, wrist-worn accelerometers, such as the Actiwatch 2 (Phillips
Respironics, Bend, OR), are considered to be valid and reliable measures of both total sleep time and
sleep efficiency in children and adolescents120,121,166. Similar to physical activity, the primary advantage of
using accelerometers to measure sleep behaviours is the objective nature of the measure, which
reduces many of the biases inherent to self-report measures. As mentioned above, the majority of this
work has been conducted with wrist-worn, rather than waist-worn, accelerometers. However, it may
also be possible to measure sleep characteristics using the same devices and wear locations as the
accelerometers used to assess physical activity and sedentary time167. This is an attractive option
because participants would not have to switch devices and/or wear locations for waking and sleeping
hours, which would reduce participant burden, likely improve compliance, and limit non-wear time. With
that being said, adjustments would need to be made to the accelerometer sleep algorithms that are
used on wrist-worn accelerometers because limb movement is more common than trunk movement
during sleep168. Additionally, commonly used wrist- and waist-worn accelerometers derive their epoch
“count” values in different ways, which are not equivalent22. For instance, the waist-worn Actical
accelerometer records the intensity of movement 32 times/sec and derives a count value as the
integrated area under the curve of the intensity data for each second (which are then summed to an
epoch length). Conversely, while the wrist-worn Actiwatch accelerometer also records the intensity of
movement 32 times/sec, it uses the highest of the 32 intensity values for a given second as the count
value for that entire second. Thus, count values from the Actical will be lower than those from the
Actiwatch, even if all else was equal. Weiss et al. (2010) reported that this difference in count values is
approximately 35%169. To date, there has not been a study examining the potential for the waist-worn
Actical accelerometer to measure sleep variables in children and adolescents. This work is of particular
importance in Canada, since the Canadian Health Measures Survey uses the Actical accelerometer. Thus,
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a validated sleep efficiency algorithm would provide researchers with the tools necessary to obtain
objectively measured nationally representative sleep efficiency data.

2.4.5 Inclinometers
Sedentary time determined from an accelerometer is defined simply as time spent at low
intensity movement. Because an accelerometer does not provide an assessment of posture, it is difficult
to differentiate sitting from standing still with accelerometer data19. This is relevant because the
definition of sedentary time has been operationalized as being low intensity movement that occurs in a
seated or reclined posture11. Thus, devices that incorporate inclinometers alongside accelerometers may
be useful for assessing sedentary time. One such device, the ActivPAL (PAL Technologies Ltd., Glasgow,
UK), has shown to provide reasonable accuracy for assessing time spent sitting vs. standing as compared
to direct observation, but was not shown to be an improvement over an accelerometer-only
approach170.

2.4.6 Consumer wearable technology
Consumer wearable technology such as smartphone-based step-counters and wrist- or hip-worn
fitness monitors (e.g., Fitbit) are now commonplace. The primary barrier to using these devices in
research settings is that time-stamped (i.e., epoch-by-epoch) information is typically not available, or at
least not in intervals small enough to measure the sporadic movements of children and adolescents.
Rather, these devices output summary measures on an hourly, or more often, daily basis. These devices
provide a valid measure of steps in adults, but existing evidence suggests that they do not provide valid
measures of physical activity time and intensity171,172 or sleep duration and efficiency173.

2.4.7 GPS and GIS: measures of location
Global Positioning System (GPS) loggers record an individual’s time-stamped location by
receiving synchronous radio signals obtained from orbital satellites operated by the U.S. Department of
Defense (31 satellites in total) and the Russian Roscosmos State Corporation for Space Activities
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(GLONASS, 24 satellites in total). These devices record precise latitude and longitude points (known as
“fixes”) at specific intervals, which can be used to calculate displacement and speed. However, prior to
May 2000, the U.S. Department of Defense deliberately degraded civilian GPS signal quality through a
program called “Selective Availability”; as such, GPS devices were rarely used by researchers to measure
human movement prior to this174. Since the year 2000, researchers have shown that GPS devices can
provide considerable accuracy175 (i.e., within 1-2 metres), above and beyond other self-report176 or
objective15 methods, in measuring human movement. Time-stamped displacement and speed data from
GPS devices can now be used to accurately identify children and adolescents’ trips as well as categorize
these trips into modes (e.g., walking, cycling, driving) using speed cut-offs177. However, GPS cannot be
used to measure other types of physical activity without being combined with other information, and
has historically been hindered by low battery life, noncompliance, and device malfunction or misuse178
Geographic Information Systems (GIS) are another tool that can be used to provide a similar
measure of the distance of a trip. GIS data typically consists of points, lines, and polygons that represent
unique features of the built or social environment and are combined to form layers that can be
superimposed and stacked on top of maps (i.e., geographic, topographic, etc.). Points typically include
the location of stationary objects, such as road signs or traffic lights. Lines are used to represent roads
and other linear features of the built environment. Polygons represent areas and are often joined
together to form continuous layers of information over a particular region. These layers can include
building footprints, property boundaries, road networks, and municipal zoning areas, among many
others. In estimating the distance of a child’s trip to a destination, GIS does not suffer from some of the
same limitations as GPS, but is only useful if the start and end points of the trip are known. While GPS
and GIS measure the same distance between two points, they do not measure the same route between
two points179. For this reason, travel speed (and thus trip mode) cannot accurately be determined using
GIS alone.
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It is often advantageous to combine data from GPS and GIS since they provide unique, yet
complimentary, geographic information. GPS provides time-stamped information about an individual’s
location and the GIS provides contextual information about the features of the environment where the
individual is located. Latitude and longitude coordinates from GPS data can be encoded as a layer within
GIS software and can be flagged as occurring within layers, or near points or lines. For example, Cooper
et al. (2010) distinguished between children and adolescents’ GPS-determined active trips to school and
children and adolescents’ outdoor play in the playground before the start of school using school
property boundaries from a GIS180. Nonetheless, these methods are limited to measuring movement
behaviours that occur outdoors, and cannot be used to determine the intensity of movement, especially
while children and adolescents are relatively stationary.

2.4.8 Combining data from accelerometers, GPS, and GIS
By combining data from accelerometers, GPS, and GIS, researchers can gain considerable insight
into the characteristics of outdoor environments that promote or discourage physical activity. As such,
combined approaches to measuring physical activity and sedentary time are becoming more popular181.
Rodriguez et al. (2005) were the first to demonstrate the validity, reliability, and feasibility of combining
data from these devices to classify physical activity according to location under free-living conditions182.
Following this seminal work, researchers used similar methods to classify physical activity in children and
adolescents183,184 and adolescents185,186 according to location, but this was limited to specific contexts for
physical activity or times of day. Amongst the earlier work done in this area, none was as comprehensive
or ground-breaking, from a methodological perspective, as the descriptive paper by Rainham et al.
(2012)186. In recognition of the absence of a broadly accepted method for integrating accelerometer and
GPS data, the authors developed a standardized program for combining these data, called the
GeoActivity Processor. They provided a schematic of data input/output and described decision rules
used to derive estimates of moderate-to-vigorous physical activity undertaken by children and
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adolescents in a number of locations in Halifax, Nova Scotia, throughout one week. Around this same
time, several papers were published outlining best practices for the collection, management, and
integration of accelerometer, GPS, and GIS data69,181,187,188. Over the course of a decade or so, this
collective work provided the conceptual and methodological foundation for a web-based platform for
integrating various kinds of movement behaviour data, called the Personal Activity and Location
Measurement System (PALMS)189. PALMS provides a means of merging accelerometer and GPS data
using time-stamps181, and provides users with a number of modifiable options for managing and
reducing these data.
This body of research has used combined accelerometry and GPS/GIS data to classify physical
activity according to the location where it is accumulated, such as at or near home or school69,73,190,191.
However, these studies did not attempt to classify the type of physical activity that children and
adolescents were doing, although this would be possible to do with this technology. Children and
adolescents can participate in a variety of different types of physical activity within a given location (i.e.,
playing in park, active travel through a park, physical education class or organized sport in a park). This is
conceptually relevant as some types of physical activity are thought to be in sharp decline in childhood
(i.e., outdoor active play) while the prevalence of other types is higher (i.e., organized sport).
Furthermore, as previously described in this review, different types of physical activity are likely
associated with different health outcomes so it is important to develop a comprehensive measure of
these types of physical activity in order to better understand how they collectively impact health. This
previous work has largely focused on moderate-to-vigorous physical activity and has not incorporated
other movement behaviours, namely light physical activity and sedentary time.
Furthermore, previous work has been hindered by participant compliance and low device wear
time. For instance, Carlson et al. (2016) reported that children and adolescents wore both an
accelerometer and GPS device for an average of 7 days during a measurement week, but defined a

50

complete day as that with ≥8 or more hours of combined data and required only ≥ 1 school and ≥ 1 nonschool day in order for children and adolescents to be included, for which 127 children and adolescents
were excluded (81% compliance)192. Similarly, Maddison et al (2010) obtained an average of 7 hours of
GPS data per day, whereby 72% of participants had at least 10 hours of combined data on at least 3
days185. Finally, Burgi et al. (2016) obtained an average of 9.7 hours of combined data per day with 81%
compliance while defining a valid day as that with ≥ 4 hours of combined data per day and included
participants with ≥ 1 weekday and ≥ 1 weekend day193. Researchers have similarly used low wear time
requirements to improve the perception of compliance in other studies69,186,190. This low wear time in
previous studies is largely a result of the low battery life of GPS devices178,194 along with lost satellite
signals; however, recent advances in GPS technology have allowed for improved battery capacity. In
order to effectively use GPS, in combination with accelerometers, to measure specific types of physical
activity in children and adolescents researchers will need to obtain enough data to be consistent with
accepted (and comparatively more conservative) wear time criteria156,158,159.

2.5 Summary
This review has identified three methodological gaps in the measurement of movement
behaviours. These gaps will need to be addressed so that researchers can continue to improve our
understanding of how children and adolescents’ movement behaviours are related to one another and
to various health indicators.
First, children and adolescents accumulate their physical activity through a number of different
types, which each uniquely contribute to children and adolescents’ health; an approach for concurrently
measuring time spent in these different types of physical activity has not yet been established. Second,
objective measures of physical activity/sedentary time and sleep are often derived using different
devices and measurement protocols. The waist-worn accelerometer device commonly used to measure
physical activity/sedentary time in Canada, including for national-level surveillance, is the Actical. Sleep
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efficiency algorithms could be developed for this device which would allow for the concurrent
measurement of 24-hour movement behaviours, including a sleep quality component, with a single
device in Canada. Third, accelerometer non-wear time may bias estimates of sedentary time, and 24hour movement behaviours more broadly. Non-wear time is typically deleted from accelerometer
datasets, but multiple imputation techniques could be applied to re-capture some of this missing
information. This would reduce the potential for bias in deriving estimates of sedentary time and 24hour movement behaviours. The research studies in chapters 4 through 7 will address these three
methodological gaps.
Findings from these studies may have important implications for the scientific and public health
communities. For example, this work will provide researchers with novel measurement tools to estimate
population-level trends through national surveillance efforts, design evidence-based interventions to
improve children and adolescents’24-hour movement behaviour profiles, and to better elucidate the
ideal pattern or composition of movement behaviours for a number of health outcomes. More broadly,
this work will help to inform national and international guidelines for movement behaviours in children
and adolescents and will ultimately contribute to public health efforts aimed at improving children and
adolescents’ movement behaviour profiles.
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3.1 Abstract
Background: Children participate in four main types of physical activity: organized sport, active travel,
outdoor active play, and curriculum-based physical activity. The objective of this study was to develop a
valid approach that can be used to concurrently measure time spent in each of these types of physical
activity.
Methods: Two samples (sample 1: n=50; sample 2: n=83) of children aged 10-13 wore an accelerometer
and a GPS watch continuously over 7 days. They also completed a log where they recorded the start and
end times of organized sport sessions. Sample 1 also completed an outdoor time log where they
recorded the times they went outdoors and a description of the outdoor activity. Sample 2 also
completed a curriculum log where they recorded times they participated in physical activity (e.g.,
physical education) during class time.
Results: We describe the development of a measurement approach that can be used to concurrently
assess the time children spend participating in specific types of physical activity. The approach uses a
combination of data from accelerometers, GPS, and activity logs and relies on merging and then
processing these data using several manual (e.g., data checks and cleaning) and automated (e.g.,
algorithms) procedures. In the new measurement approach time spent in organized sport is estimated
using the activity log. Time spent in active travel is estimated using an existing algorithm that uses GPS
data. Time spent in outdoor active play is estimated using an algorithm (with a sensitivity and specificity
of 85%) that was developed using data collected in sample 1 and which uses all of the data sources. Time
spent in curriculum-based physical activity is estimated using an algorithm (with a sensitivity of 78% and
specificity of 92%) that was developed using data collected in sample 2 and which uses accelerometer
data collected during class time. There was evidence of excellent intra- and inter-rater reliability of the
estimates for all of these types of physical activity when the manual steps were duplicated.
Conclusions: This novel measurement approach can be used to estimate the time that children
participate in different types of physical activity.
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3.2 Background
Physical activity is an important health determinant in children1. The four main types of physical
activity that children engage in are organized sport (e.g., soccer game, gymnastics practice), active travel
(e.g., walking to school), outdoor active play (e.g., exploring nature, playing at recess), and curriculumbased physical activity (e.g., physical education)2,3. It is important to consider time spent in these
different types of physical activity because they may have unique determinants4–9 and health
consequences10. Moreover, the type of physical activity should be considered when examining physical
activity levels and trends in the population because doing so provides insights into the types of physical
activity that need to be addressed in order to increase overall physical activity.
Valid methods are available to measure the daily (or weekly) total time spent in some types of
physical activity, such as organized sport11 and active travel12, but not others, most notably outdoor
active play. Furthermore, an approach for concurrently measuring time spent in these different types of
physical activity has not been established. Accordingly, the objective of this paper was to describe the
development of a measurement approach that can be used to concurrently assess the time children
spend participating in organized sport, active travel, outdoor active play, and curriculum-based physical
activity.

3.3 Methods
3.3.1 Background
Our thought processes in developing the measurement approach were driven by the following
definitions, premises, and assumptions:
•

Organized sport refers to physical activities that are scheduled, typically governed by rules and
regulations, often competitive in nature, and supervised and managed by adults. Active travel
refers to human-powered transportation such as walking or bicycling13. Outdoor active play
refers to unstructured and informal physical activities that are freely chosen, typically child-led
with little or no adult supervision, and which occur in a variety of outdoor locations2.
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Curriculum-based physical activity refers to physical activity performed during class-time at
school and includes physical education classes, special school events that are movement
oriented, and in our home province of Ontario, Daily Physical Activity (i.e., 20 min/day of
physical activity performed in class). The different types of physical activity were considered
mutually exclusive and children could only be classified as partaking in one type of physical
activity at a time.
•

We aimed to develop a measurement approach that relied upon devices and instruments
already used by physical activity researchers. Because objective devices are more valid than selfreported instruments, whenever possible objective devices were chosen. We required that these
devices be comfortable to wear and not hinder normal physical activities. Our decisions were
guided by the fact that objective devices meeting these criteria are available to measure the
intensity of movement (i.e., accelerometer) and the geographic location where movement
occurs (i.e., GPS watch).

•

We only considered including a self-reported instrument in the final measurement approach if it
could be completed quickly by children as young as age 10 in a valid manner. To that end, we
felt that children could quickly and reliably record organized sport on an activity log because
organized sport sessions start and end at prescheduled times that are often consistent week-toweek. Indeed, the test-retest reliability of recalled organized sport participation is excellent, with
intraclass correlation coefficients of 0.9511.

•

We believed that children would not be able to quickly and reliably recall times spent in active
travel, outdoor active play, and curriculum-based physical activity because, in many instances,
these activities are not prescheduled, they start and end at varying times and last for different
durations, and they are very intermittent. We decided a priori that the measurement approach
would need to use algorithms to predict when children engaged in these activities using data
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from objective devices. For active travel, we used data from a GPS logger and an established
software package and algorithm that have previously been shown to provide valid estimates12.
For outdoor active play and curriculum-based physical activity we aimed to develop new
algorithms that would estimate when children were engaged in these activities using data from
an accelerometer, GPS logger, and school schedules.

3.3.2 Study sample
Two samples of children aged 10-13 years were recruited from Kingston, Ontario, Canada. Both
samples were drawn from a larger study of 458. The first sample consisted of 50 children and it was used
to establish and demonstrate the approaches used to assess organized sport, active travel, and outdoor
active play. The second sample consisted of 83 children and it was used to establish and demonstrate
the approach used to assess curriculum-based physical activity. Ultimately, the two approaches were
combined into a single measurement approach that could be used to assess time spent in all four types
of physical activity.
Decisions around the sample sizes were governed by our desire to ensure that we studied a
heterogeneous sample (mixture of boys and girls, children of different ages, children from different
neighborhoods) who had a variety of outdoor active play and curriculum-based physical activity
experiences. We aimed to classify children’s physical activity at the 15-s accelerometer epoch-level;
thus, with 7-days of data on 50 (sample 1) and 83 (sample 2) children, we anticipated having tens of
thousands of epochs of data, which was more than ample for algorithm development purposes.

3.3.3 Data collection
Physical activity was measured during waking hours over 7 consecutive days. During these 7
days both samples wore an Actical accelerometer and Garmin Forerunner 220 GPS watch and completed
activity logs. Information about participants’ school schedules and calendars were captured in a
questionnaire and on school websites. A description of these measurement devices and instruments is
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provided below. A graphical schematic of the measurement approach developed in this paper can be
found in Figure 3.1.
Figure 3.1 Schematic of data collection and development of the measurement approach for assessing
the time spent in outdoor active play, organized sport, active travel, and curriculum-based physical
activity

Step 1: Collect data over 7 days

Activity log

Step 2: Use Actical software to
visually check and correct times
recorded on the activity log

Cleaned
activity log

Step 3: Use PALMS to merge
accelerometer and GPS data and
identify trips

Accelerometer

GPS logger

School schedule

Accelerometer + GPS
logger + trips

Step 4: Use Google Maps to clean
trips and impute missing GPS data

Accelerometer + cleaned GPS
logger + cleaned trips

Step 5: Use ArcGIS to identify
indoor/outdoor times

Accelerometer + cleaned GPS logger +
cleaned trips + indoor/outdoor times

Step 6: Use SAS to merge data

Accelerometer + cleaned GPS logger + cleaned trips +
indoor/outdoor times + cleaned activity log + school schedule

Step 7: Use SAS to process
data, apply prediction
algorithms, and derive
estimates of time spent in each
type of physical activity

Organized sport
Active travel
Curriculum-based physical activity
Outdoor active play

Accelerometry. Participants were instructed to wear an Actical accelerometer (Philips
Respironics, Bend, OR) on their right hip for 24 hours/day. The devices were initialized to record data in
15-s epochs starting at midnight on the first measurement day. Participants were instructed to remove
the device only for aquatic activities (e.g., swimming, showering).
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GPS logger. The Garmin Forerunner 220 GPS watch (Garmin, Olathe, KS) recorded the
participants’ longitude and latitude positions approximately every 2 seconds to 2 minutes depending on
satellite signal availability. Geographic positions recorded from this device have a usual accuracy of 5-10
meters14. The GPS logger has a rechargeable battery that allows for the collection of 11 hours of data.
Participants charged the GPS logger briefly in the late afternoon or early evening, and overnight while
they were sleeping. See Appendix D for detailed instructions provided to participants on how to wear
the accelerometer and GPS watch.
Activity logs. All participants completed a daily activity log (Appendix F) where they recorded
their bed and wake times, times that either the accelerometer or GPS watch were not worn, and the
start and end times of organized sport and outdoor chores.
The first sample of 50 children completed an additional log, which is hereafter referred to as the
outdoor time log (Appendix G), where they recorded times they went outdoors and their main activity
when outdoors in 15-minute increments. Note that the outdoor time log is not part of the final
measurement approach. Rather, information from this log was used to develop the outdoor active play
prediction algorithm.
The second sample of 83 children also completed an additional log, which is hereafter referred
to as the curriculum-based activity log (Appendix F), wherein they recorded the start and end time of
physical activity sessions that occurred during curriculum time including physical education classes and
Daily Physical Activity. Note that the curriculum-based activity log is not part of the final measurement
approach. Rather, information from this log was used to develop the curriculum-based physical activity
prediction algorithm.
School schedules. With the help of a parent, participants responded to a questionnaire that
asked about the start and end times of their school day, and the start and end times of their recess
periods. School and non-school days were determined by checking school websites. Children
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participating during the spring break (mid-March) and summer holiday (July and August) were asked to
indicate the date and times of day camps.

3.3.4 Data cleaning and processing
Cleaning of times recorded in the activity, curriculum-based activity, and outdoor time logs.
Actical v3.10 software (Philips Respironics, Bend, OR) was used to visually inspect accelerometer data
around times when participants indicated that they were sleeping, not wearing the accelerometer, or
engaging in organized sport or outdoor chores. If needed, the start and end times were adjusted to
reflect when movement was first detected or stopped being detected by the accelerometer. The
standardized protocols for visually inspecting these data is provided in Appendices J, K, and L. This
approach was repeated for times recorded on the curriculum-based activity log. Times recorded in the
outdoor time logs were manually checked by visually examining the GPS positional data using Google
Maps (Google, Mountain View, California, USA). If needed, the start and end times were adjusted to
reflect the transition between indoor and outdoor environments.
Merger of accelerometer and GPS data. After data collection, accelerometer and GPS data were
downloaded using the respective proprietary software and were then imported into the Personal
Activity and Location Measurement System (PALMS) software15. PALMS merged the accelerometer and
GPS data according to the accelerometer epochs so that each 15-s epoch was assigned the
corresponding GPS longitude and latitude coordinates. PALMS provides a means of merging
accelerometer and GPS data using time-stamps, filtering extreme observations and interpolating invalid
GPS points caused by brief signal loss16. The parameters applied using the PALMS software, along with
the default parameters for reference, are provided in Appendix M.
Identification of trips and trip modality. PALMS identified trips using a validated algorithm that is
based on speed and distance determined from the GPS data16. Initially, trips were identified if movement
occurred over a distance of ≥100 meters, lasted ≥3 minutes, and if <90% of the points occurred within a
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30 meter radius. Trips could be paused if participants stopped for <3 minutes. PALMS classified trips as
either active (i.e., walking and bicycling at <25 km/hr) or passive (≥25 km/hr) according to the 90th
percentile of speed during the trip12.
Cleaning of identified trips. The algorithm PALMS used to detect trips was highly sensitive and
resulted in the identification of several false positives (e.g., movement occurring on school grounds
during recess). The GPS data for each trip identified by PALMS were visually inspected using Google
Maps and false positive trips were manually deleted. The standardized protocol for visually inspecting
these data is provided in Appendix P.
Cleaning of missing GPS data. Although PALMS interpolated GPS latitude and longitude
coordinates for up to 10 minutes if geographic position was not recorded by the GPS logger17, some GPS
data were still missing. For each time period with missing GPS data Google Maps was used to determine
the participant’s location immediately before the GPS signal was lost and immediately after it returned.
If there was no change in location, the GPS coordinates for that location were imputed. The standardized
protocol for visually inspecting and imputing these data is provided in Appendix N. Additionally, since
some of our Geographic Information System (GIS) data were limited to the City of Kingston (see details
below), GPS points that were recorded as being outside of Kingston were identified by visually inspecting
the GPS data on a map, and then the latitude and longitude coordinates of these points were replaced
with GPS coordinates of a similar type of location within Kingston. The standardized protocol for visually
inspecting and replacing these data is provided in Appendix O.
Identification of indoor and outdoor times using GPS data in GIS. The next step of data
processing began by opening the combined accelerometer and GPS data in ArcMap version 10.5
software (ESRI, Redlands, CA). The latitude and longitude coordinates were geocoded as a map layer. A
second GIS layer which consisted of building footprints for all buildings within Kingston was opened, and
the join function was used to combine the two layers. Each of the epochs were categorized as either
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indoors or outdoors based on whether its latitude/longitude coordinates fell within a building. We then
applied an algorithm to correct for GPS error (see ‘Generation of algorithms’ subsection). The
standardized ArcGIS protocol is provided in Appendix Q.
Merger of accelerometer, GPS, and GIS data with information from school schedules and from
the activity, outdoor time, and curriculum-based activity logs. SAS version 9.4 software was used to
merge school schedule/calendar data and the cleaned times from participants’ logs with the file that
contained the merged accelerometer, GPS, and GIS data. We then developed a SAS program to
determine time spent in the different types of physical activity. The program started by removing all
epochs that occurred during sleep or during non-wear time, which included times that children
identified as not having worn the accelerometer and the standard procedure whereby 60 consecutive
minutes of zero counts, allowing for up to two non-zero minutes, were removed18. A valid measurement
day was defined as ≥10 hours of both accelerometer and GPS data18; all epochs from invalid days were
deleted. Movement intensity for each epoch was determined using established cut-offs: moderate-tovigorous ≥375 counts/15s, light: between <375 and ≥25 counts/15s, and sedentary: <25 counts/15s19,20.
Children accumulated very little vigorous intensity movement and time spent in vigorous intensity
movement provided little additional predictive power when developing the algorithms described below.
Therefore, we combined moderate and vigorous intensity.
Identification of organized sport. The SAS program flagged all epochs that occurred during
organized sport based on the cleaned times recorded on the activity log. Flagged epochs were summed
and the daily average was determined.
Identification of active travel. All epochs identified as being part of active travel by PALMS and
not removed during the cleaning procedures were summed and the daily average was determined.
Identification of outdoor active play. The identification of outdoor active play started by flagging
15-s epochs that could not have occurred during outdoor active play because they occurred during one
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or more of the following: time in bed, indoors, school curriculum time (but not recess time) or during a
day camp in the summer, during active or passive travel, during an organized sport, or performing
outdoor chores. For epochs not flagged in the above step, we used the outdoor active play prediction
algorithm to estimate whether they occurred during outdoor active play. A detailed explanation of this
algorithm and the process used to develop it is provided below in the ‘Generation of algorithms’
subsection. All epochs identified as being part of outdoor active play by this algorithm were summed
and the daily average was determined.
Identification of curriculum-based physical activity. The identification of curriculum-based
physical activity started by flagging 15-s epochs that occurred during curriculum time based on
information from school schedules and calendars. We then used the curriculum-based physical activity
prediction algorithm to estimate whether or not these epochs occurred during curriculum-based
physical activity. This algorithm is explained in the ‘Generation of algorithms’ subsection. All epochs
identified as being part of curriculum-based physical activity by this algorithm were summed and the
daily average was determined.

3.3.5 Generation of algorithms
Indoor/outdoor algorithm. When visually inspecting the GPS data we noticed that many of the
coordinates were outdoors but within a few meters of a building. Oftentimes, the time-stamps of these
coordinates indicated that they were immediately proceeded and followed by coordinates that were
indoors. We also noticed that some of the coordinates that were located indoors were immediately
proceeded and followed by coordinates that were outdoors but within a few meters of the building.
These two scenarios reflect measurement error of the GPS logger. We created an algorithm that
corrected this error by reclassifying coordinates such as those explained in the two scenarios above. The
algorithm was developed using data from the 50 participants who completed the outdoor time log. The
outdoor times recorded on these logs were used as the reference during algorithm development.
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Parameters for the algorithm were selected with the intent of providing a sensitivity of 95% for
predicting outdoor time while maximizing specificity. When developing the algorithm, each 15-s epoch
was coded as either a 1, if outdoors, or a 0, if indoors based on the GPS and GIS data. Then, for each 15-s
epoch, a 10-min and 20-min forward-rolling average was created based on these 1 and 0 values. We
then determined which forward-rolling average variable and cut-off best predicted outdoor time based
on the log recordings. A cut-off of 62.5% for the 10-min forward-rolling average provided a sensitivity of
95% while maximizing specificity, which in this case was 76%. Therefore, epochs with a 10 min-rolling
average of ≥62.5% were classified as outdoors and values <62.5% were classified as indoors.
Outdoor active play algorithm. The final measurement approach uses an algorithm to predict
outdoor active play during periods when children were outdoors but not sleeping, or during school hours
(other than recess) or day camps, or engaged in active or passive travel, organized sport, or chores. The
algorithm was developed using data from the 50 participants who completed the outdoor time log. The
times on the logs that reflected sessions of outdoor active play and outdoor sedentary behaviors (e.g.,
eating outside, reading outside) were used as the reference during the algorithm development, and this
reference data was predicted using data from the accelerometer. As noted above, children recorded
their outdoor times in 15-minute intervals throughout the day. As such, these times needed to be
adjusted to increase precision (i.e., to the closest minute of going outdoors or returning indoors). Google
Maps was used to inspect GPS data around these times and times were adjusted if necessary. A total of
127 sessions of outdoor active play were recorded and they contained 16 790 epochs. A total of 920
sessions of outdoor sedentary behaviour were recorded and they contained 137 590 epochs. During the
algorithm development the outcome variable for each 15-s epoch was coded as a 1 if the participant
recorded on the outdoor time log that they were engaged in outdoor active play, or a 0 if they recorded
that they were engaged in a sedentary behavior. We then created 31 independent variables for each
epoch. The first 3 independent variables were continuous variables that reflected the proportion of time

87

during the outdoor session that was spent at a sedentary, light, and moderate-to-vigorous intensity. The
next 21 independent variables were dichotomous variables that reflected whether or not the epoch was
contained within a 10-min bout where at least 3, 4, 5, 6, 7, 8, or 9 min was in the sedentary, light, or
moderate-to-vigorous intensity range. The next 6 independent variables were continuous variables that
reflected the 5-min, 10-min, and 20-min centered- and forward-rolling averages of the 15-s epoch count
values. The final independent variable reflected the duration of the outdoor session in which the epoch
was contained. We then determined, in an exploratory manner, which combinations of these 31
independent variables could be used to best distinguish between outdoor active play and outdoor time
spent in sedentary behaviour. All of the decision rules and parameters selected for the algorithm were
made with the intent of maximizing the combined sensitivity and specificity of predicting outdoor active
play.
Ultimately, the following criteria were defined during the algorithm development process: 1) the
epoch was within an outdoor session where ≥57% of time was in the sedentary intensity range, 2) the
epoch was within an outdoor session where ≤3% of time was in the moderate-to-vigorous intensity
range, 3) the epoch was within an outdoor session where >52% of time was in the sedentary intensity
range, 4) the epoch was within a bout where at least 7 of 10 minutes was in the sedentary intensity
range, 5) the epoch was within a bout where at least 8 of 10 minutes was in the sedentary intensity
range, 6) the centered 5-minute rolling average of the epoch was <180 counts/15s, 7) the 20-minute
forward rolling average was <90 counts/15s, and 8) the 20-minute centered-rolling average was <334
counts/15s. Based on these criteria, an epoch was classified as being part of session of outdoor
sedentary behavior if any of the following combinations of criteria were met: (criteria 1 and 2), or
(criteria 3 and 4), or (criteria 5 and 6), or (criteria 5, 7, and 8). Epochs that did not meet any of these
combinations of criteria were classified as being part of outdoor active play as long as they did not occur
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during periods of time when children were indoors, sleeping, during school hours (other than recess), or
engaged in active or passive travel, organized sport, or chores.
Curriculum-based physical activity algorithm. The final measurement approach uses an
algorithm to predict curriculum-based physical activity during school curriculum time. This algorithm was
developed using data from the sample of 83 children who recorded the times of their physical education
and Daily Physical Activity sessions on the curriculum time log. The times on the logs that reflected
sessions of curriculum-based physical activity and sessions of passive curriculum time (e.g., times when
participants did not record being engaged in curriculum-based physical activity) were used as the
reference during the algorithm development process, and this reference data was predicted using data
from the accelerometer. A total of 183 sessions of curriculum-based physical activity were recorded and
they contained 30 077 epochs. A total of 1 268 sessions of passive curriculum time were recorded and
they contained 511 060 epochs. During the algorithm development the outcome variable for each 15-s
epoch was coded as a 1 if the participant recorded that they were engaged in curriculum-based physical
activity or a 0 if the participant did not record any curriculum-based physical activity during this time.
We then created the same 31 independent variables for each epoch that were created when developing
the outdoor active play algorithm. We then determined, in an exploratory manner, which combinations
of these 31 independent variables could be used to distinguish between curriculum-based physical
activity and passive curriculum time. All of the decision rules and parameters selected for the algorithm
were made with the intent of maximizing the sensitivity and specificity of predicting curriculum-based
physical activity.
The following criteria were defined during the algorithm development process: 1) the epoch was
within a session of curriculum time where <5% of time was in the moderate-to-vigorous intensity range,
2) the epoch was within a session of curriculum time where ≥33% of time was in the sedentary intensity
range, 3) the epoch was within a session of curriculum time that had a duration <15 minutes and >100
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minutes, 4) the epoch was within a bout where less than 5 of 10 minutes was in the light intensity range,
5) the epoch was within a bout where at least 7 of 10 minutes was in the sedentary intensity range, 6)
the centered 20-minute rolling average of the epoch was 377 counts/15s. Based on these criteria, an
epoch was classified as being part of session of passive curriculum time if any of the following
combinations of criteria were met: (criteria 1 and 2), or (criteria 3), or (criteria 4, 5, and 6). Epochs that
occurred during curriculum time and did not meet any one of these combinations of criteria were
classified as being part of curriculum-based physical activity.

3.3.6 Statistical analysis
Statistical analyses were done using SAS 9.4. Statistical significance was set at p <.05. Descriptive
values are presented as mean (SD) unless otherwise indicated. A brief overview of the SAS syntax
required to implement the measurement approach described in this paper can be found in Appendix R.
When developing the outdoor active play and curriculum-based physical activity prediction
algorithms, we started by generating multiple algorithms that reflected how the different independent
variables, their combinations, and their interactions predicted the reference data. From these many
possibilities we selected the algorithm that maximized the combined sensitivity and specificity.
Some of the steps for deriving physical activity estimates involved cleaning procedures that are
subjective. Therefore, all manual cleaning procedures were completed in triplicate – twice by the same
observer and a third time by a different observer – to establish intra- and inter-rater reliability. Two-way
random, single measure intra-class correlation (ICC (2,1); denoted as ICC) and one-way ANOVA were
used to describe the relationship and differences between estimates derived for intra- and inter-rater
reliability, respectively. Bland-Altman plots of the average difference between observers can be found in
Figure 3.2.
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3.4 Results
3.4.1 Descriptive characteristics and compliance
In the sample of 50 that were used to develop the organized sport, active travel, and outdoor
active play portions of the measurement protocol the mean combined accelerometer and GPS wear
time was 14.8 (1.6) hours/day and data were available from 328 days. The mean age was 11.4 (1.1) years
and 50% were male. In the sample of 83 that were used to develop the curriculum-based physical
activity portion of the measurement protocol, the mean combined accelerometer and GPS wear time
was 13.3 (0.8) hours/day and data were available from 491 days. The mean age was 11.9 (1.0) years and
51% were male. In sample 1, 34/50 had normal weight, 9/50 had overweight and 7/50 had obesity. In
sample 2, 64/83 had normal weight, 12/83 had overweight, and 7/83 had obesity. Average minutes/day
of moderate-to-vigorous physical activity, light physical activity, and sedentary behavior for both
samples is in Table 3.1.
Table 3.1 Description of movement intensity in two samples of children
Time spent in movement
behaviours
Moderate-to-vigorous physical
activity
Light physical activity
Sedentary time
Values are presented as mean (95% CI)

Sample 1 (n = 50)

Sample 2 (n = 83)

54.5 (47.5, 61.5)

61.3 (55.7, 66.8)

156.6 (147.3, 165.8)
674.2 (647.2, 701.1)

157.7 (151.7, 163.6)
577.4 (564.3, 590.6)

3.4.2 Organized sport
There was evidence of excellent intra- and inter-rater reliability for the organized sport
estimates after all of the manual cleaning steps were repeated in triplicate – twice by the same observer
and a third time by a second observer. The means were within 4.0 minutes/day (11.5%) and they were
not significantly different from each other (p=.99) (Table 3.2). The three values were highly correlated
(ICC=.99, p<.00001). Bland-Altman plots revealed excellent agreement with no evidence of systematic
error (Figure 3.2).
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Table 3.2 Intra- and inter-rater reliability of children’s time (minutes/day) spent in four types of
physical activity
Type of physical
Observer 1,
Observer 1,
Observer 2
activity
round 1
round 2
Organized sport
34.9 (24.2, 50.3) 34.9 (24.3, 50.3) 30.9 (22.6, 42.1)
Active travel
14.8 (12.3, 17.3) 15.9 (13.5, 18.3) 14.7 (12.7, 16.8)
Curriculum-based
10.3 (8.7, 12.2)
9.9 (8.3, 11.8)
9.8 (8.2, 11.7)
physical activity
Outdoor active play
41.0 (31.6, 53,2) 46.2 (34.0, 62.6) 40.8 (30.5, 54.6)
Values are presented as mean (95% CI) derived using a two-part model
ICC - Two-way random, single measure (2,1) intra-class correlation

ICC
0.99
0.95
0.98
0.96

3.4.3 Active travel
There was evidence of excellent intra- and inter-rater reliability for the active travel estimates
after all of the manual cleaning steps were repeated in triplicate. The means were within 1.2
minutes/day (7.5%) and were not significantly different from each other (p=.71) (Table 3.2). The three
values were highly correlated (ICC=.95, p<.00001). Bland-Altman plots revealed excellent agreement
with no evidence of systematic error (Figure 3.2).

3.4.4 Outdoor active play
There was evidence of excellent intra- and inter-rater reliability for adjusting the outdoor times
reported on the log. Approximately 99.2% (intra-rater) and 97.4% (inter-rater) of the adjusted outdoor
times were <5 minutes based on repeated attempts. The algorithm developed to predict outdoor active
play at the epoch-level did so with both a sensitivity and specificity of 85% when compared with
children’s reported outdoor active play as the reference. There was evidence of excellent intra- and
inter-rater reliability for the outdoor active play estimates after all of the manual cleaning steps were
repeated in triplicate. As seen in Table 3.2, the means were within 5.4 minutes/day (11.7%) and were
not significantly different from each other (p=.80). The three values were highly correlated (ICC=.96,
p<.00001). Bland-Altman plots revealed acceptable agreement with no evidence of systematic error
(Figure 3.2).
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3.4.5 Curriculum-based physical activity
At the epoch-level the algorithm developed to determine curriculum-based physical activity
correctly distinguished between physical activity-related curriculum time and passive curriculum time
with a sensitivity and specificity of 78% and 92%, respectively. There was evidence of excellent intra- and
inter-rater reliability for the curriculum-based physical activity estimates after all of the manual cleaning
steps were repeated in triplicate. The means were within 0.5 minutes/day (4.8%) and were not
significantly different from each other (p=.97) (Table 3.2). The three values were highly correlated
(ICC=.98, p<.00001). Bland-Altman plots revealed excellent agreement with no evidence of systematic
error (Figure 3.2).
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Figure 3.2 Bland-Altman plots of the average difference between observers for different types of physical activity
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3.5 Discussion
This paper describes the development of a methodological approach that can be used to
concurrently measure the time children participate in organized sport, active travel, outdoor active play,
and curriculum-based physical activity. The final approach provides valid measurements of all these
different types of physical activity. It uses a combination of data from an accelerometer, GPS logger, GIS
data on indoor/outdoor locations, an activity log where start and end times of organized sport and
outdoor chores are recorded, and school schedules. The measurement approach is explained in detail
within the Methods section, starting with the “Data collection” subsection and ending with the
“Identification of curriculum-based physical activity” subsection, but excludes all content related to the
collection and cleaning of data for the outdoor time log and curriculum time activity log.
In our experience, the measurement approach was positively received and not onerous for the
child participants. They informed us that the accelerometer and GPS watch were comfortable to wear
and that the accelerometer was small enough to be concealed if desired. This was reflected in the
excellent compliance for wearing both the accelerometer and GPS watch. Children and parents also
indicated to us that the activity log could be completed quickly and easily, and in the majority of
instances we did not need to make corrections to the times recorded on the daily activity and
curriculum-based physical activity logs during the data cleaning process. Times recorded on the outdoor
time log, by design, frequently had to be adjusted to increased precision (i.e., to the closest minute of
going outdoors or returning indoors) because they were only recorded in 15-minute intervals.
The newly developed measurement approach involves several manual cleaning procedures as
well as several automated steps for merging and processing the data. Collectively, these steps are very
time- and labor-intensive and they took our research team approximately 1 working day per participant
to complete. While many of these cleaning and processing steps are essential, some may not be.
Specifically, researchers may choose to not examine recoded times for organized sport (very few
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adjustments were made in our study), non-wear time (researchers could use standard procedures alone
to identify non-wear time18), or sleep (participants could be asked to remove the device for sleep or
algorithms could be used to predict sleep times using accelerometer data21). Researchers could also use
a GPS logger that uses satellite signal-to-noise ratios to distinguish outdoor and indoor time, rather than
using a purpose-built algorithm, because the accuracy of these two methods is similar22. In addition,
studies using a school-based sampling approach could use school timetables to estimate time spent in
curriculum-based physical activity rather than an algorithm. Some aspects of the measurement
approach developed in this study, such as the outdoor active play and curriculum-based physical activity
algorithms, would need to be adapted if different accelerometer devices, epoch lengths, or populations
were being studied. Additionally, we assumed that the different types of physical activity are mutually
exclusive; however, this may not always be the case. For example, children could engage in outdoor play
as part of their walk home from school. Moreover, there are other types of physical activity that children
engage in (e.g., indoor active play) that were not captured in this study.
This approach could be applied in observational studies to estimate the amount of time that
children spend engaging in various types of physical activity. Alternatively, this approach could be
applied in intervention settings to evaluate the effectiveness of interventions that target a specific type
(or types) of physical activity and to determine if changes in participation in one type of physical activity
displace time spent in another. However, the large quantity of data and the high demand for computing
and human resources make this approach infeasible for population-level surveillance and monitoring.
To our knowledge, this is the first study to measure outdoor active play under free-living
conditions over the course of a full week. The approach we developed uses an algorithm to predict when
children are engaged in outdoor active play using a combination of data from many sources. This
algorithm was developed using an outdoor time log to capture reference data for time that children
spent in outdoor active play. This log is similar to a time-use log, which is thought to be more accurate
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than other self-report measures of behavior23–25. In this way, we used physical activity intensity data
during times that children identified as playing outdoors to develop a predictive algorithm, rather than
imposing our own impression of how children should be moving during outdoor active play.
Previous studies that have combined accelerometry and GPS data from children to measure
physical activity have classified physical activity according to geographic location (e.g., near home, in a
park)17,26–29. While informative, location alone cannot be used to determine what type of physical activity
the child was engaged in. For instance, physical activity accumulated in a park could reflect any of the
four types of physical activities measured in the current study.

3.6 Conclusion
This paper describes the development of a methodological approach for concurrently measuring
different types of physical activity that children engage in. We hope that this approach will provide
researchers with a new opportunity to better measure and study the time spent in different types of
physical activity.
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4.1 Abstract
Objectives: To use a predominately objective measurement approach to assess and describe: 1) the
amount of time that 10-13 year olds spend participating in outdoor active play, active travel, curriculumbased physical activity, and organized sport, 2) the movement intensity composition of these four types
of physical activity (i.e., % of time spent at a sedentary, light, or moderate-to-vigorous intensity), and 3)
the proportion of each movement intensity obtained by participating in these four types of physical
activity.
Methods: 377 children aged 10-13 years from Kingston, Canada were studied. Children wore an
accelerometer and GPS watch for 7 days and recorded the start and end times of the school day, recess
periods, and organized sport sessions on a log. These data were used to estimate time spent in the four
types of physical activity and the movement intensity composition of these activities.
Results: Time spent in outdoor active play (36 minutes/day) and organized sport (40 minutes/day) was
higher than for active travel (17 minutes/day) and curriculum-based physical activity (26 minutes/day).
With the exception of organized sport, values were higher for boys than girls. Older children
accumulated less outdoor active play and more active travel than younger children. The greatest
proportion of light and moderate-to-vigorous intensity movement was attributed to outdoor active play.
Conclusion: We used a primarily objective measurement approach to assess and describe the time 10-13
year olds participate in four types of physical activity. These descriptive findings could be used identify
target areas for physical activity interventions and policies.
Keywords: play; transportation; youth sports; physical education; sedentary lifestyle; child
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4.2 Introduction
The majority of Canadian children do not accumulate the recommended 60 minutes/day of
moderate-to-vigorous physical activity1. A better understanding of how children accumulate their
physical activity would inform future interventions and policies designed to improve children’s physical
activity levels. Recent research examining time-use patterns of physical activity has framed movement
based on its intensity (i.e., min/day spent at a sedentary, light, and moderate-to-vigorous intensity)2,3.
Physical activity could also be framed based on the type of physical activity being performed. For
children, this would reflect time spent participating in outdoor active play, active travel, curriculumbased physical activity at school, and organized sport. While there are considerable data, primarily from
self-report, on the prevalence and/or frequency of participation in different types of physical activity,4–6
it is unclear how much time children spend participating in these different types of physical activity.
Information on the time-use patterns of different types of physical activity would be useful because
children may associate their movement with the type of activity they are engaged in more so than its
intensity. Furthermore, this information could be used to identify target areas for physical activity
interventions and policies. For instance, a finding that children spent fivefold greater time participating
in organized sport compared with active travel would suggest that emphasis should be placed on
increasing active travel.
In addition to learning more about the time children participate in different types of physical
activity, it would be helpful to know more about the movement intensity composition of these types of
physical activity. Because higher intensity movement is more strongly associated with health indicators
than lower intensity movement,7 children may benefit more from participating in physical activity types
that primarily consist of higher intensity movement. Previous studies have examined the movement
intensity composition of specific types of physical activities,8–10 but they have not made comparisons
across types. Furthermore, although previous work has investigated children's physical activity by
location using objective methodologies (i.e., accelerometers and global positioning system [GPS])11,12, to
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our knowledge no study has combined these methodologies to classify children’s physical activity
according to type.
Accordingly, the primary objective of this paper was to determine the amount of time that 10-13
year olds spend participating in outdoor active play, active travel, curriculum-based physical activity, and
organized sport. The secondary objectives were to determine the movement intensity composition of
these four types of physical activity, and to determine what proportion of time spent in each movement
intensity was obtained through participation in these types of physical activity.

4.3 Methods
4.3.1 Study sample
A sample of 458 children aged 10-13 years was recruited from the ~5,000 children in this age
range who live in Kingston, ON, Canada13. Data collection occurred between January 2015 and December
2016 and was balanced across the four seasons. An equal number of boys and girls and of 10, 11, 12, and
13 year olds were recruited. In addition, participants were recruited to ensure proportional
representation from Kingston’s 12 electoral districts. Participants were recruited using word of mouth,
flyers, posters, and social media (appendix A). Written informed assent and consent was obtained from
child participants and their parents/guardians, respectively (appendix C). This study was approved by the
General Research Ethics Board at Queen’s University (appendix B).

4.3.2 Measurement of physical activity
Participants’ physical activity was measured over 7 consecutive days using a measurement
approach developed by our research group that was specifically designed to assess the time spent in
outdoor active play, active travel, curriculum-based physical activity, and organized sport. Within the
context of this measurement approach, outdoor active play captured unstructured and informal physical
activities that are freely chosen, typically child-led with little or no adult supervision, and which occur in
a variety of outdoor locations14 (e.g., exploring nature, playing at recess, playing basketball in the
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driveway). Active travel captured human-powered transportation such as walking or bicycling to all
destinations. Curriculum-based physical activity captured physical activity performed during class-time
at school. This included physical education classes, special movement-oriented school events, and Daily
Physical Activity (i.e., an Ontario school policy which stipulates that students should perform 20
minutes/day of physical activity in class). Organized sport captured physical activities that are scheduled,
typically governed by rules and regulations, often competitive in nature, and supervised and managed by
adults (e.g., soccer game, gymnastics practice). These four types of physical activity were considered to
be mutually exclusive.
A description of the measurement approach used to assess time spent in these different types of
physical activity, including measurement devices used, steps used to clean and merge the data collected
by these devices, algorithms and decisions rules used when processing the data, and the validity and
reliability of these methods are available elsewhere15. A brief description is provided below.
During the 7-day measurement period participants wore an Actical accelerometer (Philips Respironics,
Bend, OR) on their right hip for 24 hours/day16. Data were recorded in 15-s epochs. Participants were
instructed to remove the device only for water-based activities (appendix D). Participants also wore a
Garmin Forerunner 220 GPS watch (Garmin, Olathe, KS), which recorded their longitude and latitude
positions approximately every 2 seconds to 2 minutes depending on satellite signal availability.
Participants also maintained a log wherein they recorded their daily bed and wake times, times that
either the accelerometer or the GPS watch were not worn, and the start and end times of organized
sport sessions (appendix F). Participants also provided the name of their school, start and end times of
the school day and recess periods. School days were abstracted from schoolboard websites.
Accelerometer and GPS data were imported into the Personal Activity and Location
Measurement System (PALMS) software17 (appendix M). GPS coordinates were matched to 15-s
accelerometer epochs. PALMS identified epochs that occurred during active trips (i.e., walking or
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bicycling at <25 km/hr) and vehicle trips (≥ 25km/hr). All trips identified by PALMS were visually
inspected and falsely identified trips were deleted15.
Merged accelerometer and GPS data were then combined with geographic information system
(GIS) data in ArcMap 10.5 (ESRI, Redlands, CA) to identify whether each epoch occurred while the
participant was either indoors (i.e., within a building footprint) or outdoors (appendix Q). We then
applied an algorithm to correct some of the error in the precision of location estimates which resulted
from poor signal quality15.
We used SAS 9.4 (SAS Institute, Cary, NC) to merge the times recorded in the logs with the file
that contained the merged accelerometer, GPS, and GIS data. All epochs that occurred during sleep or
during non-wear time of either device were removed. Non-wear time included both the times that
children identified as having removed either device and 60 consecutive minutes with zero
counts/minute (with up to two non-zero minutes)18. There were no biologically implausible count values
(>5000 counts/15s epoch). A valid measurement day was defined as having ≥10 hours of both
accelerometer and GPS data;18 all epochs from invalid measurement days were deleted. Participants had
to have at least 4 valid measurement days to be included16. Time spent in each movement intensity was
classified according to established intensity cut-offs for the Actical accelerometer: moderate-to-vigorous
≥375 counts/15s, light: between <375 and ≥25 counts/15s, and sedentary: <25 counts/15s19.
All epochs that occurred during organized sport, as recorded on the logs, were flagged. Likewise,
all epochs identified as being part of active travel from PALMS were flagged. Trips with the same start
and end destination (e.g., walking around the neighbourhood, going for a run) were excluded because
they were considered travel for leisure rather than active travel to a specific destination. Identification of
outdoor active play was done using a previously established prediction algorithm that classified epochs
as either being part of outdoor active play or not using a combination of accelerometer, GPS, GIS, and
self-report data15. Epochs that occurred while sleeping, indoors, or during school curriculum time,
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organized sport, or active travel were excluded prior to applying the outdoor active play algorithm.
Identification of curriculum-based physical activity was done using a previously established prediction
algorithm that classified epochs that occur during school curriculum time as being either part of
curriculum-based physical activity or not15. Epochs flagged as being part of each type of physical activity
were summed and the average minutes/day was calculated. Time spent in light and moderate-tovigorous physical activity that did not occur while participating in the four types of physical activity
described above were categorized as “other”. Types of physical activity that would have fallen in the
“other” category include activities of daily living (e.g., getting dressed, walking around the house),
household chores, work, indoor play, and exercise (e.g., going for a run, going to the gym).

4.3.3 Statistical analysis
Data were analyzed using SAS 9.4. Statistical significance was set at p<.05. Estimates of time
spent in different movement intensities and different types of physical activity are presented as mean
and 95% confidence intervals (95% CI). Estimates of mean time spent in each type of physical activity
were determined using a two-part modelling strategy20. This modelling strategy was used because a
substantial proportion of participants accrued zero minutes/day for one or more types of physical
activity (outdoor active play=1%, active travel=8%, curriculum-based physical activity=19%, organized
sport=29%) and these variables could not be transformed to follow a normal distribution. In the first part
of the two-part model, we used logistic regression to model the probability of the presence of any
minutes (i.e., non-zero value) of physical activity. In the second part of the two-part model, we used a
generalized linear model (PROC GENMOD, using a logit link function and gamma distribution) to
estimate mean time spent in physical activity in those participants who engaged in >0 minutes of
physical activity. We then multiplied the estimates derived from part one and part two of the model
together to derive an overall mean. We used ANOVA with Bonferroni post hoc tests to compare time
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spent in different movement intensities and time spent in each type of physical activity by sex, age, and
season.
Estimates of the movement intensity composition within each type of physical activity, as well as
the proportion of overall movement intensity derived from each type of physical activity, are presented
as mean (95% CI). We compared means using linear mixed models including participant as a random
effect. Comparisons using the full sample are presented; similar results were observed when analyses
were conducted separately by sex, age, and season. Other comparisons were made using one-way
ANOVA.

4.4 Results
A total of 377 out of 458 (82%) participants had ≥4 days with ≥10 hours of combined
accelerometer and GPS data and were included in the analyses. These participants provided data for 5.9
days on average and the mean combined accelerometer and GPS wear time was 13.1 hours/day.
Sociodemographic characteristics of the sample are in Table 4.1. By comparison to the sample included
in the final analysis, a higher proportion of those with insufficient wear time participated during the
summer months (31 vs. 23%, p<.001) and were in the lowest income (27 vs. 13%, p=.02) and parental
education (15 vs. 8%, p=.04) categories.
A description of time spent in different movement intensities is presented in Table 4.2. Mean
daily moderate-to-vigorous intensity movement was ≥60 minutes/day in 36% (134 of 377) of
participants. Moderate-to-vigorous intensity movement was higher for boys than girls, highest for
children participating in the spring, and lowest for children participating in the summer. Children aged
12-13 years accumulated less time in light intensity movement, but more sedentary time, compared to
children aged 10-11 years. Light intensity movement was lowest for children participating during the
summer.
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Table 4.1 Participant characteristics (n = 377)
Characteristic
Sex

n

%

Boys
Girls

191
186

50.7
49.3

10
11
12
13

90
95
100
92

23.9
25.2
26.5
24.4

Winter (Dec – Mar)
Spring (Apr – Jun)
Summer (Jul – Aug)
Fall (Sep – Nov)

133
86
43
115

35.3
22.8
11.4
30.5

328
49

87.0
13.0

50
110
173
44

13.3
29.2
45.9
11.7

Age

Season

Race
White
Other
Family Income ($CDN per year)
≤ 50 000
50 001 – 100 000
≥ 100 000
No response
Parental Education
- High school or less
- 2-year college
- 4-year college/university

-

29
114
234
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-

7.7
30.2
62.1

Table 4.2 Time spent in different movement intensities by sex, age, and season.

Total
Sex
Boys
Girls

Moderate-to-vigorous
intensity movement (min/day)
56 (53, 58)

Light intensity movement
(min/day)
160 (157, 163)

Sedentary time
(min/day)
570 (564, 577)

62 (59, 66)
49 (46, 52) *

162 (157, 166)
158 (153, 162)

558 (549, 568)
583 (575, 591) *

58 (53, 63)
58 (54, 62)
52 (48, 56)
55 (50, 60)

170 (164, 177)
165 (159, 171)
154 (148, 160) †
151 (144, 157) †, ‡

549 (538, 560)
553 (540, 566)
583 (572, 594) †, ‡
596 (584, 609) †, ‡

Age
10
11
12
13

Season
Winter
51 (47, 54)
160 (155, 166)
579 (569, 589)
Spring
69 (63, 75) §
166 (160, 172)
560 (546, 574)
Summer
39 (34, 44) §, ||
146 (135, 158) §, ||
575 (556, 594)
,
,
Fall
58 (54, 62) § || ¶
160 (155, 165)
567 (555, 579)
Note: Estimates are presented as mean (95% CI). ANOVA with Bonferroni post hoc tests were used to
compare values by age, sex, and season with each variable adjusted for the other two variables (e.g.,
comparisons between age groups were adjusted for sex and season).
* significantly different from boys (p < .05)
† significantly different from 10 year olds (p < .05)
‡ significantly different from 11 year olds (p < .05)
§ significantly different from winter (p < .05)
|| significantly different from spring (p < .05)
¶ significantly different from summer (p < .05)
Time spent in each type of physical activity is presented in Table 4.3. Children spent more time
participating in outdoor active play (36 minutes/day) and organized sport (40 minutes/day) than they did
participating in active travel (17 minutes/day) and curriculum-based physical activity (26 minutes/day)
(all p<.001). Boys spent more time in outdoor active play, active travel, and curriculum-based physical
activity than girls; however, girls spent more time in organized sport (p<.05). Thirteen year olds spent
less time in outdoor active play but more time in active travel than 10 and 11 year olds (p<.05). Time
spent in outdoor active play was highest for children who participated in the spring, while time spent in
both outdoor active play and active travel was lowest for children who participated in the winter (p<.05).
The movement intensity composition of the four types of physical activity is presented in Figure
4.1. Means and 95% confidence intervals can be found in supplementary table 1 in Appendix S. The
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proportion of time spent at a moderate-to-vigorous intensity was highest during active travel (59%). The
proportion of time spent at a light intensity was highest during outdoor active play (46%). The
proportion of time spent at a sedentary intensity was highest during organized sport (44%).
Table 4.3 Time spent in each type of physical activity by sex, age and season.

Total
Sex
Boys
Girls

Outdoor Active
Play (min/day)

Active Travel
(min/day)

Organized Sport
(min/day)

17 (13, 22)

Curriculum-Based
Physical Activity
(min/day)
26 (22, 31)

36 (29, 45)
43 (35, 54)
29 (23, 36) *

19 (15, 26)
14 (11, 19) *

28 (24, 34)
24 (20, 29) *

34 (25, 48)
46 (33, 66) *

46 (37, 57)
44 (36, 54)
31 (25, 39) †
24 (19, 30) †, ‡

13 (9, 17)
15 (11, 20)
15 (11, 20)
25 (19, 32) †, ‡, §

26 (21, 31)
26 (21, 31)
26 (22, 31)
26 (22, 32)

30 (21, 42)
42 (31, 57)
44 (31, 64)
45 (33, 63)

40 (29, 57)

Age
10
11
12
13

Season
Winter
27 (22, 33)
12 (9, 15)
23 (19, 28)
44 (33, 59)
Spring
54 (45, 66) ||
22 (17, 30) ||
30 (25, 36)
47 (35, 62)
Summer
31 (21, 44) ¶
16 (11, 22)
38 (19, 77)
Fall
35 (28, 44) ||, ¶
19 (15, 25) ||
26 (22, 32)
32 (23, 43)
Note: Estimates were derived using a two-part model and are presented as mean (95% CI). ANOVA with
Bonferroni post hoc tests were used to compare values by age, sex, and season with each variable
adjusted for the other two variables (e.g., comparisons between age groups were adjusted for sex and
season).
* significantly different from boys (p < .05)
† significantly different from 10 year olds (p < .05)
‡ significantly different from 11 year olds (p < .05)
§ significantly different from 12 year olds (p < .05)
|| significantly different from winter (p < .05)
¶ significantly different from spring (p < .05)
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Figure 4.1 The movement behaviour composition of outdoor active play, active travel, curriculumbased physical activity, and organized sport. Values reflect the proportion (Panel A) and absolute
values (in average minutes/day) with proportions (Panel B) of the total time in each type of physical
activity spent at different movement intensities. Linear mixed models with Bonferroni post hoc tests
were used to compare proportions across the different types of physical activity.

The contribution each type of physical activity made to the total daily time spent in each
movement intensity is presented in Figure 4.2. Means and 95% confidence intervals can be found in
supplementary table 2 in Appendix S. Approximately half (51%) of children’s moderate-to-vigorous
intensity movement, 23% of their light intensity movement, and 5% of their sedentary time was
accumulated while participating in the four types of physical activity measured in this study. A greater
proportion of moderate-to-vigorous and light intensity movement was accumulated by participating in
outdoor active play by comparison to the other three types of physical activity (p<.05). A greater
proportion of light intensity movement and sedentary time were accumulated during curriculum-based
physical activity and organized sport by comparison to active travel (p<.05).
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Figure 4.2 Proportion of the total time spent in each movement intensity accumulated while
participating in outdoor active play, active travel, curriculum-based physical activity, organized sport,
and other pursuits. Linear mixed models with Bonferroni post hoc tests were used to compare
proportions across movement intensities. Labels are not shown for values that contributed to <3% of
the total.

Outdoor active play
Curriculum-based physical activity
Other

Active travel
Organized sport

49

77
94

12
9

13

6
5

18
Moderate-to-vigorous
intensity

10
Light intensity

Sedentary intensity

4.5 Discussion
This paper provides descriptive estimates of the time that children spend participating in
different types of physical activity, the movement intensity composition of these different types of
physical activity, and the extent to which these types of physical activity contribute to children’s overall
movement. We studied a heterogeneous group of 10-13 year olds from Kingston, ON, Canada. We found
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that children spent ≈2 hours/day participating in the four types of physical activity assessed here;
however, only a small proportion (≈29%, based on a weighted average) of that 2 hours was spent at a
moderate-to-vigorous intensity. Furthermore, ≈49% of moderate-to-vigorous intensity movement
accumulated throughout the day was obtained from other sources of physical activity. Children devoted
more time to outdoor active play and organized sport compared to active travel and curriculum-based
physical activity.
A novel aspect of our paper was the (mostly) objective means used to assess time spent in
different types of physical activity. Previous physical activity time-use studies have largely relied on selfor proxy-reported measures21,22. Several previous studies have combined data from accelerometers and
GPS devices to classify children’s physical activity according to location11,12. However, to our knowledge,
our study is the first to classify children’s physical activity according to type using this methodology. This
distinction is important because different types of physical activity can occur at the same location. For
instance, physical activity that takes place in a park could reflect any of the four types of physical activity
described herein (e.g., children playing in a park, active travel trip that crosses though a park, physical
education class in a park, soccer game on a park field).
This paper is the first to present estimates of total daily time spent in outdoor active play in
children using a measurement approach that relies on objective methodologies. Overall, children
accumulated 36 minutes/day of outdoor active play. This is lower than self-reported estimates. For
instance, 37% of Canadian children in grades 6-10 who participated in the 2013-2014 Health Behaviour
in School-aged Children study reported that they played outdoors for ≥2 hours/day23. This 2 hour/day
threshold was based on the active play target in Canada’s Report Card on Physical Activity for Children
and Youth23. In the current study, only 1% (4 of 377) of children accumulated ≥2 hours/day of outdoor
active play on average. Despite this finding, children spent more time in outdoor active play compared
to active travel and curriculum-based physical activity, and of the four types of physical activity assessed,
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it made the largest contribution to their overall moderate-to-vigorous (18%) and light (10%) intensity
movement. Although children are doing less outdoor active play than we might have previously thought,
and far less than previous generations of children,24 this type of physical activity still makes a substantive
contribution to a child’s movement behaviour profile.
The majority of research on children’s active travel has focused on the proportion of children
that report usually engaging in active travel,5,6 and has frequently only considered trips between home
and school. The total time that children spend engaged in active travel throughout the day, rather than
the frequency of trips to specific destinations, is a more comprehensive marker of their active travel
levels. In the current study, children averaged 17 minutes/day in objectively measured active travel.
Previous estimates using similar objective methods from geographically diverse samples range from ≈522 minutes/day8,11. In the current study, children spent less time in active travel than the other three
types of physical activity. However, the proportion of time spent at a moderate-to-vigorous intensity
was the highest for active travel, as similarly found in previous work8. Therefore, active travel still
contributed to a meaningful proportion (13%) of overall moderate-to-vigorous intensity movement.
Given the highly favourable movement intensity composition of active travel, public health efforts
should continue to promote active travel as an efficient way to improve physical activity levels. These
efforts should consider all travel destinations and not just school.
The Ontario Ministry of Education mandates that children participate in at least 150
minutes/week of curriculum-based physical activity,25 including at least 20 minutes/day of Daily Physical
Activity and at least 50 minutes/week of physical education. Children in the current study accumulated
less than this mandated amount. During the school year our participants accumulated ≈130
minutes/week of curriculum-based physical activity; only 27% of this time was spent in moderate-tovigorous intensity movement. These results are in line with previous research in Ontario, which suggests
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that few children typically engage in Daily Physical Activity on a daily basis10 and that when they do
participate, they accumulate very little moderate-to-vigorous intensity movement10.
Descriptive data on organized sport is typically based on participation rates and frequency rather
than time26,27. In Canada, approximately 3 in 4 children engage in organized sport regularly27 and those
who participate do so 2.6 times/week on average26. Similarly, in our study 71% of children participated
in organized sport at least once during the 7 day measurement period and these children participated
2.8 times/week on average. Data from our study suggest that 10-13 year olds spend an average of 40
minutes/day (280 minutes/week) participating in organized sport. Unfortunately, our findings suggest
that 44% of organized sport time was spent at a sedentary intensity, which is consistent with previous
research (range: 27-49%)9. This finding warrants emphasis because parents may believe that organized
sport is a primary means through which children accumulate their physical activity28, which may not be
true. However, our finding that time spent in organized sport was higher for girls than boys was
unexpected. This was explained by the tendency for girls to engage in longer sessions of organized sport
than boys, but with no difference in frequency of participation.
This study is not void of limitations. First, while recruitment was balanced for sex, age, season
and electoral districts within the city of Kingston, participation was voluntary and we cannot claim that
this was a representative sample. Nonetheless, the average minutes/day of moderate-to-vigorous
intensity movement (56 minutes/day) and the proportion meeting physical activity guidelines (36%) in
our sample are almost identical to nationally representative estimates (55 minutes/day and 36%,
respectively)1,29. Moreover, the observed trends in overall movement behaviours across sex, age, and
season are consistent with the literature for pre-adolescent children30. Second, we did not distinguish
between sub-types of curriculum-based physical activity (i.e., physical education class vs. Daily Physical
Activity). In the future, researchers may consider gathering this information from children using selfreport or through other means. Finally, ≈49% of children’s moderate-to-vigorous intensity movement
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was not classified into the four types of physical activity assessed in the current study. This reflects other
types of movement including activities of daily living (e.g., getting dressed, walking around the house),
chores or work, and playing indoors. This also included recreational travel/exercise (e.g., going for a run
with same start and end point), which we considered a form of leisure-time exercise rather than active
travel to a specific destination.
In conclusion, time-use patterns attributable to physical activity can be framed based on the
type of physical activity that children do. We present estimates of time use for four types of physical
activity in children. This descriptive examination will contribute to the surveillance of children’s physical
activity and could inform policy and intervention development aimed at improving children’s physical
activity levels. Future interventions and policies should consider increasing children’s time in outdoor
active play and active travel because participation is low (relative to established benchmarks23) and
because the composition of movement intensity within these types of physical activity is favourable.
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Chapter 5
Estimating sleep efficiency in 10-to-13-year-olds using a waist-worn Actical
accelerometer
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5.1 Abstract
Objective: In field settings wrist- and waist-worn accelerometers are typically used to assess sleep
characteristics and movement behaviors, respectively. There has been a shift in movement behavior
studies to wear accelerometers 24-hours/day. Sleep characteristics could be assessed in these studies if
sleep algorithms were available for waist-worn accelerometers. The objective of this study was to
develop and provide validity data for an algorithm/sleep likelihood score cut-off in order to estimate
sleep efficiency in children using the waist-worn Actical accelerometer.
Design: Cross-sectional study.
Participants: Fifty healthy children aged 10-13 years.
Measurements: Children wore an Actical on their waist and an Actiwatch 2 on their non-dominant wrist
for 8 nights at home in their normal sleep environment. Participants were randomized into
algorithm/sleep likelihood score "development" and "test" groups (n = 25 per group). Within the
development group, we assessed sleep efficiency with the Actical using the same algorithm that the
Actiwatch 2 uses and selected the sleep likelihood score cut-off value that was the most accurate at
predicting sleep efficiency at the nightly level compared to the Actiwatch 2. We applied this algorithm
and cut-off value to the test group.
Results: Mean (SD) sleep efficiency estimates for the test group from the Actical and Actiwatch 2 were
89.0 (3.9)% and 88.7 (3.1)%, respectively. Bland-Altman plots and absolute difference scores revealed
considerable agreement between devices for both nightly and weekly estimates of sleep efficiency.
Conclusion: A waist-worn Actical accelerometer can accurately predict sleep efficiency in field settings
among healthy 10-13 year olds.
Keywords: children; adolescents; actigraphy; accelerometry; sleep

125

5.2 Introduction
Sleep is crucial for children’s health and well-being1. Although most of the research linking sleep
and health has focused on sleep duration2,3, sleep quality is also an important sleep characteristic to
consider4,5. One measure of sleep quality that is commonly used in field-based research is sleep
efficiency, generally calculated as the ratio of total time spent sleeping to the total amount of time spent
in bed 6. Historically, field-based assessments of sleep behavior have relied on self-report
methodologies, which overestimate sleep duration7 and many of which do not provide estimates of
sleep quality that are sufficiently valid or reliable8. In light of this, accelerometers (also referred to as
“actigraphs” in the sleep literature) have become a popular alternative for field-based research since
they provide assessments of sleep duration and efficiency that can be obtained in a non-intrusive
manner in a person’s normal sleep environment6,7.
As with sleep, accelerometers are commonly used in field-based research to measure physical
activity and sedentary time, two other behavioral determinants of health9,10. Recently, there has been an
uptake of 24-hour accelerometry wear protocols in studies that aim to assess physical activity and
sedentary behavior11,12. The use of 24-hour wear protocols provides an opportunity for researchers to
also measure sleep behaviors with the same accelerometer. However, there are two important
methodological issues that need to be addressed before estimates of 24-hour movement behaviors can
be objectively assessed with the same accelerometer. The first issue is the accelerometer device that is
used. Different devices are commonly used for the assessment of physical activity/sedentary behaviors
and sleep. While these devices commonly output “count” values as a reflection of acceleration during a
given time period (i.e., epochs), these count values can be derived in different ways and are not
necessarily equivalent13. The second issue is the placement of the accelerometer device. Accelerometers
are typically worn on the non-dominant wrist when used to assess sleep behaviors6,14 and on the waist
when used to assess physical activity and sedentary time14,15. Evidence suggests that waist-worn
accelerometers can be used to accurately assess sleep duration within children15–17. However, it remains
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unknown if waist-worn accelerometers can also provide sufficiently valid estimates of sleep efficiency.
The algorithms and sleep likelihood score cut-offs used to estimate sleep efficiency from wrist-worn
accelerometers would need to be modified to assess sleep efficiency with waist-worn accelerometers
because wrist/limb movement is much more common during sleep than trunk/hip movement18.
The objective of this paper was to develop and provide validity data for an algorithm and sleep
likelihood score cut-off that can be used in field-based research to estimate sleep efficiency in children
using data obtained from a waist-worn Actical accelerometer (Phillips Respironics, Bend, OR). The waistworn Actical accelerometer was selected for this study because it is commonly used for field-based
assessments of physical activity/sedentary behavior19 and because it is much smaller and less intrusive
than other commonly used waist-worn accelerometers (e.g., Actigraph GT3X+). Since our goal was to
develop a measure of sleep efficiency for use in field-based research, we felt it was essential that we
collect our data in the field and not in the laboratory. Therefore, the algorithm and sleep likelihood score
cut-off were developed by comparing waist-worn Actical data to simultaneous data collected on a wristworn Actiwatch 2 accelerometer (Phillips Respironics, Bend, OR)20,21. The Actiwatch 2 provides a highly
accurate measure of sleep efficiency20,21 that can be collected in normal sleep environments and
conditions. Polysomnography, on the other hand, can only be used in highly controlled and unfamiliar
environments (e.g., sleep laboratory) that could influence normal sleep behaviors.

5.3 Participants and methods
5.3.1 Sample, study design and accelerometry protocol
A convenience sample of 50 children aged 10-13 years, balanced for sex and age, was recruited
as part of an on-going cross-sectional study of children’s movement behaviors. To be included children
needed to meet the age criteria and both live and attend school in Kingston, ON, Canada. The only
exclusion criterion was having a physical disability that would preclude children from wearing an
accelerometer for physical activity assessment. Parents of children were asked to identify if their child
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had any long term health conditions; no children in this sample had any relevant conditions, such as a
sleep disorder. Children were instructed to wear an Actical accelerometer at the right mid-axillary line
on an elasticized belt around their waist for seven consecutive days and eight consecutive nights. See
Appendix D for detailed instructions provided to participants on how to wear the Actical. On those same
eight nights, participants also wore an Actiwatch 2 accelerometer on their non-dominant wrist. See
Appendix E for detailed instructions provided to participants on how to wear the Actiwatch 2. This is in
line with the suggestion by Acebo et al. (1999) that five nights are needed to derive reliable estimates of
sleep variables22. Both accelerometer devices were initialized using the same computer to ensure the
same time-stamp, and data were collected in 15 s epochs. This epoch length was chosen because it is a
commonly used epoch length when assessing physical activity and sedentary behaviour in school-aged
children using the Actical waist-worn accelerometer. Written informed consent was obtained from
parents of participating children and written informed assent was obtained from children (Appendix C).
This study was approved by the General Research Ethics Board at Queen’s University (Appendix B).
The Actical is an omnidirectional accelerometer that records acceleration count values for each
specified epoch. There is currently no available method to estimate sleep efficiency behavior from this
device. The Actiwatch 2 is a combined wrist-worn accelerometer and photopic light sensor. This device
records acceleration count values for each epoch, which can then be used by the manufacturer’s
software to estimate whether each epoch is spent sleeping or awake. The Actiwatch 2 is a validated
(against polysomnography) accelerometer which measures both sleep duration and efficiency in
children20,21. For school-aged children, the medium sensitivity setting (weighted, rolling average ≥ 40
counts/epoch) for the Actiwatch 2 provides an accurate epoch-by-epoch delineation between sleep and
wake time as compared to polysomnography (sensitivity = 93%, specificity = 71%, accuracy = 90%)20. We
did not determine sleep timing, time in bed, or sleep duration directly from the Actiwatch 2 since
participants were only instructed to put on this accelerometer immediately before going to bed and
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upon waking. Rather, we determined these sleep characteristics from a sleep log and visual inspection of
the accelerometer data (see below). Therefore, we could not develop and validate a sleep timing
algorithm for the waist-worn Actical against the Actiwatch 2 as done for our sleep efficiency algorithm.
Throughout the data collection period participants were asked to maintain a diary (Appendix F)
where they recorded the time that they went to bed at night and the time that they got out of bed in the
morning. These times were used to identify time in bed (i.e., sleep opportunity or time available for
sleeping) from the Actical and Actiwatch 2. Recorded sleep times were manually verified by one member
of the research team for each sleep session by visual inspection of the accelerometer data and were
adjusted if needed. The standardized protocol for visually inspecting these data is provided in Appendix
J. All accelerometer data not flagged as being time spent in bed was removed. For both devices, each
night of data collection was also visually examined to determine non-wear time, and nights were
removed if no recorded activity occurred between bed and wake time. The standardized protocol for
visually inspecting these data is provided in Appendix L. This method of visual inspection has been used
previously in the development of a sleep/wake time algorithm using a waist-worn accelerometer in
children16,17.

5.3.2 Sleep efficiency estimates derived on Actiwatch 2
Sleep efficiency was calculated as (duration of time in bed − duration of time scored as awake) /
duration of time in bed6. Time spent sleeping and time spent awake were determined by summing the
time of all 15 s epochs that the Actiwatch 2 scored as sleep or awake, respectively. The Actiwatch 2
scores each 15 s epoch as either sleep or awake according to a sleep likelihood score that is based on a
weighted, rolling average of the recorded epoch count values. This weighted, rolling average is
determined from the count value of the epoch in question as well as the count values of the preceding
eight epochs and the following eight epochs. For each 15 s epoch, the count value of the epoch in
question (epoch “k”) receives a weight of 4, while epochs k - 1 to k - 4 and k + 1 to k + 4 receive weights
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of 0.2, and epochs k - 5 to k - 8 and k + 5 to k + 8 receive weights of 0.04. The count values of these
epochs are multiplied by the weights to create a sleep likelihood score for epoch k. For the medium
sensitivity setting, a highly accurate setting20 that was used in this study, if the sleep likelihood score is <
40 it is estimated that the participant was sleeping during this time while if the sleep likelihood score is ≥
40, then it is estimated that the participant was awake during this time.

5.3.3 Other data collection
Standing and sitting height were measured using a portable stadiometer (SECA model 213,
Hamburg, Germany) to the nearest 0.1 cm. Body mass was measured to the nearest 0.1 kg using an
electronic scale (Tanita BF-689, Arlington Heights, IL, USA). The standardized protocol for collecting
these data is provided in Appendix H. Body mass index (BMI) Z-scores were calculated using the World
Health Organization age- and sex-specific growth references23. Chronological age was determined from
birth dates and study start dates, while the maturity offset method was used to determine maturational
age24. Maturational age was determined because sleep quality declines from childhood into
adolescence, and this decline is more strongly related to maturity than chronological age25.

5.3.4 Sleep efficiency algorithm development
In order to develop a sleep efficiency algorithm for the Actical, stratified randomization was used
post-hoc to randomize participants into either a sleep efficiency algorithm development group
(“development group”, n = 25) or a sleep efficiency algorithm test group (“test group”, n = 25). The
randomization was stratified within two groups that were split by median maturational age.

5.3.5 Statistical analysis
All statistical analyses were performed using SAS 9.4 (SAS Institute, Cary, NC) and statistical
significance was set at p < 0.05. Data are presented as mean ± SD for continuous data and n (%) for
categorical data, unless otherwise indicated. Independent samples t-tests (two-tailed) were used to
examine differences in mean scores between the development and test groups.
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The approach used to develop the Actical algorithm was based on epoch-level accelerometer
data; however, the strength of validity of this algorithm was evaluated using children’s nightly sleep
efficiencies since this is the relevant variable at the population level and since there are known
differences between these accelerometer devices at the epoch-level21. The goal was to develop an
algorithm for the Actical that would provide similar nighttime sleep efficiency values to those calculated
with the Actiwatch 2. The algorithm was developed in the development group only and subsequently
tested in the test group only. To accomplish this, we first replicated the aforementioned algorithm used
by the Actiware (version 6.0.8) software in SAS to estimate sleep efficiency for the Actiwatch 2 in the
development group. Recall that this algorithm uses a weighted rolling average of k - 8 and k + 8 epochs
to derive a sleep likelihood score for epoch k. For the medium sensitivity setting, if this sleep likelihood
score is ≥ 40 then the epoch is scored as being awake and if it is < 40 then the epoch is scored as being
asleep. We then applied this same algorithm and weighted rolling average sleep likelihood score cut-off
of 40 to the Actical data to define sleep and wake during time in bed. Since the Actical has a lower
sensitivity than the Actiwatch 2, which is only compounded by the different wear location, we
anticipated that the Actical would provide much higher sleep efficiency estimates than the Actiwatch 2.
Therefore, we re-applied the same weighted, rolling algorithm to the Actical data, but sequentially
reduced the sleep likelihood score cut-off by half using whole numbers only (i.e., cut-offs of 20, 10, 5, 2,
and 1). We selected the Actical sleep likelihood score cut-off that provided the best concordance in
nightly sleep efficiency estimates between the Actical and Actiwatch 2.
The sleep efficiency algorithm and most appropriate Actical sleep likelihood score cut-off that
was derived in the development group was then applied to the Actical data in the test group. Pairedsamples t-tests (two-tailed) were used to examine differences between sleep efficiencies derived from
the Actical and Actiwatch 2 within the test group. Bland-Altman plots were used to examine the
agreement for sleep efficiency between devices. Bias for the Bland-Altman plots was assessed using
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Pearson correlation coefficients; the solid and dashed lines represent the mean and 95% confidence
interval of difference between devices, respectively. This was done for both the nightly sleep efficiency
data and the weekly average sleep efficiencies.
In the context of the current cross-validation paper, the Actical sleep efficiency estimates were
considered to have adequate validity if the mean sleep efficiencies derived from the Actical and
Actiwatch 2 were not significantly different, the Actical and Actiwatch 2 estimates were within 10% at
least 90% of the time, and the Bland-Altman plots indicated no systematic difference between the
Actical and Actiwatch 2.

5.4 Results
The development group consisted of 12 males and 13 females, while the test group consisted of
13 males and 12 females. Participants in the development and test groups wore both accelerometer
devices for a total of 165 and 169 nights, respectively. Sixty-six (or 16.5%) out of 400 possible nights of
data collection had missing accelerometer data. Most (67%, 44/66) of these missing nights were the
result of the Actiwatch 2 battery dying on the eighth night of data collection and only 33% (22/66) of
those missing nights were the result of participants not wearing one (12 for the Actical, 8 for the
Actiwatch) or both (2 nights) devices. All participants had 5+ nights of complete data, and 49 out of 50
participants had 6+ nights. There were no significant differences between the development and test
groups for bed time, wake time, or Actiwatch 2 sleep efficiency (Table 5.1). Further, there were no
significant differences between the groups for any of the demographic or anthropometric variables.

132

Table 5.1 Characteristics of the development and test groups
Development group (n=25)

Test group (n=25)

p-value

Chronological age, y

11.5 (1.1)

11.6 (1.1)

0.80

Maturational age, y

10.6 (2.3)

10.6 (2.2)

0.96

Maturity offset, y

-0.9 (1.4)

-1.0 (1.4)

0.91

Height, cm

152.2 (9.2)

152.8 (8.0)

0.81

Weight, kg

45.5 (12.6)

42.5 (7.2)

0.30

BMI, z-score

0.41 (1.04)

0.02 (0.89)

0.17

Wake time, hh:mm

07:44 (00:50)

07:53 (00:53)

0.54

Bed time, hh:mm

22:05 (00:52)

22:07 (00:55)

0.89

Time in bed, hh:mm

9:45 (00:49)

9:51 (00:44)

0.66

88.7 (2.9)

88.7 (3.1)

0.98

Demographic characteristics

Sleep characteristics

Actiwatch 2 sleep efficiency,%

Actical sleep efficiency, %
89.1 (3.5)
89.0 (3.9)
a
Values represent mean (SD). P-values derived from independent-samples t-tests.
b
Wake time, bed time, and time in bed were derived from self-reported wake and bed times in
conjunction with visual inspection of Actiwatch 2 data

0.96

5.4.1 Development of the Actical sleep efficiency algorithm and sleep likelihood score cut-off
The mean (SD) sleep efficiency based on the wrist-worn Actiwatch 2 within the development
group was 88.7 (2.9). The sleep efficiency estimates based on the waist-worn Actical were 98.2 (0.8),
97.2 (1.2), 95.8 (1.7), 93.9 (2.4), 91.2 (3.2), and 89.1 (3.5) when the weighted rolling average sleep
likelihood score cut-off value used to differentiate sleep and wake were 40, 20, 10, 5, 2, and 1,
respectively. Therefore, a weighted, rolling average sleep likelihood score cut-off of 1 for the Actical
provided nightly sleep efficiency estimates that were closest to those obtained from the Actiwatch 2.
When this cut-off was used, the estimates of sleep efficiency between the Actical and Actiwatch 2 within
the development group were not different (89.1 (3.5)% vs. 88.7 (2.9)%, p = 0.52). At the epoch level, the
sleep efficiency algorithm correctly distinguished sleep epochs from wake epochs with a sensitivity of
94% and a specificity of 54%.
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5.4.2 Testing and validation of the Actical sleep efficiency algorithm and sleep likelihood score
cut-off
When the Actical sleep likelihood score cut-off determined from the data in the development
group was applied to the test group, the mean Actical sleep efficiency estimates were not different from
the mean Actiwatch 2 sleep efficiency estimates (89.0 (3.9)% vs 88.7 (3.1)%, p = 0.66). Percentiles of the
absolute differences in sleep efficiency between the Actical and the Actiwatch 2 are provided in Table
5.2. The median absolute difference between sleep efficiency derived from the Actical and the Actiwatch
2 at the nightly level (n = 165 nights) was 3.3% and the difference between devices was less than 8.7%
for 90% of the nights. At the weekly/aggregate level (n = 25 participants with weekly averages), the
median difference was 3.0% and the difference between devices was less than 8.1% for 90% of the
participants.
Table 5.2 Absolute difference in sleep efficiency between the Actical and Actiwatch 2 at different
population percentiles based on 165 nightly estimates and 25 aggregated/weekly estimates
Percentile

Nightly difference

Weekly difference

100%

28.37

10.55

95%

10.30

9.73

90%

8.69

8.06

75%

6.26

4.30

50%

3.29

3.03

25%

1.36

1.54

10%

0.46

0.44

5%

0.25

0.26

0%
0.00
0.12
Figure 5.1 presents Bland-Altman plots of both nightly (Panel A) and weekly/aggregate (Panel B)
sleep efficiencies for the test group; differences are calculated as Actical sleep efficiency minus
Actiwatch 2 sleep efficiency. No significant correlations between device average and difference were
observed for nightly (r = -0.05, p = 0.52) and weekly (r = -0.23, p = 0.26) estimates of sleep efficiency.
Therefore, the difference between devices was not influenced by the magnitude of sleep efficiency.
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Figure 5.1 Bland-Altman plots of both nightly (Panel A; n=165) and weekly/aggregate (Panel B; n=25) differences in sleep efficiency estimates
for the test group. Differences are calculated as Actical sleep efficiency minus Actiwatch 2 sleep efficiency.
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5.5 Discussion
In this paper, we describe the development and cross-validation of a sleep efficiency algorithm and
sleep likelihood score cut-off value for sleep/wake (i.e., sleep efficiency) scoring for the waist-worn Actical
accelerometer. The data collected within the test group suggested that an algorithm using a weighted,
rolling average sleep likelihood score cut-off value of 1 can be applied to waist-worn Actical accelerometer
data to estimate nightly sleep efficiency. The small (0.3%) mean difference between the Actiwatch 2 and
Actical sleep efficiency estimates in the test group and absence of a systematic error for the Actical
estimates suggest that the waist-worn Actical can be used to provide a field-based estimate of sleep
efficiency with adequate validity in healthy 10 to 13-year-olds.
Our finding that the sleep likelihood score cut-off for the waist-worn Actical is considerably smaller
than the sleep likelihood score cut-off for the wrist-worn Actiwatch 2 is not surprising given past research in
this area. Hjorth et al. (2012) found that applying the Sadeh sleep efficiency algorithm to the Actigraph
GT3X+ provides considerably higher sleep efficiency values (91.2% vs. 80%) within 10-year-olds when the
accelerometer is worn on the waist as compared to when it is worn on the wrist if the algorithm and sleep
likelihood score cut-offs are not changed18. This finding reflects differences in movement at the wrist and
hip during sleep. Additionally, Weiss et al. (2010) showed that the Actical provides lower epoch count
values than the Actiwatch 2 when both devices were worn concurrently on the wrist21. Together, these
findings support the notion that sleep likelihood score cut-offs for sleep efficiency developed for specific
devices and wear locations cannot be used interchangeably with other devices and wear locations without
cross-calibration. When the wear location and devices are cross-calibrated, as done in our study,
comparable sleep efficiency estimates can be generated.
Although it is clear that a higher sleep efficiency (although not including very high values, such as
100%) is better for children’s health26,27, there are currently no available reference values or thresholds that
can be used to define an acceptable sleep efficiency in children. Furthermore, different definitions of sleep
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efficiency have hindered comparisons between studies in this area6. For instance, in their study of
adolescents (mean age = 17.6 years), Weiss et al. (2010) reported a mean sleep efficiency of 92.1% using
the Actiwatch 2, which is slightly higher than the mean sleep efficiency for the same device found in our
sample (88.7%). The slightly higher estimate in the Weiss et al. study may be because total sleep time was
calculated as the difference between “lights out” and “lights on”, rather than time in bed as calculated in
the current study. Additionally, Hjorth et al. (2012) reported lower mean sleep efficiency values in 10 year
old children when using a waist-worn accelerometer than those observed here (≈ 80%)18. This difference is
likely due to the discordance between bed times reported by parents and determined by the device in their
study. This led to a reduced mean sleep duration (≈ 7 hours, 48 minutes) and long sleep latency periods,
which suggests that the sleep efficiency values would have been higher had time in bed been used, as was
done in the current study. While there is no universal definition of sleep efficiency, time in bed is commonly
used as the denominator in this field6 and encompasses both sleep latency and wake after sleep onset,
both of which can plausibly adversely affect children’s health28.
The estimates of bed and wake time, as well as sleep duration, from 10-13 year old children in our
study are similar to those described by Chaput and Janssen (2016) using a nationally representative sample
of Canadians in a similar age range29. While this does provide some support for the generalizability of our
findings as a whole, further work should be done to establish normative sleep efficiency values at the
population level before this can be concluded definitively. We hope that the methods developed herein for
the waist-worn Actical will provide researchers with a feasible tool that has been shown to have adequate
validity to conduct this work.
There are important implications of our findings. Firstly, this methodology will allow researchers to
measure all 24-hour movement/non-movement behaviours – physical activity, sedentary time and sleep,
including sleep efficiency – with one device and wear location (i.e., a waist-worn Actical). This will reduce
study cost, since researchers will only have to purchase one device, and will improve compliance, since
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participants are often removed from physical activity studies if they have an insufficient amount of data.
The Actical is ideal for assessing these three behaviours in children since it is small (i.e., non-intrusive) and
because data can be collected in short epochs for long periods of time as these devices do not need to be
recharged. Secondly, collecting 24-hour data with the same device will provide physical activity and sleep
researchers with an opportunity to examine accelerometry data that would have typically been discarded
(i.e., removing sleep time prior to examining physical activity, and vice versa). Thirdly, given the recent
recognition that these three behaviors (physical activity, sedentary time and sleep) are co-dependent30,31,
the ability to objectively measure these behaviors with the same device and wear location will be an asset
for researchers interested in examining the interactions and integration of children’s movement/nonmovement behaviors.
This study and the Actical measure of sleep efficiency derived from this study are not without
limitations. While this algorithm and cut-off has previously shown to be highly accurate in assessing the
range of sleep efficiencies observed in this study, the strength of the validity data at lower sleep efficiencies
(i.e., < 70%) is unknown. Similarly, this measure of sleep efficiency was developed in a convenience sample
of children and the strength of validity in clinical populations, especially those with sleep disorders, is
unknown. Kinder et al. (2012) have noted that variations in sleep architecture may impact the estimation of
sleep variables more so for waist-worn devices than for wrist-worn devices15. Finally, our results are specific
to 10-13 year-old children wearing an Actical on their waist. However, our methodological approach could
be replicated to assess sleep efficiency in different populations or with a different device.
In conclusion, these results suggest that the described algorithm with a weighted rolling average
sleep likelihood score cut-off value of 1 for the waist-worn Actical provides a field-based estimate of sleep
efficiency in children. These data suggest that weekly, aggregate estimates of sleep efficiency derived using
this approach are highly comparable to those derived from the Actiwatch 2. As population-level
studies/surveillance of both physical activity/sedentary behavior and sleep using waist-worn accelerometry
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with 24-hour wear protocols become more prominent, these findings can be used to fill a data gap for
those interested in estimating sleep efficiency and investigating its links with various health outcomes.
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6.1 Abstract
Background: A limitation of measuring sedentary time with an accelerometer is device removal. The
resulting nonwear time is typically deleted from the data prior to calculating sedentary time. This could
impact estimates of sedentary time and associations with health indicators. We evaluated whether using
multiple imputation to replace nonwear accelerometer epochs influences such estimates in children.
Methods: 452 children (50% male) aged 10-13 were tasked with wearing an accelerometer for 7 days. On
average, 8% of waking time was classified as nonwear time. Sedentary time was derived from a
“nonimputed” dataset using the typical approach of deleting epochs that occurred during nonwear time, as
well as from an “imputed” dataset, where epochs that occurred during nonwear time were replaced using
multiple imputation. Estimates of sedentary time and associations between sedentary time and health
indicators (cardiometabolic risk factor and internalizing mental health symptoms Z-scores) were compared
between the nonimputed and imputed datasets.
Results: On average, sedentary time was 33 minutes/day higher in the imputed dataset than in the
nonimputed dataset (632 vs. 599 minutes/day). The association between sedentary time and the
cardiometabolic risk factor Z-score was stronger in the imputed vs. the nonimputed dataset (β=0.137 vs.
β=0.092 per 60 minutes/day change, respectively). These findings were more pronounced among children
who had <7 days with ≥10 hours of wear time.
Conclusion: Researchers should consider using multiple imputation to address accelerometer nonwear
time, rather than deleting it, in order to derive more unbiased estimates of sedentary time and its
associations with health indicators.
Keywords: missing data; multiple imputation; accelerometer; sedentary behaviour; child; health
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6.2 Introduction
There is evidence, albeit mixed, that objectively-measured sedentary time is associated with health
indicators during childhood1–4. School-aged children accumulate ≈8.5 hours/day of sedentary time5,6 and
their sedentary behaviour patterns track into adulthood7,8 where there is consistent evidence that
excessive sedentary time increases the risk of chronic disease and mortality9–11. Therefore, studying
sedentary time in children is important and the accurate measurement of this construct is of obvious
significance to sedentary behaviour research.
Accelerometers are commonly used to measure sedentary time. One of the problems encountered
when measuring sedentary time with an accelerometer is “nonwear time”. Nonwear time occurs when a
participant removes their accelerometer during the measurement period. Participants do this for a variety
of reasons: they may not like the way the accelerometer looks, it may be uncomfortable to wear, or they
may remove it when it could get wet12,13. The vast majority of child participants have some nonwear time
during a typical one-week accelerometer measurement period6,14–16.
Traditionally, one of the steps involved in processing raw accelerometer data to derive final
sedentary time estimates consists of deleting all epochs collected during nonwear time, all epochs that
occurred on days with too much nonwear time (e.g., <10 waking hours of wear time15,17,18), and all data
from participants with too many days with too much nonwear time (e.g., >3/7 days with <10 hours of wear
time)15,17,18. There are three problems with this processing approach. First, estimates of sedentary time in
minutes/day are likely underestimated because they are calculated from incomplete accelerometer data.
However, the direction of bias is not known for estimates of the proportion of wear time spent sedentary;
this depends on whether children are more or less sedentary during nonwear time. It has been suggested
that the proportion of time spent sedentary might be greater during nonwear time compared to wear
time19. Second, estimates of sedentary time cannot be derived for participants that are excluded because
they have excessive nonwear time; this typically represents 15-30% of child participants6,15,16,20. The
exclusion of these participants could bias group-level estimates of sedentary time and the association
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between sedentary time and health indicators if these participants are systematically different from the
participants who were not excluded. Third, removing participants because of excessive nonwear time can
substantially reduce statistical power and precision.
The three aforementioned problems could potentially be addressed by imputing nonwear
accelerometer epochs with plausible values rather than deleting them during accelerometer data
processing. Multiple imputation should be used to capture the uncertainty in the imputation of the
unobserved data in order to allow for appropriate variance estimation21–23. Lee and Gill (2016) employed a
multiple imputation approach that used a zero-inflated Poisson log-normal model to account for the zeroinflated distribution and autocorrelated structure of the accelerometer epoch count data23. The authors
showed that this model predicted missing accelerometer count data with greater precision than three
other comparative models. However, they did not compare summary estimates of sedentary time, or
associations between sedentary time and health risk, between the nonimputed vs. imputed datasets. Thus,
the impact that an imputation approach has on estimates of sedentary time (both in minutes/day and the
proportion of wear time spent sedentary) and its associations with health risk remains unknown. Recently,
Paul and McIsaac explored the utility of different imputation approaches24, including those developed by
Lee and Gill (2016), in both predicting missing accelerometer count data and in deriving summary estimates
of moderate-to-vigorous physical activity. They demonstrated that simpler imputation approaches are
adequate for the purpose of deriving summary estimates and that more complicated approaches add little
value in reducing bias in summary estimates. Thus, deriving and comparing summary estimates of
sedentary time should allow for the selection a relatively simple imputation approach, such as imputing a
binary variable.
Our lab group recently developed and implemented a relatively simple (i.e., binary) multiple
imputation approach for nonwear accelerometer epochs of a moderate-to-vigorous intensity25. The model
used in our approach included several time-based, socio-demographic, and health-related correlates of
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physical activity25. We showed that using multiple imputation did not influence estimates of time spent in
moderate-to-vigorous physical activity or associations between moderate-to-vigorous physical activity and
cardiometabolic risk factors. It is possible that this imputation approach would have a greater impact on
estimates of sedentary time because it accounts for a much greater proportion of a child’s time6. For
example, in the average 6-17 year old Canadian, sedentary time is almost 10-fold greater than time spent in
moderate-to-vigorous physical activity (510 vs. 55 minutes/day)5,26. Moreover, this imputation might have
an impact on the proportion of time spent sedentary, especially since this may be higher during nonwear
time compared to wear time19.
Accordingly, the objective of this paper was to evaluate whether using multiple imputation to
replace nonwear accelerometer epochs influences: 1) estimates of mean sedentary time in minutes/day as
well as the proportion of wear time spent sedentary, and 2) the association between sedentary time and
selected health indicators. Positive findings would indicate that the traditional approach of removing
nonwear accelerometer epochs prior to estimating sedentary time results in imprecise estimates of
sedentary time and biased estimates of the association between sedentary time and health indicators. Null
or negative findings would indicate that this traditional approach is acceptable. Therefore, the findings of
this paper, regardless of the direction, have implications for researchers who use accelerometers to
measure sedentary time in children.

6.3 Methods
6.3.1 Study participants and data collection overview
A sample of 452 children aged 10-13 years was recruited from Kingston, Ontario, Canada. Data
collection occurred between January 2015 and December 2016 and was balanced across the four seasons.
An equal number of boys and girls and of 10, 11, 12, and 13 year olds were recruited. Written informed
assent and consent was obtained from child participants and their parents/guardians, respectively
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(Appendix C). This study was approved by the General Research Ethics Board at Queen’s University
(Appendix B).
Participants visited the Physical Activity Epidemiology lab at Queen’s University where physical
measurements (described below) were obtained and we provided them with verbal and written
instructions on how to wear an Actical accelerometer (Philips Respironics, Bend, OR) on their right hip for
24 hours/day for 7 consecutive days (Appendix D). The devices were initialized to record data in 15s epochs
starting at midnight on the first measurement day. Participants were instructed to remove the device only
for aquatic activities (e.g., swimming, showering). Participants recorded the times that they removed their
accelerometer, their sleep and wake times, and dates/times that they participated in summer day camps
on a log (Appendix F) during the measurement period. These times were manually verified by the research
team with excellent intra- and inter-rater reliability27. The standardized protocol for visually inspecting
these data is provided in Appendix J, K, and L. Participants were sent daily text messages or e-mails to
remind them to wear their device and complete their log. Participants were compensated $40 for
participating in the study, including $20 for returning the accelerometer in working condition and
completing the log.

6.3.2 Measurement of health indicators
We felt that it was important to include indicators of both physical and mental health to provide a
holistic lens of health. The indicator of physical health used in this paper was a cardiometabolic risk factor
Z-score. Standing and sitting height were measured to the nearest 0.1 cm using a portable stadiometer
(SECA model 213, Hamburg, Germany). Body mass was measured to the nearest 0.1 kg using an electronic
scale (Tanita BF-689, Arlington Heights, IL, USA). The standardized protocol for collecting these data is
provided in Appendix H. Body mass index Z-scores were calculated using the World Health Organization
age- and sex-specific growth references28. Systolic blood pressure and resting heart rate were measured 6
times following 5 minutes of quiet sitting using a BpTRU BPM-200 (Bayside Medical Supplies Inc.,
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Hawkestone, Ontario, Canada). The average of the last five measures was used and Z-scores were created.
The standardized protocol for collecting these data is provided in Appendix I. The cardiometabolic risk
factor Z-score was created by averaging the Z-scores for body mass index, systolic blood pressure, and
resting heart rate.
The indicator of mental health used in this paper was an internalizing symptom score based on 7
questionnaire items that assessed symptoms of anxiety and depression29,30. The questionnaire asked
participants to indicate how much they agreed with the following statements: “I am unhappy or sad”, “I am
not as happy as other people my age”, “I am too fearful or nervous”, “I worry a lot”, “I cry a lot”, “I am
nervous, high-strung, or tense”, and “I have trouble enjoying myself”. Response options were: “definitely
not like me”, “not like me”, “somewhat like me”, “like me”, and “definitely like me”. The scale derived from
these 7 items has good internal consistency (Cronbach’s alpha = 0.78)29,30. We used factor analysis to derive
the scale and then normalized the factor derived scale to a Z-score with a normal distribution. The one
week test-re-test reliability of the internalizing symptoms Z-score in our sample was very good (ICC = 0.78).

6.3.3 Covariates considered in the imputation
The imputation was informed by several variables related to the timing of the epochs. These timing
variables were included because sedentary time differs across seasons31, days of the week32, and time of
day33. Season of data collection was classified as spring (Apr – Jun), summer (Jul – Aug), fall (Sep – Nov), or
winter (Dec – Mar) based on a combination of weather patterns and school calendars. Each day was
classified as a school day, non-school day (i.e., weekends and holidays), or a non-school day where the child
was enrolled in a day camp. The time of day was categorized for each epoch as 00:00–09:29, 09:30–14:59,
15:00–17:59, or 18:00–23:59 according to typical times for children’s school and social calendars. The
interaction between type of day and time of day was also included in the imputation.
The imputation was also informed by socio-demographic and health information related to
sedentary time34,35, including age, biological maturation (based on years from peak height velocity 36), sex,
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race (white or other), family structure (dual parent household, single parent household, no response),
annual family income in $CDN (≤ $50,000, $50,001 – $100,000, ≥ $100,000), parental education (high
school or less, 2-y college, 4-y college/university or higher), the presence of a chronic medical condition
(yes or no), the frequency of fast food consumption (rarely or never, 1 time/month, ≥ 2 times/month), and
the frequency/week of snacking while engaged in screen time behaviours (continuous). The interaction
between age and sex was also included in the imputation.
The imputation was also informed by four sedentary behaviour variables that were captured on a
questionnaire completed by child participants: 1) average recreational screen time in hours/day, which
included time spent watching TV, movies, and videos (i.e., YouTube), playing passive video games, and
other recreational screen time (i.e., using a computer, tablet, or smartphone), 2) the number of hours
children report doing homework (no homework, <1 hour/day, ≥1 hour/day), 3) the number of electronic
devices in the home (continuous), and 4) the presence of household media rules (yes or no). The one week
test-re-test reliability of these questionnaire items in our sample were in the very good to excellent range
(ICC = 0.74 for screen time and 0.94 for number of electronic devices, κ = 0.87 for homework and 0.85 for
media rules).

6.3.4 Processing of accelerometer data to derive estimates of sedentary time
Accelerometer data in 15s epochs were concatenated and were then merged with the covariate
and health indicator data described above. Data processing steps were completed on the original
accelerometer dataset as well as two subsequent datasets that were created following two multiple
imputation approaches (see Statistical Analysis section). Hereafter, these three datasets are referred to as:
1) nonimputed, 2) imputed dataset I, and 3) imputed dataset II. In all three datasets, the first processing
step was to remove all epochs that occurred during times when participants were sleeping. Next, all epochs
that occurred during nonwear time were identified. Nonwear time included both the time that children
identified as having removed their accelerometer device as well as 60 minutes with consecutive zero
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counts/minute with up to two non-zero minutes18. In the nonimputed dataset only, all epochs that
occurred during nonwear time were removed, days with <10 hours of wear time were deleted18, and
participants with <4 days with ≥10 hours of wear time were excluded from the dataset37. Following this,
sedentary time was derived by summing epochs with <25 counts/15s38,39 for each day and a daily average
was determined. Conversely, in the imputed datasets, all nonwear time (including all days for all
participants) was retained. Since we were ultimately interested in whether an epoch was classified as
sedentary or not, as opposed to the distribution of count values, we created a dichotomous indicator
variable for sedentary time. The indicator variable was coded as a 1 if the accelerometer count for that
epoch was <25 counts/15s, as a 0 if the accelerometer count for that epoch was ≥25 counts/15s, and as
missing if the accelerometer epoch occurred during a period of nonwear time. These missing values for the
dichotomous indicator variable were then imputed using multiple imputation (see Statistical Analysis
section).

6.3.5 Statistical analysis
The accelerometer count data were heavily skewed and zero-inflated. This unique distribution,
along with available capabilities of existing statistical software, limited the imputation approach we could
select. Since we were ultimately interested in deriving estimates of sedentary time (rather than the
distribution of accelerometer count data per se), we simplified the imputation approach by imputing
missing values for the dichotomous sedentary time indicator variable. We used a multiple imputation
model that applied logistic regression (PROC MI in SAS 9.4) to the complete data and imputed the missing
sedentary time indicator values (1 or 0) by simulating draws from the posterior predictive distribution of
the parameters40. Five iterations were performed40,41. Parameter estimates obtained from each of the
iterations were combined using PROC MIANALYZE in SAS 9.4 to calculate the final estimates presented
herein. Within each imputation iteration, sedentary time (in minutes) for each day was determined by
summing all epochs with a value of 1 for the sedentary time indicator variable (i.e., either sedentary, or
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missing and subsequently imputed as being sedentary) and dividing by 4. The proportion of time spent
sedentary was determined by dividing this value by the total number of wear minutes during wake time.
Following this, daily averages of sedentary time in minutes/day were then determined for each participant.
This resulted in five estimates (one per iteration) which were averaged to obtain an overall estimate. The
differences between the estimates captured the uncertainty arising from imputing nonwear time and was
incorporated in estimating variance. This same approach was applied to obtain the final estimate of the
proportion of time spent sedentary.
The multiple imputation approach described above was performed twice to derive imputed
datasets I and II, respectively. The predictor variables used to derive imputed dataset I included those
variables that would routinely be captured in studies using accelerometers to measure sedentary time in
children. This included variables related to the timing of nonwear accelerometer epochs, sociodemographic information, as well as the health indicator variables (cardiometabolic risk factor and
internalizing symptoms Z-scores). The predictor variables used to derive imputed dataset II included all of
the same variables used to derive imputed dataset I, and additionally included the four self-reported
sedentary behaviour variables.
Means and 95% confidence intervals were used to describe sedentary time (both in minutes/day
and as a proportion of wear time). General linear models were used to examine the association between
sedentary time and both cardiometabolic risk factor and internalizing symptoms Z-scores. Covariates were
the same as those included in the imputation, with the addition of mean minutes/day of moderate-tovigorous physical activity, which was defined as ≥375 counts/15s38. Parameter estimates and 95%
confidence intervals were used to assess the strength of associations. Because the nonimputed and
imputed datasets were derived from the same participants these data violated the assumption of
independence which underpins many traditional statistical tests. Thus, we could not compare estimates of
sedentary time between the nonimputed and imputed datasets using traditional statistical inference (i.e.,
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testing statistical significance using p-values). Moreover, we could not compare the regression models
between the nonimputed and imputed datasets using traditional model building statistics (e.g., AIC,
likelihood ratio test, F-change); the model parameters are identical, rather it is the number of participants
and the method of deriving estimates of sedentary time that are different. In light of this, we compared
estimates of sedentary time and regression models between the nonimputed and imputed datasets using
descriptive and graphical methods.
To determine if the results varied according to accelerometer wear compliance, we conducted a
sensitivity analysis wherein analyses were conducted separately in participants with 7 days with ≥10 hours
of wear time vs. participants with <7 days with ≥10 hours of wear time. Because few participants had only 4
or 5 days with ≥10 hours of wear time, participants were not separated further. We also investigated if the
results varied according to the amount of nonwear time that was imputed for each participant, where
participants were grouped into tertiles based on the percentage of nonwear time (i.e., nonwear time /
wear time * 100). Since this latter sensitivity analysis was not informative beyond the former, we have only
shown the results based on the number of days with ≥10 hours of wear time.

6.4 Results
6.4.1 Descriptive characteristics
Participant characteristics are in Table 6.1. The average age was 11.5 years and 50% of participants
were boys. The majority were white (91%) and did not have a chronic medical condition (96%). Participants
lived in mostly dual-parent homes (85%) and their parents reported a relatively high socio-economic status.
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Table 6.1 Descriptive characteristics of study participants (n = 452)
Variable
Sex
Male
Female
Age, y
10
11
12
13
Race
White
Other
Family structure
Dual parent
Single parent
No response
Family income ($CDN per year)
≤ $50,000
$50,001 – $100,000
> $100,000
No response
Parental education
High school or less
2-y college
4-y college/university or higher
Chronic medical condition
No
Yes
Fast food consumption
Rarely or never
1 time/month
≥ 2 times/month
Snacking frequency in front of a screen
0–4 times/week
5–9 times/week
≥ 10 times/week
Homework time
No homework
< 1 hour/day
≥ 1 hour/day
Presence of household media rules
No
Yes

N

%

225
227

50.2
49.8

113
114
117
108

25.0
25.2
25.9
23.9

409
44

90.5
9.5

384
65
3

85.0
14.4
0.6

72
124
203
53

15.9
27.4
44.9
11.7

41
140
271

9.0
31.0
60.0

435
17

96.2
3.8

165
100
187

36.5
22.1
41.4

306
95
51

67.7
21.0
11.3

144
204
104

31.9
45.1
23.0

133
319

29.4
70.6
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6.4.2 Description of accelerometer data and nonwear time
After removal of epochs that occurred during sleep periods, the accelerometer dataset included 10
989 151 epochs from 3 162 days from 452 participants. A total of 2 561 accelerometer nonwear periods
were identified. The mean (95% CI) duration of these nonwear periods was 86 minutes (82, 90). After
removing accelerometer nonwear time and days and participants with insufficient data, the nonimputed
dataset included 10 145 413 epochs from 2 938 days from 442 participants. This represented 92% of total
epochs collected during waking hours, 93% of total days, and 98% of participants. Of these 442 participants,
336 (76%) had 7 days with ≥10 hours of wear time, while 69 (16%), 24 (5%), and 13 (3%) had 6, 5, and 4
days with ≥10 hours of wear time, respectively. Among all 452 participants, the mean proportion of waking
time classified as nonwear time was 8% and ranged from 0 to 48%.

6.4.3 Imputation descriptive information
The parameter estimates from the logistic regression used to impute sedentary time during
nonwear time are shown in Table 6.2. The number of variables and interactions in this model make
interpreting and comparing effect sizes difficult. Therefore, to simplify interpretation we calculated the
predicted probability of an epoch being classified as sedentary for each predictor variable while holding all
other variables constant at their mean, and accounting for the interactions (Table 6.3). The strongest
predictors of sedentary time for both imputed datasets included age and sex (i.e., particularly among older
girls) and time and type of day (i.e., particularly during the evening hours on non-school days).
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Table 6.2 Logistic regression parameter estimates used to predict sedentary time for individual nonwear
epochs

Intercept
Age, y
Sex
Male
Female
Race
White
Other
Family structure
Dual parent
Single parent
No response
Family income
≤ $50,000
$50,001 – $100,000
≥ $100,000
No response
Parental education
High school or less
2-y college
4-y college/university or higher
Chronic medical condition
Yes
No
Fast food consumption
Rarely or never
1 time/month
≥ 2 times/month
Snacking frequency, times per week
Maturity (per unit of maturity offset)
Cardiometabolic risk Z-score
Internalizing symptoms Z-score
Season
Spring
Summer
Fall
Winter
Type of day
School day

Imputed dataset I
Parameter
p-value
estimate (SE)
0.4107 (0.0169)
<.0001
0.0580 (0.0013)
<.0001

Imputed dataset II
Parameter
p-value
estimate (SE)
0.3787 (0.0178)
<.0001
0.0568 (0.0013)
<.0001

0 (referent)
-0.0540 (0.0075)

<.0001

0 (referent)
-0.0442 (0.0074)

<.0001

0 (referent)
0.0146 (0.0013)

<.0001

0 (referent)
0.0146 (0.0013)

<.0001

0 (referent)
-0.1253 (0.0035)
0.1843 (0.0062)

<.0001
<.0001

0 (referent)
-0.1258 (0.0034)
0.2024 (0.0062)

<.0001
<.0001

0 (referent)
0.0390 (0.0013)
-0.0531 (0.0013)
-0.0616 (0.0019)

<.0001
<.0001
<.0001

0 (referent)
0.0424 (0.0013)
-0.0427 (0.0013)
-0.0644 (0.0017)

<.0001
<.0001
<.0001

0 (referent)
0.0077 (0.0013)
-0.0352 (0.0012)

<.0001
<.0001

0 (referent)
0.0055 (0.0014)
-0.0292 (0.0013)

<.0001
<.0001

0 (referent)
-0.0027 (0.0019)

.1568

0 (referent)
-0.0069 (0.0020)

.0006

0 (referent)
-0.0303 (0.0012)
0.0280 (0.0010)
-0.0035 (0.0002)
0.0180 (0.0014)
0.0643 (0.0011)
0.0355 (0.0008)

<.0001
<.0001
<.0001
<.0001
<.0001
<.0001

0 (referent)
-0.0302 (0.0012)
0.0219 (0.0010)
-0.0071 (0.0002)
0.0151 (0.0014)
0.0607 (0.0012)
0.0297 (0.0007)

<.0001
<.0001
<.0001
<.0001
<.0001
<.0001

0 (referent)
0.0138 (0.0018)
0.0196 (0.0012)
0.0552 (0.0012)

<.0001
<.0001
<.0001

0 (referent)
0.0122 (0.0020)
0.0226 (0.0014)
0.0612 (0.0012)

<.0001
<.0001
<.0001

0 (referent)

-

0 (referent)

-
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Weekend or holiday
Camp day
Time of day
00:00–09:29
09:30–14:59
15:00–17:59
18:00–23:59
Type of day x time of day interaction
School day, all hours
Weekend, 00:00-09:29
Weekend, 09:30-14:59
Weekend, 15:00-17:59
Weekend, 18:00-23:59
Camp day, 00:00-09:29
Camp day, 09:30-14:59
Camp day, 15:00-17:59
Camp day, 18:00-23:59
Age x sex interaction
Older males
Older females
Screen time (average hours/day)
# of media devices in the home
Homework time
No homework
< 1 hour/day
≥1 hour/day
Presence of household media rules
No
Yes

0.2005 (0.0022)
-0.1504 (0.0042)

<.0001
<.0001

0.1968 (0.0025)
-0.1433 (0.0051)

<.0001
<.0001

0 (referent)
-0.1329 (0.0032)
-0.1668 (0.0037)
0.1883 (0.0040)

<.0001
<.0001
<.0001

0 (referent)
-0.1339 (0.0033)
-0.1664 (0.0038)
0.1900 (0.0040)

<.0001
<.0001
<.0001

0 (referent)
0 (referent)
-0.0644 (0.0033)
-0.0393 (0.0039)
-0.1034 (0.0039)
0 (referent)
-0.0555 (0.0062)
0.0082 (0.0073)
0.0766 (0.0077)

<.0001
<.0001
<.0001
<.0001
.2589
<.0001

0 (referent)
0 (referent)
-0.0617 (0.0035)
-0.0394 (0.0039)
-0.1058 (0.0042)
0 (referent)
-0.0593 (0.0066)
0.0084 (0.0073)
0.0816 (0.0079)

<.0001
<.0001
<.0001
<.0001
.2505
<.0001

0 (referent)
0.0083 (0.0007)
N/A
N/A

<.0001
-

0 (referent)
0.0081 (0.0006)
0.0105 (0.0002)
0.0018 (0.0003)

<.0001
<.0001
<.0001

N/A
N/A
N/A

-

0 (referent)
-0.0229 (0.0010)
0.0011 (0.0012)

<.0001
.3596

N/A
N/A

-

0 (referent)
0.0073 (0.0009)

<.0001
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Table 6.3 Predicted probability of epochs being imputed as sedentary while holding variables constant at
their average

Variable
Age and sex
10-y old boy
10-y old girl
11-y old boy
11-y old girl
12-y old boy
12-y old girl
13-y old boy
13-y old girl
Race
White
Other
Family structure
Dual parent
Single parent
No response
Family income
≤ $50,000
$50,001 – $100,000
≥ $100,000
No response
Parental education
High school or less
2-y college
4-y college/university or higher
Chronic medical condition
Yes
No
Fast food consumption
Rarely or never
1 time/month
≥ 2 times/month
Snacking frequency
(per SD increase vs. mean)
Maturity
(per SD increase vs. mean)
Cardiometabolic risk Z-score
(per SD increase vs. mean)
Internalizing symptoms Z-score
(per SD increase vs. mean)
Season

Imputed dataset I
% probability

Imputed dataset II
% probability

72.1
73.3
73.3
74.5
74.4
75.8
75.5
77.0

72.1
73.3
73.3
74.5
74.4
75.8
75.5
77.0

74.2
74.5

74.2
74.5

74.6
72.1
77.9

74.6
72.1
77.9

74.6
75.4
73.6
73.5

74.6
75.4
73.6
73.5

74.6
74.8
73.9

74.6
74.8
73.9

74.3
74.2

74.3
74.2

74.4
73.8
74.9

74.4
73.8
74.9

-0.25

-0.52

0.49

0.41

0.89

0.83

0.67

0.56
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Spring
Summer
Fall
Winter
Type and time of day
School day, 00:00-09:29
School day, 09:30-14:59
School day, 15:00-17:59
School day, 18:00-23:59
Non-school day, 00:00-09:29
Non-school day, 09:30-14:59
Non-school day, 15:00-17:59
Non-school day, 18:00-23:59
Camp day, 00:00-09:29
Camp day, 09:30-14:59
Camp day, 15:00-17:59
Camp day, 18:00-23:59
Screen time
(per SD increase vs. mean)
# of media devices in the home
(per SD increase vs. mean)
Homework time
No homework
< 1 hour/day
≥ 1 hour/day
Presence of household media rules
No
Yes

73.8
74.4
74.1
74.8

73.8
74.4
74.1
74.8

73.7
71.1
70.4
77.2
77.4
73.8
73.6
78.9
70.7
66.7
67.3
75.9

73.7
71.1
70.4
77.2
77.4
73.8
73.6
78.9
70.7
66.7
67.3
75.9

N/A

0.78

N/A

0.09

N/A
N/A
N/A

74.7
74.3
74.7

N/A
N/A

74.4
74.6

6.4.4 Estimates of sedentary time for nonimputed and imputed datasets
Mean (95% CI) sedentary time was 599 (594, 604) minutes/day in the nonimputed dataset and 632
(627, 637) minutes/day in both imputed datasets I and II (Table 6.4). On average, sedentary time was 33
(30, 36) minutes/day lower in the nonimputed dataset by comparison to the imputed datasets. The mean
difference in sedentary time between the imputed datasets was 0 (-4.9, 4.4) minutes/day. There was no
meaningful difference in the proportion of wear time spent sedentary between the nonimputed and
imputed datasets (72% vs. 73%).
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Table 6.4 Sedentary time in the nonimputed and imputed datasets
Mean (95% CI) min/day Mean (95% CI) min/day Mean (95% CI) percentage of
Dataset
of sedentary time
of wear time
wear time spent sedentary
Nonimputed dataset
599 (594, 604)
826 (821, 831)
72 (72, 73)
(n = 442)
Imputed dataset I
632 (627, 637)
868 (865, 873)
73 (72, 73)
(n = 452)a
Imputed dataset II
632 (627, 637)
868 (865, 873)
73 (72, 73)
(n = 452)b
a
Imputation based on sociodemographic (age, sex, maturity, race, family structure, parental education and
household income), health (cardiometabolic risk Z-score, internalizing symptoms Z-score, and presence of a
chronic health condition), behavioural (frequency of fast food consumption and snacking in front of a
screen), and time (time of day, type of day, and season).
b
Imputation based on total screen time, homework time, presence of household media rules, and the
number of screen-based devices in the household, in addition to the variables used in imputed dataset I.
Table 6.5 Associations between sedentary time, cardiometabolic risk, and internalizing symptoms
Cardiometabolic risk Z-score
Parameter estimate (95% CI)
p-value
for sedentary time

Internalizing symptoms Z-score
Parameter estimate (95% CI)
p-value
for sedentary time

Nonimputed
0.092 (0.007, 0.178)
0.035
0.032 (-0.087, 0.151)
0.601
dataset
Imputed
0.137 (0.053, 0.221)
0.002
0.040 (-0.082, 0.162)
0.520
dataset Ia
Imputed
0.136 (0.053, 0.220)
0.002
0.040 (-0.082, 0.162)
0.522
dataset IIb
Note: Parameter estimates indicate the change in cardiometabolic risk or Internalizing symptoms Z-score
for every 60-min increase in sedentary time. All models are adjusted for age, sex, maturity, season, race,
family structure, parental education, household income, presence of a chronic health condition, fast food
consumption, snacking frequency, and moderate-to-vigorous physical activity.
Abbreviations: CI, confidence interval
a
Imputation based on sociodemographic (age, sex, maturity, race, family structure, parental education and
household income), health (cardiometabolic risk Z-score derived from body mass index, resting heart rate,
and systolic blood pressure; internalizing symptoms Z-score, and presence of a chronic health condition),
behavioural (frequency of fast food consumption and snacking in front of a screen), and time (time of day,
type of day, and season).
b
Imputation based on variables used in imputed dataset I as well as screen time, homework time, the
number of electronic devices in the home, and the presence of household media rules.
6.4.5 Associations between sedentary time and health indicators
After adjusting for covariates, in the nonimputed dataset sedentary time was associated with the
cardiometabolic risk factor Z-score such that each 60 minutes/day increase in sedentary time was
associated with 0.09 unit increase in the cardiometabolic risk factor Z-score (Table 6.5). This association
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was stronger in the imputed datasets as each 60 minutes/day increase in sedentary time was associated
with a 0.14 unit increase in the cardiometabolic risk factor Z-score. Sedentary time was not associated with
the internalizing symptoms Z-score in any of the datasets.

6.4.6 Sensitivity analyses by compliance
We considered whether the magnitude of the differences between the nonimputed dataset and
imputed dataset I varied according to accelerometer wear compliance. Results are not presented for
imputed dataset II because they were the same as those for imputed dataset I. As shown in Figure 6.1,
participants with the largest differences between the nonimputed and imputed datasets tended to have <7
days with ≥10 hours of wear time.
Figure 6.1 Differences in minutes/day of sedentary time between nonimputed and imputed datasets by
accelerometer compliance
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We also considered whether the association between sedentary time and health indicators was
influenced by compliance. In those with 7 days with ≥10 hours of wear time, sedentary time was not
associated with the cardiometabolic risk factor Z-score in the nonimputed dataset (β=0.089; 95%CI: -0.014,
0.193), but a positive association was observed in imputed dataset I (β=0.111; 95%CI: 0.011, 0.212).
Likewise, in those with <7 days with ≥10 hours of wear time, sedentary time was not associated with
cardiometabolic risk factor Z-score in the nonimputed dataset (β=0.072; 95%CI: -0.113, 0.256), but a
positive association was observed in imputed dataset I (β=0.189; 95%CI: 0.017, 0.361). No significant
associations were observed for the internalizing symptoms Z-score.
Figure 6.2 displays the difference in mean wear time and sedentary time between the nonimputed
dataset and imputed data I according to accelerometer compliance (7 days vs. <7 days). This figure
illustrates that differences in sedentary time between the datasets were strongly correlated with the
amount of nonwear time; however, this relationship was not as strong among those with <7 days with ≥10
hours of wear time (r = 0.89) as it was among those with 7 days with ≥10 hours of wear time (r = 0.99).
To assist in the interpretation of the sensitivity analysis findings, we considered if days with <10
hours of wear time were different from days with ≥10 hours. A higher proportion of days with <10 hours of
wear time occurred on non-school days by comparison to days with ≥10 hours of wear time (44% vs. 28%).
A greater proportion of days with <10 hours of wear time occurred during the summer months by
comparison to days with ≥10 hours of wear time (38% vs. 17%). However, this was not explained by
children’s participation in summer camps on weekdays (children accumulated ≥10 hours of wear time on
94% of summer camp days).
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Figure 6.2 Scatterplot of sedentary time and wear time between nonimputed and imputed datasets by
accelerometer compliance
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6.5 Discussion
Epochs that occur during accelerometer nonwear periods are traditionally removed during
accelerometer data processing. In this study of 10-13 year old children, we used multiple imputation to
impute accelerometer epochs that occurred during these nonwear periods, and determined if this
influenced estimates of sedentary time and the association between sedentary time and health indicators.
The imputation was informed by variables related to the timing of the accelerometer epochs, sociodemographic and health information, as well as self-reported sedentary behaviour data. Following multiple
imputation, estimates of sedentary time increased by 33 minutes/day (5% relative increase), and the
association between sedentary time and cardiometabolic risk factor Z-score was stronger (49% change in β
coefficient). This suggests that removing nonwear accelerometer data leads to meaningfully lower
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estimates of sedentary time (in minutes/day) and biases the association between sedentary time and
cardiometabolic risk towards the null.
To our knowledge, this is the first paper to examine the impact of using a multiple imputation
approach to impute nonwear accelerometer epochs on sedentary time. However, previous studies have
imputed accelerometer nonwear time for physical activity. We previously showed that a similar imputation
approach did not meaningfully influence estimates of time spent in moderate-to-vigorous physical
activity25. Other imputation approaches have similarly shown no or very small differences in moderate-tovigorous physical activity21,42. The discrepant finding for sedentary time in the current paper may reflect
that a much larger proportion of the day, and likely nonwear periods, is spent at a sedentary rather than a
moderate-to-vigorous intensity5,26. Based on the imputation results from our dataset, it appears that the
proportion of time spent sedentary is similar between wear and nonwear periods. This is supported by our
observation that 72% and 73% of children’s time was spent sedentary in the nonimputed and imputed
datasets. Thus, the underestimation of sedentary time in minutes/day with traditional data processing
likely reflects that a proportional amount of sedentary time was not captured during nonwear time, and
not that nonwear time was proportionally more or less sedentary than wear time.
Accelerometer compliance in this study was much higher than what is typically observed in the
literature6,15,16,20. Three quarters of children had 7 days with ≥10 hours of wear time, and few participants
(2%) were excluded because of insufficient wear time. This is likely the result of using a 24-hour wear
protocol43, providing compensation to participants that was partially contingent on returning the
accelerometer and completing the log, and maintaining frequent contact between research staff and
participants (e.g., daily text or e-mail reminders to wear the device and complete their log). Nonetheless,
we showed that the effect of imputing accelerometer nonwear time on estimates of sedentary time, and of
associations between sedentary time and cardiometabolic risk, was related to accelerometer compliance.
Among participants who had 7 days with ≥10 hours of wear time, differences in estimates of sedentary
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time between the nonimputed and imputed datasets were precisely associated with the amount of
accelerometer nonwear time; however, this precision was considerably lower among those who had <7
days with ≥10 hours of wear time. Similarly, the difference in the estimates of association between
sedentary time and cardiometabolic risk between the imputations was much greater (over 2-fold
difference) among those participants who had <7 days (vs 7 days) with ≥10 hours of wear time. Therefore,
in studies with lower (i.e., more typical) compliance, the impact of accelerometer nonwear time on
sedentary time may be greater than that observed in the full sample of children in the current study.
In our study, children were more likely to accumulate <10 hours of wear time on days when their
school-day routine is disrupted, such as on weekend days, holidays, and during the summer school break
(but not when participating in a structured summer day camp). Sedentary time is typically higher on nonschool days than school days32, so excluding more non-school days would result in an underestimation of
sedentary time. This helps to explain why estimates of sedentary time were higher in the imputed datasets.
Moreover, children likely engage in a wider range of activities outside of their usual routine on non-school
days vs. school-days. This may explain, at least in part, why differences in estimates of sedentary time
before and after imputation were less precise on days when children had <10 hours of wear time. This is
supported by previous work from Catellier et al. (2005), who used a multiple imputation approach to
impute MET-minutes of moderate-to-vigorous physical activity21. Their imputation approach performed
better on weekdays than weekend days potentially because nonwear time was lower on weekdays and
because the correlation between activity levels on weekdays was higher than that for weekend days.
There are two implications of our research. First, we showed that imputing accelerometer nonwear
time strengthened the association between sedentary time and cardiometabolic risk, and it is possible that
the null associations frequently observed in the literature1–4 represent an under-estimation of this
association as a result of accelerometer nonwear time. Going forward, researchers should consider using
multiple imputation as a means to mitigate this potential bias. Second, studies analyzing time-constrained
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accelerometer data using compositional analysis rely on having data from a complete 24-hour day44–46.
Thus, estimates of movement behaviours (including sedentary time) are normalized to a full 24-hour day47.
Our results suggest that normalizing data to the full 24-hour day would only provide reasonably valid and
precise estimates of sedentary time among participants with excellent compliance (i.e., 7 out of 7 days with
≥10 hours of wear time). However, this would likely bias associations between sedentary time and
cardiometabolic risk towards the null, particularly for participants with lots of nonwear time. Researchers
analyzing 24-hour movement behaviour data should consider using multiple imputation to handle
accelerometer nonwear time.
One strength of this imputation approach is the wealth of information that was used to inform the
imputation, including variables related to the timing of accelerometer nonwear epochs, as well as sociodemographic, health, and self-reported sedentary behaviour information, although the latter information
had no meaningful influence on the imputation. However, this study is not without limitation. First, while
excellent accelerometer compliance is normally regarded as a strength, this resulted in a limited amount of
nonwear time in the current study. This precluded us from examining the effect of multiple imputation by
groups of participants with and without sufficient wear time (usually 4 or more days with >10 hours of wear
time) since only 2% of participants were excluded for this reason. Second, this imputation model did not
account for the multilevel nature of the data (i.e., nonwear epochs within participants). Finally, the findings
herein may not be generalizable to other populations groups (e.g., adults, younger children).

6.6 Conclusion
We applied a multiple imputation approach that relied on time-based, socio-demographic, and
health information to impute accelerometer epochs that occurred during periods of nonwear time. This
resulted in a higher estimate of sedentary time and strengthened the association between sedentary time
and cardiometabolic risk, compared with the traditional approach of deleting accelerometer nonwear time.
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These findings suggest that researchers should consider using imputation techniques rather than deleting
nonwear time when deriving estimates of sedentary time in children.
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Chapter 7
General discussion and conclusions
7.1 Overview
There is a growing interest in studying 24-hour movement behaviours, namely physical activity,
sedentary behaviour, and sleep, among children and adolescents. The overall purpose of this thesis was to
advance methodologies used to measure 24-hour movement behaviours in children and adolescents. To
this end, there were three main objectives of this thesis: 1) to develop, and apply, a novel measurement
approach that can be used to concurrently estimate the time that children and adolescents spend
participating in different types of physical activity, 2) to develop and validate a novel algorithm that can be
used to assess sleep efficiency in children and adolescents using a waist-worn Actical accelerometer, and 3)
to determine if using multiple imputation to replace accelerometer non-wear time with plausible values
influences estimates of sedentary time and the association between sedentary time and cardiometabolic
risk in children and adolescents.

7.2 Summary of key findings
Manuscript one describes the development of a methodological approach that can be used to
concurrently measure the time that children and adolescents participate in outdoor active play, active
travel, curriculum-based physical activity, and organized sport. The approach was developed using data
from sub-samples of 50 and 83 participants aged 10-13 years from the Active Play Study. The final
measurement approach uses a combination of data from an accelerometer, GPS logger, GIS, an activity log
where the start and end times of organized sport are recorded, and school schedules. Although much of
the data were collected and processed in an automated manner, some of this data needed to be cleaned
using manual steps. These steps were replicated in triplicate and there was evidence that they were done
in a reliable way. The methodological approach also relied on the development of prediction algorithms
that were primarily used when determining outdoor active play and curriculum-based physical activity. The
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algorithm developed to predict outdoor active play at the epoch-level did so with both a sensitivity and
specificity of 85% when compared with children’s reported outdoor active play as the reference. Likewise,
the sensitivity and specificity of the algorithm developed to predict curriculum-based physical activity was
78% and 92%, respectively. This measurement approach provides researchers with a new opportunity to
measure and study the time that children and adolescents spend in different types of physical activity. This
will allow researchers to evaluate the impact of interventions or policies on specific types of physical
activity, rather than overall activity at a given intensity. In addition, it has been suggested that children will
compensate for increases in physical activity within one context (i.e., curriculum-based physical activity) by
decreasing their physical activity in another context (i.e., after school period or leisure time)1; this is
referred to as the activitystat hypothesis2. The measurement approach developed in manuscript will allow
researchers to examine these specific compensation effects in children and adolescents.
In manuscript two, the methodological approach developed in manuscript one was applied to the
full sample of (n=377) children and adolescents from the Active Play Study. This paper provides descriptive
estimates of the time that children spend participating in different types of physical activity, the movement
intensity composition of these different types of physical activity, and the extent to which these types of
physical activity contribute to children’s overall movement. Notably, this paper is the first to present
population-based estimates of total daily time spent in outdoor active play, curriculum-based physical
activity, and organized sport in children and adolescents using a measurement approach that primarily
relies on objective methodologies. Overall, children accumulated 36 minutes/day of outdoor active play,
which is considerably lower than previous self-reported estimates3. This is not surprising because outdoor
active play is a highly sporadic and intermittent physical activity which may be difficult to recall.
Participants in this study accumulated 26 minutes/day (or 130 minutes/week) of curriculum-based physical
activity on average. There is little evidence available for comparison, but this is below the mandated
amount of 150 minutes/week which is consistent with the perspectives of similarly aged students4 and their
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teachers5. Participants in this study accumulated 40 minutes/day of time spent organized sport. While
there is also little evidence available for comparison for organized sport, the participation rate for
organized sport in this study was nearly identical to that observed among Canadian children (71% vs. 76%6),
as was the frequency of participation per week (2.8 times per week vs. 2.7 times per week7). Estimates of
time spent in active travel were lower than the other three types of physical activity (17 minutes/day on
average), but were consistent with previous evidence8,9. Overall, the greatest proportion of children and
adolescents’ overall light and moderate-to-vigorous intensity movement was attributed to outdoor active
play. However, the proportion of time spent at a moderate-to-vigorous intensity was the highest for active
travel, as similarly found in previous work10. These descriptive data suggest that future interventions and
policies should consider increasing children and adolescents’ time in outdoor active play and active travel
because participation is low (relative to established benchmarks3) and because the composition of
movement intensity within these types of physical activity is favourable.
Manuscript three describes the development and cross-validation of a sleep efficiency algorithm
for the waist-worn Actical accelerometer. This study used data from a sub-sample of 50 children from the
Active Play Study (a separate sub-sample from that used in manuscript 1). Children and adolescents wore
both an Actical around the waist and an Actiwatch 2 on their wrist (which is a validated field-based tool for
measuring sleep efficiency) for 7 consecutive nights. Children and adolescents were randomized post-hoc
into algorithm development and test groups. Data from the algorithm development group suggested that
an algorithm using a weighted rolling average sleep likelihood score cut-off value of 1 can be applied to
waist worn Actical accelerometer data to estimate nightly sleep efficiency. When this algorithm was applied
to data from the test group, there was a small (0.3%) mean difference between the Actiwatch 2 and Actical
sleep efficiency estimates and there was no evidence of a systematic error for the Actical estimates.
Absolute differences in weekly average sleep efficiency between the Actical and Actiwatch 2 were <10% for
over 95% of participants. These data suggest that the waist-worn Actical can be used to provide a field-
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based estimate of sleep efficiency with adequate validity in healthy 10-13 year-old children and
adolescents. This will allow researchers to use the same waist-worn accelerometer to measure children and
adolescents’ 24-hour movement behaviours, instead of using multiple devices or asking participants to
switch the wear location from the waist (during daytime) to the wrist (during nighttime).
Manuscript four describes the application of a multiple imputation approach to impute
accelerometer epochs that occurred during periods when children have removed their accelerometer
(“non-wear” periods). Typically, this non-wear time is discarded, which may result in biased estimates of
sedentary time and its associations with health indicators. The objective was to determine if using a
multiple imputation approach to re-capture this non-wear time influenced estimates of sedentary time and
the association between sedentary time and health indicators (for which there is mixed evidence in the
literature11–14). Following multiple imputation, estimates of sedentary time increased by 33 minutes/day
(5% relative increase), and the association between sedentary time and cardiometabolic risk factor Z-score
was stronger (49% change in β coefficient). These results suggest that removing non-wear accelerometer
data leads to meaningfully lower estimates of sedentary time (in minutes/day) and biases the association
between sedentary time and cardiometabolic risk towards the null. This may in part explain the null
associations frequently observed in the literature11–14. Moreover, researchers analyzing 24-hour movement
behaviour data often normalize these data to a full 24-hour day, rather than discarding this non-wear
time15. Our results suggest that this approach would only provide reasonably valid and precise estimates of
sedentary time among participants with excellent compliance, which is not typically observed in this
literature.
Collectively, this thesis research has developed and applied novel measurement and analytical tools
to overcome some of the major limitations in assessing the 24-hour movement behaviours of children and
adolescents. Researchers can now look beyond the total time spent in each of the three movement
behaviours, and can more accurately measure specific aspects of these behaviours, such as specific types of
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physical activity (as opposed to overall physical activity) or sleep quality (i.e., efficiency) while accounting
for accelerometer non-wear time.

7.3 Overall strengths of the thesis
There are several notable strengths of this thesis, the first of which is related to the specific
objective tools used to measure movement behaviour intensity, location, and indicators of cardiometabolic
risk. This included the Actical and Actiwatch 2 accelerometers and the Garmin Forerunner 220 GPS watch.
These devices were selected because they are quite small, non-invasive, and comfortable to wear
compared to other available devices, and they do not hinder normal physical activity/movement behaviour.
Another strength of the Actical and Actiwatch 2 accelerometers is that they are sensitive to movement in
all directions (they are “omni-directional”); many devices are sensitive to movement in only one (i.e.,
vertical) or three axes. In addition, the cardiometabolic risk indicators were measured objectively using
validated techniques. For example, resting heart rate and systolic blood pressure were measured using an
automated blood pressure cuff (BpTRU), which is more accurate by comparison to manual
sphygmomanometry16, the technique used in most research studies.
Second, generalizability to other groups of children and adolescents outside of the study sample
and conditions is a strength of the Active Play Study. This sample consisted of 458 children balanced across
sex, age, season, as well as Kingston’s 12 electoral districts to ensure proportional representation across
these factors as well as diversity in demographic and neighbourhood characteristics. Assuming our study
was internally valid, this would allow our results to be generalizable to other 10-13 year olds.
Third, the use of mostly objective tools in the development of novel methodological approaches for
measuring time spent in different types of physical activity, as well as sleep efficiency, is a strength of this
thesis. However, there were several manual data cleaning steps involved, such as imputing missing GPS
data. We replicated these procedures in triplicate in the sub-sample of children and adolescents from
manuscript one to ensure that excellent intra- and inter-rater reliability was observed. This approach also
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incorporates some self-reported information, such as the sleep/wake and device non-wear times that
children and adolescents recorded on the logs. These times were manually verified by the research team
with excellent intra- and inter-rater reliability. The combined use of both objective and self-report
information is a strength of this study because many studies either do not collect both types of information,
or do not use them together, despite resounding calls in this field for the use of both objective and
subjective information whenever possible17–20.
Fourth, great effort was undertaken by the research team to ensure excellent compliance to the
study protocols, including wearing the accelerometers and GPS watches as much as possible during the
monitoring periods, and completing the activity and sleep log. Participants were asked to wear the Actical
accelerometer for 24-hours/day, which has been shown to improve wear time compliance when compared
to a waking-hours only protocol21. Participants and/or their parents/guardians were also sent text messages
or emails in the morning reminding them to wear and turn on the GPS device and to complete the logs. In
addition to these strategies to increase wear time, considerable time and effort was spent cleaning missing
GPS data using standardized protocols. This hard work undertaken by the entire research team resulted in
combined accelerometer and GPS compliance that is considerably better than what has previously been
reported in the literature8,9,22–25, despite the use of accepted (and comparatively more conservative) wear
time criteria26–28. Participants in this study accumulated an average of 13.1 hours/day of combined
accelerometry and GPS data, and the overall compliance rate was 82%. In contrast, previous studies using
combined accelerometry and GPS data have observed an
average of 7 to 9.7 hours of combined data/day. These studies report compliance rates of 72-81%, but they
used less conservative criteria to define a valid day (ranging from ≥ 4 to 10 hours/day) and required fewer
days of data from participants (i.e., ≥ 1 school day and ≥ 1 non-school day, or at least 3 days)8,22,23.
Fifth, the high volume of GPS data, and low proportion of missing GPS data, is in part attributable
to the environment where there research was conducted. For instance, features of the built environment,
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such as tall buildings, “urban canyons”, and underground transportation networks, may restrict GPS signal
availability. Unlike larger cities with more developed urban designs or infrastructure, Kingston does not
have many of these features. Researchers may have to adapt the algorithms developed in this thesis to
their own unique study objectives and geographic context, but the approach outlined in manuscript one
serves as a framework to facilitate these developments.
Finally, the use of complex statistical approaches is a strength of this thesis. In manuscript two, a
two-part modeling approach was used to address the zero inflated and positively skewed nature of the
type-specific physical activity data. This is a strategy commonly used for health-care cost data, which is
similarly distributed29,30. In manuscript four, a novel multiple imputation technique was employed, which
incorporated date- and time-based information, as well as participants’ socio-demographic and health
information, to inform the replacement of accelerometer nonwear time.

7.4 Overall limitations of the thesis
7.4.1 Internal validity
Internal validity refers to how accurately a study’s results reflect what is truly happening in the
sample population, assuming that the result is not due to chance31. The prominent threats to internal
validity in this thesis include selection bias and information bias.
7.4.1.1 Selection bias
Selection bias is a type of sampling error that is introduced when there are systematic differences
between participants and non-participants that results in a sample that would provide different results
than the population of interest31. A common source of selection bias is volunteer bias, whereby those who
volunteer to participate in studies are different from those who do not volunteer. For instance, they may be
more health conscious or may have a personal interest in the area of study31. Although recruitment in the
Active Play Study was stratified to ensure proportional representation by age, sex, season, and electoral
districts in the city of Kingston, participation was voluntary. It is possible that participants knew that this
was a physical activity study prior to volunteering, and this knowledge could have resulted in a more
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physically active sample than the target population. However, the total physical activity levels and the
proportion of children and adolescents meeting Canada’s physical activity guidelines is almost identical to
nationally representative estimates32,33. In addition, the proportion of children and adolescents in the
current study who met Canada’s sedentary behaviour and sleep guidelines (24% and 75%, respectively) was
also extremely comparable to nationally representative estimates (28% and 75%, respectively)33. Moreover,
participants were not aware of our intention to examine specific types of physical activity. In addition,
participants were compensated $40 for participating, and the experience of our research team suggests
that compensation was a major driver of the desire to participate in the study. Finally, with respect to
manuscript three, participants from the sub-study were not aware of which group they would be assigned
to (algorithm development or test group) since randomization was done post-hoc.
7.4.1.2 Information Bias
Information error refers to random errors in the measurement of a variable leading to
misclassification or imprecision which may lead to a bias if these errors are made systematically31. Results
in this thesis could have been influenced by information bias. First, while waist-worn accelerometers are a
valid field-based measure of children’s physical activity34,35, these devices are most sensitive to movement
around an individual’s centre of mass. They do not accurately capture upper body movements, loadbearing activities (such as weight-lifting), cycling, or swimming. Thus, estimates of moderate-to-vigorous
physical activity may be under-estimated. The degree of underestimation would be similar to that which is
typically observed in the literature and would likely be non-differential.
Information bias could be present in manuscript one if inaccurate data were used for developing
predictive algorithms. For example, this could occur if the 50 participants included in the sub-study
disproportionately engaged in certain types of play, or played at a lower or higher intensity, compared to
the population of interest. To address this, recruitment in this sub-sample was stratified by sex, age, and
season. When we applied these algorithms to the larger sample of children from the Active Play Study in
manuscript 2, the direction, magnitude, and consistency of differences between age, sex, and season were
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generally consistent with our expectation based on the literature. This finding suggests that the potential
for information bias in the data used to develop the type-specific physical activity algorithms may have
been minimized (although not eliminated) and also supports the construct validity of this approach. In
addition, the sensitivity and specificity of the algorithms could have been better if the accelerometer was
better able to detect upper body movements, load-bearing activities, working at an incline, or cycling.
The accuracy of GPS data (i.e., missing data, GPS jitter, and GPS drift) was associated with GPS
signal availability and this may have differed across participants. For instance, participants who lived in
older limestone houses or large apartment buildings may have experienced poorer quality GPS signal
compared to other children. This is because GPS signals are impeded by physical barriers or obstacles, such
as buildings or walls, and this effect is more pronounced when the obstacle has a higher density (e.g., a wall
made of limestone) vs. a lower density (e.g., a wall made of siding, insulation, wood, and drywall). This
would only have impacted the indoor/outdoor time algorithm and subsequently the accuracy of the
outdoor active play algorithm, and would not have impacted estimates of time spent in any other type of
physical activity (or movement behaviour). To minimize the GPS error, our research team visually inspected
the GPS data and then manually cleaned obvious errors and imputed some of the missing GPS data. This
was done with excellent intra- and inter-rater agreement
“Reactivity” is another potential source of information bias when objectively measuring movement
behaviours in children and adolescents. Children are aware that they are wearing a device and being
monitored and may subsequently change their pattern of movement behaviours (i.e., they may be more
physically active than usual36). Studies that have examined this in children have demonstrated no effect of
reactivity36, or small effects (≈5% change) which subside after the first day of monitoring37. Nonetheless,
this is an important potential source of information bias and steps were taken in this study to minimize it.
First, children were instructed to maintain their normal physical activity over the course of the 7 days.
Second, the accelerometers and GPS watch did not provide any feedback (e.g., did not display step counts
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on a screen) to the participants. Third, the 7-day measurement period began the day after the visit to the
lab (at the first instance of midnight), so participants had already been wearing the devices for a day when
the study began. Data from the day that participants visited the lab was deleted, but participants were not
made aware of this. It is also important to note that a basic assumption of field-based measures of
movement behaviour is that 7 days of monitoring provides a reliable (i.e., stable) estimate of children and
adolescents’ habitual movement behaviours. Previous research has demonstrated that 7 days of
monitoring provides excellent reliability (ICC or G ≥ 0.80) of physical activity26,38,39, sedentary time39, and
sleep efficiency40. Data from the sub-sample of 50 participants from the Active Play Study that was
examined in manuscript one suggests that there is good to excellent inter-week reliability for moderate-tovigorous physical activity (ICC = 0.79), sedentary time (ICC = 0.65), and sleep efficiency (ICC = 0.76).
Information bias could have also occurred in manuscript three. While the Actiwatch 2 provides a
validated field-based measure of sleep efficiency in children and adolescents41, it is not a gold standard
measure of sleep efficiency. Thus, there is likely some error in the estimation of sleep efficiency and this
could mean that inaccurate data were used to either develop or test the sleep efficiency algorithm.
However, the use of stratified randomization in determining the algorithm development and test groups
reduces the likelihood of information bias. Ultimately, the gold standard measure of sleep efficiency (and
other sleep characteristics) is polysomnography42. This method can only be used in highly controlled
environments (e.g., sleeping in a sleep laboratory while being observed by a researcher) and is not suitable
for field-based research conducted in a person’s natural/normal environment (e.g., sleeping in their own
bedroom without being observed).
The definition and measurement of sedentary time could have contributed to information bias in
manuscript four. Sedentary behaviour is usually defined as any waking behaviour characterized by an
energy expenditure ≤1.5 METs while in a sitting or reclining posture43. However, in this thesis, sedentary
time (which is a sum of time spent in sedentary behaviours) was operationally defined as time spent at a
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low intensity movement using established accelerometer cut-offs for this behaviour35, regardless of
posture. This operational definition is consistent with that used by the majority of research in this area12,20.
However, it is possible that time spent standing (or in other non-seated or reclined postures) was
erroneously classified as sedentary time44.
Finally, the measures of cardiometabolic risk (BMI, resting heart rate, and systolic blood pressure)
used in manuscript four are not free from error (either observer or device error). Height and weight are
simple anthropometric measures to take and have very little measurement error when obtained in a
laboratory environment. In addition, we used standardized protocols to measure many of these, and other,
variables45. As previously noted, resting heart rate and systolic blood pressure were measured using the
BPTru. While this is a highly accurate device16,46, these measures were taken on one occasion and this does
not account for the day-to-day variability (i.e., measurement error) in these measures. However, there is no
reason to believe that measurement error in these anthropometric variables would be differential. It
should be noted that the assessment of cardiometabolic risk in manuscript four was limited because we did
not include blood biomarkers (e.g., insulin, HDL cholesterol, triglycerides, and C-reactive protein). While
these are frequently included in composite indexes of cardiometabolic risk in children and adolescents20, it
was not feasible to measure these in this population-based study.

7.4.2 External validity
External validity reflects whether a study’s results can be generalized to populations outside of the
sample31. With respect to manuscript one, the methods and algorithms developed may not be applicable to
other populations (e.g., younger or older children) or locations (e.g., larger urban centres with poorer
quality GPS signal). Similarly, given the vast quantity of data accumulated it may not be feasible to use this
method in other study designs or research contexts, such as in population-level surveillance or larger multisite studies. For instance, GIS data from multiple sources would be required and these data may differ in
quality or some could be outdated, which could introduce information bias. Additionally, these methods
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were developed using specific tools (e.g., Actical and Garmin Forerunner 220) and as such they may not be
generalizable to other devices. Furthermore, there were many specific decision rules and procedures used
when reducing and analyzing these data, which could limit the generalizability of these methods even when
using the same device. For instance, 15-s epochs lengths were used in the Active Play Study, and these
methods may not be generalizable to studies using longer or shorter epoch lengths. Ultimately, researchers
will need to develop and calibrate similar methods for their own unique context and purposes.
External validity is perhaps most important for manuscript two. Although the Active Play Study
used a balanced and stratified recruitment strategy, considering sex, age, season, and electoral district, we
cannot claim that this was a representative sample of children and adolescents from Kingston, or elsewhere
(e.g., all Canadian children). As previously noted, the total physical activity levels and the proportion of
children and adolescents meeting Canada’s physical activity guidelines is almost identical to nationally
representative estimates32,33. While this supports the generalizability of these findings to other 10-13 yearold children, these results may not be similar in younger children or older adolescents. Specifically, the
contribution that each type of physical activity makes to children and adolescents’ overall movement
behaviour profile likely changes as they age. For example, longitudinal data from a large sample of
Canadian children aged 6-16 suggests that the prevalence of active travel increases during childhood, peaks
during pre-adolescence, and declines through adolescence47. Evidence for this inverted U-shape
distribution in active travel participation from childhood through adolescence is corroborated by other
cross-sectional evidence10,47–54.
With respect to manuscript three, the sleep efficiency algorithm developed for the waist-worn
Actical might not be generalizable to other population groups or accelerometer devices. The use of
stratified randomization reduces the potential impact of known and unknown confounders and provides
support for the generalizability of this method to children and adolescents of similar chronological and
maturational age. However, this method may not be generalizable to younger children or older
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adolescents. Moreover, it is important to recognize that this method was developed using a specific device
and protocol (wear location, epoch length, etc.), which would not be generalizable to other devices.
Researchers using other devices (or other protocols) should consider alternatives. For example, a waistworn sleep efficiency algorithm already exists for the ActiGraph GT3X+ device55,56, which is a another
commonly used device in this field.
The generalizability of the imputation approach applied in manuscript four may be limited because
of the low amount of accelerometer non-wear time observed in the Active Play Study. It is not clear if this
approach would work equally as well in studies with more non-wear time, and this approach will need to be
replicated in other studies to determine generalizability. Estimates of sedentary time in the non-imputed
dataset (average of 599 minutes/day) were higher compared to nationally representative estimates
(average of 510 minutes/day)57. However, this may be the result of the excellent compliance observed in
the Active Play Study compared with nationally representative studies32, and not that this sample is any
more sedentary than similarly aged Canadian children. The strength of association between sedentary time
and cardiometabolic risk in the non-imputed dataset is similar to that which is frequently (though not
always) observed in the literature11–14.

7.5 Methodological contributions
This thesis research has made several noteworthy methodological contributions to the movement
behaviour field. First, manuscript one outlines a novel approach that researchers can use and adapt to
measure different types of physical activity using a combination of primarily objective tools. Self-report
tools are predominantly used to measure the frequency of, or participation in, specific types of physical
activity7,58. This is problematic because these tools do not allow researchers to quantify the total volume of
type-specific physical activities and they are subject to reporting biases59, such as recall and socialdesirability bias. This new approach will allow researchers to use mostly objective means to evaluate the
impact of interventions or policies on type-specific physical activity, and not just overall activity at a given
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intensity. It will also allow for the examination of potential compensation effects between different types of
physical activity. For instance, if children increase their curriculum-based physical activity by participating in
a school-based intervention, they may compensate for this increase by reducing their physical activity
during their leisure time. This phenomenon is consistent with evidence from experimental60 and
observational1 studies, and may explain the relatively small effect sizes observed for many physical activity
interventions in children and adolescents61. In addition, this new approach will allow researchers to refine
models of socio-environmental determinants of physical activity in children. The predictive capacity of
these models is improved when environmental measures more closely match the specific physical activity
behaviour of interest62,63. For example, neighbourhood walkability is thought to be an important
determinant of children’s physical activity levels; however, this broader association is likely driven by
associations with specific types of physical activity, such as active travel10,64.
Second, the sleep efficiency algorithm developed in manuscript three provides researchers with a
novel opportunity to consider how this construct interacts with other movement behaviours in children,
and how these interactions influence health. Researchers can now do this with one waist-worn
accelerometer, rather than using two devices (i.e., on the wrist and the waist concurrently) or asking
children to switch the wear location of the device between day and night. This should ultimately reduce the
cost of future studies because only one device (as opposed to two) will be needed and because the
improved compliance as a result of using a 24-hour wear protocol without having to switch wear locations
will reduce sample size requirements.
Third, this field has recently adopted compositional analysis as an approach for analyzing 24-hour
movement behaviour data. However, compositional analysis requires complete 24-hour data, and is thus
hindered by accelerometer non-wear time. The imputation approach initially developed by our lab group65,
and applied in manuscript four, could be used to resolve the issue of non-wear time in future compositional
analyses of children and adolescents’ movement behaviours.
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7.6 Public health contributions
The findings of this thesis have implications for public health practice. The descriptive information
provided in manuscript 2 will help guide public health interventions and policies designed to improve the
physical activity levels of children and adolescents. Results from this manuscript suggest that these future
interventions and polices should emphasize increasing time spent in outdoor active play and active travel.
There are three reasons for this. First, time spent in these two types of physical activity is low relative to
established benchmarks. For example, it is recommended that children and adolescents accumulate 2 or
more hours of outdoor active play per day3,66. In the current study, only 1% of children accumulated 2 or
more hours of outdoor active play per day on average. Second, the composition of movement intensity
within these two types of physical activity is highly favourable. For example, 59% of time spent in active
travel was at a moderate-to-vigorous intensity, and 31% was at a light intensity. Likewise, 29% and 46% of
time spent in outdoor active play was spent at a moderate-to-vigorous and light intensity, respectively. In
contrast, 24% and 32% of time spent in organized sport was spent at a moderate-to-vigorous and light
intensity, respectively. Third, opportunities for children and adolescents to engage in these types of
physical activity are more frequent compared to other types of physical activity. Both outdoor active play
and active travel are largely cost-free and can be performed by the majority of children, every day of the
week, at any time of the year. In contrast, curriculum-based physical activity can only be performed on days
when children attend school, or around 195/365 (53%) days per year. Thus, increasing time spent in these
two physical activities could be an affordable and efficient way for children to accumulate more moderateto-vigorous physical activity.
In manuscript four, we showed that the association between accelerometer-derived sedentary
time and cardiometabolic risk in children and adolescents was strengthened considerably after imputing
accelerometer non-wear time. These results suggest that accelerometer-derived sedentary time might be
more strongly associated with health indicators than we previously thought. Moreover, the results may
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help to explain why much of the evidence for this association is mixed11–14. This research provides support
for the development of interventions and policies to reduce sedentary time in children.

7.7 Directions for future research
The findings from manuscript two suggest that future interventions should consider increasing
children’s time in outdoor active play and active travel. These interventions should consider the impact of
promoting outdoor active play and active travel on other types of physical activity, as well as 24-hour
movement behaviours, by using compositional analysis or iso-temporal substitution models to examine
displacement effects. This approach has been used in one observational study of children and adolescents’
type-specific physical activity (the Active Play Study)67, but should be applied within the context of an
intervention setting to assess actual (rather than statistical) displacement effects. For instance, an
intervention that is designed to improve curriculum-based physical activity may achieve an increase in time
spent in physical activity at school, but children may compensate for this by decreasing their physical
activity during other times of day or through other types of physical activity. Ultimately, interventions that
may result in smaller displacement effects – such as providing time and opportunity for outdoor active play
– should be preferred.
Longitudinal research is needed to better understand how time spent in different types of physical
activity, as well as the relative contribution of these types of physical activity to overall movement
behaviour, changes as children and adolescents age. It is well known that overall physical activity tends to
decline from childhood into adolescence68. There is some evidence (albeit weaker) to suggest that this is
also true for specific types of physical activity, including active play69, active travel47, curriculum-based
physical activity70, and organized sport71. It would be helpful to know how, and when, declines in different
types of physical activity occur, and if changes in one type of physical activity are related to another (e.g.,
outdoor active play and active travel), in order to develop intervention strategies at potential critical time
points during adolescence. For example, one such critical time point is the transition between primary and
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secondary school, wherein the proportion of children engaging in active travel likely declines as a result of
attending a school that is further away from their home47. The challenge then is to provide children with
other opportunities – such as unstructured opportunities for outdoor active play – to ensure that overall
levels of physical activity do not decline during this transition.
Ultimately, research into children and adolescents’ 24-hour movement behaviours in still emerging,
and there is a need to better understand how these movement behaviours are related to one another.
Researchers should consider the role of different types of physical activity, which may have different interrelationships with other movement behaviours. For instance, physical activity performed outdoors with
direct sunlight exposure (e.g., through outdoor active play or active travel) may improve sleep quality
through beneficial effects on sleep-related hormonal responses, such as levels of melatonin72. Similar
effects may not observed for physical activity performed indoors. Compositional analysis is increasingly
being used to analyze 24-hour movement behaviour data, which will provide novel insights into these interrelationships. Going forward, this work should consider the role of sleep efficiency (as a measure of sleep
quality), rather than considering all time spent sleeping as being equally restorative. In addition, this work
should consider using a multiple imputation approach, similar to the one implemented in manuscript four,
to properly handle accelerometer non-wear time.
In light of the considerable research on sedentary behaviours12,73, this field has adopted a
consensus definition of sedentary time, which is time spent at a low energy expenditure while in a seated
or reclined posture73. Accelerometers only measure the energy expenditure component of this definition,
and not the postural component (which is measured using an inclinometer). Lab-based research has
demonstrated that combined accelerometers and inclinometers provide reasonable accuracy for assessing
time spent sitting vs. standing as compared to direct observation, but this measurement approach has not
been shown to be an improvement over an accelerometer-only approach74. Moreover, the evidence
supporting the ability of inclinometers to discriminate between different postures (e.g., sitting, lying,
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standing) in children and adolescents is weak75,76. Overall, the extent of misclassification of sedentary time
by not accounting for posture (especially under free-living conditions) is an unresolved issue in this field
and research on this topic is on-going.
Finally, the field of objective movement behaviour research is currently attempting to move away
from count-based approaches and regression calibrations for energy expenditure estimation and towards
characterizing activities and energy expenditure based on features extracted from raw acceleration
signals77. Research in this area is on-going, but this may provide researchers will powerful tools for
developing many new activity or movement behaviour prediction algorithms based on pattern recognition
techniques, artificial neural networks, and machine learning78. However, collecting, storing, and managing
these high-resolution data have proven quite difficult. For example, collecting raw data using the Actical
device would result 32 data points per second, or ≈19.4 million data points for each participant for a 7-day
monitoring period. As noted by John and Freedson (2013), in order to overcome the computational and
data storage demands, there is a need to collaborate with experts in other fields (e.g., mathematics,
statistics, computer science, and engineering) to find solutions to these challenges79.

7.8 Summary of PhD research experience
My PhD experience has allowed me to develop skills and knowledge in the field of epidemiology
and public health. During my first year, I completed introductory and intermediate courses in epidemiology
and biostatistics, as well as a SAS lab where I developed a solid foundation of skills in data management and
analysis. Data collection for the Active Play Study began during the first year of my PhD and I played an
instrumental role in developing data collection protocols and standard operating procedures, training staff
and students, developing an approach for merging accelerometry and GPS data, as well as data
management. I was also involved in a systematic review of the health benefits of physical activity in
children and youth. This review was part of a series of four systematic reviews that ultimately informed the
development of the world’s first 24-hour integrated movement behaviour guidelines in children.
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During my second and third years, I led two sub-studies of children and adolescents from the Active
Play Study. Using data from these sub-studies, I applied and expanded my data management and analysis
skills as I developed three novel SAS-based algorithms using various combinations of accelerometer, GPS,
GIS, and self-report information. This experience was recognized by my colleagues, and as such, I was
invited to contribute my analytical expertise to a research group studying the impact of shift work on health
behaviours in nurses. My primary role was to manage, reduce, and analyze accelerometer data from
matched-pairs of shift and non-shift workers. In addition, during this time I was afforded the opportunity to
co-supervise two undergraduate student thesis projects and to provide mentorship to several graduate
students in my lab. Through these highly rewarding and productive experiences, I co-authored 9 peerreviewed journal articles48,64,65,67,80–84 that were outside the scope of my thesis.
Throughout my PhD, I was fortunate to have many teaching opportunities. I regularly lectured in an
undergraduate epidemiology course, I co-instructed a graduate statistics course, and I served as a teaching
assistant for a variety of courses in the School of Kinesiology and Health Studies. I also learned how to
conduct advanced statistical analyses, including two-part modelling, multiple imputation, multiple
mediation, and generalized estimating equations. Finally, I was fortunate to have the opportunity to
disseminate my research findings through several peer-reviewed published journal articles85–88 and through
academic conference presentations89–92.

7.9 Conclusions
There is a growing interest in studying 24-hour movement behaviours, including physical activity,
sedentary behaviour, and sleep, in children and adolescents. The overall purpose of this thesis was to
advance methodologies used to measure these 24-hour movement behaviours. Using the novel
methodological approaches developed, and applied, in this thesis, researchers can now measure all three
movement behaviours using the same waist-worn accelerometer (alongside other tools) while accounting
for non-wear time, examining different types of physical activity, and concurrently assessing sleep
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efficiency. This opens up many new possibilities for researchers to continue to explore how 24-hour
movement behaviours are related to health in children and adolescents. This work represents an important
methodological contribution to this field, and has implications for the scientific community, public health
practice, and society as whole as we collectively strive to better understand how 24-hour movement
behaviours are associated with health and well-being in children and adolescents.
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LETTER OF INFORMATION / CONSENT FOR PARENTS/GUARDIANS

Physical Activity Levels in Kingston Children

Principal Investigator: Dr. Ian Janssen
School of Kinesiology & Health Studies, Queen’s University
Kingston, Ontario
Phone: (613)533-6000 ext. 78631
E-mail: ian.janssen@queensu.ca
Co-Investigator:

Research sponsor:

Dr. Michael McIsaac
Department of Public Health Sciences, Queen’s University
Kingston, Ontario
Phone: (613)533-6000 ext. 77460
E-mail: mcisaacm@queensu.ca

Heart and Stroke Foundation of Canada

Purpose of the study
You and your child are invited to take part in this study on children’s physical activity. Children’s physical
activity levels have declined in recent years and we hope to better understand children’s physical activity so
that we can better work to increase their physical activity levels.
The purposes of this study are:
1. To determine the amount of different types of physical activities children do such as outdoor active
play, organized sport, and active transportation (walking and biking).
2. To determine where children are when they engage in outdoor active play, organized sport, and
active transportation. Several locations will be considered including the child’s home, the homes of
relatives and friends, streets, playgrounds, wooded areas, school grounds, sports facilities, etc.
3. To determine what factors of the family, home, and neighbourhood environment predict how
much outdoor active play, organized sport, and active transportation children get.
4. To determine whether active play, organized sport, or active transportation predicts children’s
physical and mental health.
What will happen during the study?
You and your child will be asked to come to the Physical Activity Epidemiology lab at Queen’s University
(Room 501, 28 Division St) for two visits about 8-11 days apart. Each visit will last approximately 45
minutes. Your child’s physical activity will be measured over a 7 day period between the two visits.
During the first visit to the lab, details of the study will be explained to you and your child. The research
team will answer any questions that you or your child have. We will then measure your child’s standing
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height, sitting height, weight, and waist circumference. We will also measure your child’s heart rate and
blood pressure using an automated machine. These physical measurements are non-invasive and should
not cause any pain or discomfort to your child.
At the end of the first visit, your child will receive two small electronic devices that they will wear for the
next 7 days to measure their physical activity. The first electronic device is a physical activity monitor. It
will measure how much physical activity your child gets. The physical activity monitor is worn around the
hip on an elastic belt. It is very small (ie, smaller than a book of matches). However, it is not waterproof.
Your child will be asked to wear the physical activity monitor for 24/hours day for 7 days except the times
when they will be in water.
The second electronic device is a GPS logger. The GPS logger looks like a sports watch and is worn around
the wrist. This device will record your child’s geographic location about every 30 seconds. After the data
has been collected the research team will determine where your child was when they were being active.
Your child will be asked to wear the GPS logger for 7 days. They will take the GPS logger off at night so that
its battery can be charged. Please note that the research team cannot track where child is while they are
wearing this GPS logger.
During the 7 days your child’s physical activity is being measured, they will be asked to write down the
times they remove their physical activity monitor. They will also be asked to write down times they go to
bed and wake up. We will give them a diary to write down this information. Also, the research team will
contact you by phone, e-mail, or text message (whichever is your preference) every morning. This will let us
remind your child to wear the physical activity monitor and GPS logger. This will also allow you or your
child to ask us any questions that may arise.
Following the 7 days of physical activity data collection, you and your child will be asked to return to the
physical activity epidemiology lab for the 2nd and final visit. At this time, your child will be asked to return
the physical activity monitor and GPS logger. Your child will also be asked to complete a ~25 minute
questionnaire on the computer. This questionnaire will ask them about different types of physical activity
that they do, their feelings about these physical activities, other ways that they spend their time (e.g.,
watching TV, doing homework), their mental health, and some of their eating behaviours. You will also be
asked to complete a ~25 minute questionnaire on the computer. This questionnaire will ask for information
about your family, your child’s physical activity, as well as some home and neighbourhood factors that may
influence the ability of your child to be physical active.
Are there any risks to participating in the study?
It is unlikely that participating in this study will be associated with any harms or discomforts beyond those
experienced in everyday life. The physical measures that we will obtain (eg, height, blood pressure) are
routinely used in children and are not associated with any known risk or adverse effect. The devices that
your child will wear to measure their physical activity are similar to a belt and watch. These devices present
no additional risk beyond those encountered in daily life while wearing these accessories. Finally, some of
the items on the questionnaires might be deemed personal or sensitive by some people. You and your child
do not need to answer questions that you do not want to answer or that make you feel uncomfortable.
Are there any benefits to participating in the study?
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The research will not benefit you or your child directly. However, by participating in this study we hope to
learn more about the types of physical activity that children do. Ultimately, we hope that this research will
help to increase physical activity levels in children.
Payment for study participation
Compensation will be provided to you for parking ($3 for each visit to the lab). Children will be
compensated for their time with up to $40 in cash. $10 will be given to your child at the end of the first
visit to the lab. $20 will be given to your child at the beginning of the 2nd visit to the lab if they return the
physical activity monitor and GPS logger in good condition. Finally, your child will receive $10 at the end of
the 2nd visit after they complete their questionnaire. If you or your child withdraw from the study before it
is completed, your child will get to keep the money they have already received.
Confidentiality and privacy
Every effort will be made to protect (guarantee) your confidentiality and privacy. When we present the
research findings we will not include names or any information that can be used to identify you or your
child. No one other than the research team will know that you and your child participated in the study
unless you tell them. The information we obtain will be de-identified, such that you and your child will
receive a unique identification number and will be known by this number, not by name. All of the study
data will be entered into password- and firewall- protected computers in the physical activity epidemiology
lab, and will be only be available to the research team. We will keep the data here securely for several
years, but will never allow anyone other than the research team to have access to the data.
Legally Required Disclosure
Although we will protect your privacy, if legal authorities request information we may be required to reveal
it to them (e.g. cases of child abuse).
What if I change my mind about being in the study?
It is important to remember that all aspects of a research study are voluntary. Even after providing consent
you and/or your child can withdraw from the study at any time prior to when you submit your final
questionnaire responses. In cases of withdrawal, there will be no negative consequences any data you
have provided will be destroyed if you want the research team to do so.

How do I find out what was learned in this study?
We expect to have this study completed by the spring of 2017. If you would like a brief summary of the
results, please let us know in the consent form below how you would like it sent to you.
Questions about the study
Any questions about study participation may be directed to Dr. Ian Janssen with the contact information
listed at the top of this letter. Any ethical concerns about the study may be directed to the Chair of the
General Research Ethics Board at chair.GREB@queensu.ca or 613-533-6081.
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This study has been granted clearance according to the recommended principles of Canadian ethics
guidelines, and Queen's policies.
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Physical Activity Levels in Kingston Children
CONSENT FORM FOR PARENT/GUARDIAN – Participant’s copy
I have read the information presented in the information letter about “The Physical Activity and Active
Play” study being conducted by Drs. Ian Janssen and Michael McIsaac of Queen’s University. I have had the
opportunity to ask questions about my involvement, as well as my child’s involvement, and to receive
additional details that I requested. I have been adequately informed of the confidentiality and privacy
measures that will be undertaken by the research team to protect my identity and my child’s identity. I
understand that if I agree to participate, and provide consent for my child to participate, that we may
withdraw from the study at any time. I have been given a copy of this form. I agree to participate in the
study and I provide consent for my child to participate in the study.
Signature: ______________________________________
Name of adult participant (Printed) ___________________________________
Name of child participant (Printed) ___________________________________
Date: __________________________________________________
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Participant ID:


Physical Activity Levels in Kingston Children
CONSENT FORM FOR PARENT/GUARDIAN – Research Team’s Copy

I have read the information presented in the information letter about “The Physical Activity and Active
Play” study being conducted by Drs. Ian Janssen and Michael McIsaac of Queen’s University. I have had the
opportunity to ask questions about my involvement, as well as my child’s involvement, and to receive
additional details that I requested. I have been adequately informed of the confidentiality and privacy
measures that will be undertaken by the research team to protect my identity and my child’s identity. I
understand that if I agree to participate, and provide consent for my child to participate, that we may
withdraw from the study at any time. I have been given a copy of this form. I agree to participate in the
study and I provide consent for my child to participate in the study.
Signature: ______________________________________
Name of adult participant (Printed) ___________________________________
Name of child participant (Printed) ___________________________________
Date: __________________________________________________
Would you like to receive a summary of the study’s results?
Yes, I would like to receive a summary of the study’s results.
Please send them to this E-mail address: _____________________________________________
or to this mailing address:
_________________________________________
_________________________________________
No, I do not want to receive a summary of the study’s results.
Would you be willing to be contacted about a potential follow-up study, understanding that you can always
decline the request?

Yes. Please contact me by:
Phone: ________________________________________________
or E-mail: ______________________________________________
or Mail: ________________________________________________
No
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Instructions for Activity Monitor, Location Monitor, and Sleep & Activity Log
This study will measure your physical activity patterns over one week. In order to do this, we
want you to wear an Activity Monitor and a Location Monitor for the next 7 days. We are
interested in measuring your normal activity level. Please do not change your normal physical
activity levels during the study.
Picture of the Activity Monitor

Picture of the Location Monitor

Information and Instructions for the Activity Monitor and Sleep & Activity Log
An Activity Monitor is a small electronic device that records all daily activities as electronic
signals. It does not need to be turned on or off. You do not need to change the batteries or
recharge this device. Please start wearing the Activity Monitor as soon as your visit to the
laboratory is over. We want you to keep wearing it for the 7 days and nights following your visit.
The Activity Monitor should be worn as shown in the picture to the right. You should
wear it around your waist using the elastic belt we give you. It should be worn above
your right hip. The Active Monitor should be positioned so that “RESPIRONICS” is at
the top and “Actical” is at the bottom. It should be located half way between your
stomach and back. You can wear it underneath or above your clothes.
It is very important that you wear the Activity Monitor as much as possible. You
should take it off when you are having a bath or shower or when swimming since the
Activity Monitor is not waterproof. If there are times that you need to take the
Activity Monitor off, other than when having a bath or shower, we would like you to
record this on the Activity Monitor and Location Monitor Diary. This should be
recorded in the PINK columns of the diary.
We would also like you to keep the Activity Monitor on at night when you go to bed.
The Activity Monitor will measure how much you move when you are sleeping. We would like
you to record what time you wake up in the morning and what time you go to bed at night on the
Sleep, Organized Sports, and Outside Chores Diary. This should be recorded in the YELLOW
columns of the diary.
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If you participate in organized sports or programs during the study (eg, hockey, soccer, karate,
dance class), we would like you to record these sports and the times you participated in the Sleep,
Organized Sport, and Outside Chores Diary. This should be done in the GREEN columns of the
diary. Finally, if you do any chores or work outdoors during the study (eg, shovel snow, farming,
cut grass), we would like you to record what time you did this work in the BLUE columns of the
diary.
Information and Instructions for the Location Monitor
The Location Monitor is an electronic device that connects to satellites and records your location
every few seconds. We will use the Location Monitor to determine where you are when you are
being active. While you are using the Location Monitor during the study we will not know where you
are. However, after the study is over the Location Monitor will tell us where you were throughout
the week.
You will wear the Location Monitor on your wrist like a watch. You can wear it on your left or right
wrist. You can wear the Location Monitor under long sleeved clothes such as a sweatshirt or coat.
The Location Monitor runs on a rechargeable battery that lasts for
about 10 hours. We ask that you charge the Location Monitor
tonight before you go to bed. You will need to do this again every
night for the following 7 nights. Follow these 4 steps to charge the
Location Monitor:
1) Plug the USB end of the charger into the USB adapter.
2) Plug the USB adapter in a regular outlet.
3) Look at the picture to the right. Align the charge posts on the
charger with the contacts on the back of the Location Monitor.
Then press the charger until it clicks.
4) Leave it plugged in overnight to charge.
You should start wearing the Location Monitor in the morning before you leave your house. On
school days, put the Location Monitor on a few minutes before you leave for school. On weekends
and holidays, try to put the Location Monitor on at around the same time you would do on school
days. Alternatively, if you are leaving your house earlier in the day, put the Location Monitor on
before you go.
When you start wearing the Location Monitor each morning, you will need to turn its
recording function “on”. Follow these 4 steps:
1) Press the top right button on the Location Monitor. This is button  in the
picture to the right.
2) Continue pressing this button until the display on the Location Monitor looks
like the picture on the bottom right.
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3) Press this button once more and the recording function will turn “on”. A large green triangle
will appear on the display for 2 seconds immediately after the recording
function is turned “on”. Also, the numbers under “Timer” will start to count
up. Numbers may also start to appear at the top and bottom of the display
0:00
Timer
once you start to walk around.
0:0000
4) After the recording function is turned on, you can turn on the watch function
Pace
by pressing the middle button on the left hand side of the display. This is
__:__
button  shown in the picture above.
Once the recording function is “on”, do not press the top right button of the Location Monitor again.
If you do, the recording function will turn “off”. If this happens, press the top right button again to
turn it back “on”. You will know the recording function is “on” when the timer in the display is
counting up.
Let the recording function of the Location Monitor run continuously each day. The battery on the
Location Monitor will usually run out of charge after about 10 hours. Therefore, please try to recharge the battery for about 15 minutes in the late afternoon or early evening (eg, right after school,
at supper time). After you re-charge the battery for a few minutes, please put the Location Monitor
back on and turn “on” the recording function again. Right before you go to bed at night, you should
take the Location Monitor off and charge it again for the next day.

If there are times that you leave home without the Location Monitor, we would like you to record
this on the Activity Monitor and Location Monitor Diary. This should be recorded in the ORANGE
columns of the diary.
It is important that you wear the Location Monitor as much as possible when it is turned on. Since
the Location Monitor is waterproof, you can wear it when showering, bathing, or swimming. You
should not wear the Location Monitor to bed at night as you should be charging it’s battery at that
time. If you need to take the Location Monitor off when playing organized sports, please bring it with
you to where you are playing. For example, if you need to take it off to play in a basketball game,
take it off at the gym and put it back on after the game is over.
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Additional Instructions for Sleep Watch & Activity Log
Information and Instructions for Sleep Watch
The Sleep Watch is very similar to the Activity Monitor. The Sleep
Watch is a small electronic device that records movement during
sleep as electronic signals. It does not need to be turned on or off.
You do not need to change the batteries or recharge this device. It
does not make any noise or vibrate and it should not wake you up
at night. The Sleep Watch should only be worn at night when you
are sleeping.
The Sleep Watch should be worn on your non-dominant wrist. For
example, if you are right-handed, then the Sleep Watch should be
worn on your left wrist. The light sensor (blue circle) on the Sleep
Watch should be on the outside of your arm, on the opposite side
of your thumb when looking from above (see the picture to the
right).
We would also like to know some information about the time that you go to sleep and the time
that you wake up every day. Please indicate both the time that you got into bed and the time that
you turned out the lights to go to sleep on the Sleep Watch Diary. This should be recorded in the
BLUE column (Bedtime column) of the Sleep Watch Diary. Also, please indicate the time that you
woke up, the time that you turned on the lights, and the time that you got out of bed each
morning. This should be indicated in the YELLOW column (morning column) of the Sleep Watch
Diary.
Note: Starting tonight when you go to bed, you will always have a watch on throughout the next
7 days. The Sleep Watch should be worn at night and the Location Monitor should be worn
during the day. Right after you get out of bed in the morning, take off the Sleep Watch and put
on the the Location Monitor. Right before you get into bed at night, take the Location Monitor
off, put it in its charger, and put the Sleep Watch on. It doesn’t matter which wrist you wear the
Location Monitor on, but the Sleep Watch should always be worn on your non-dominant wrist
(your left wrist if you are right-handed, your right wrist if you are left-handed).
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Anthropometric Measurement Procedures
Next will be a series of body measurements. I'm going to start by measuring how tall you are.
Instructions:
- Set up the stadiometer and move the head piece near the top of the device (e.g., well above the
height of the participant).
- Make sure that all hair ties or ornaments (e.g., buns, braids, clips) have been removed
- Make sure that the participant takes their shoes off. They can keep their socks on.
Please stand with your feet together and your heels, buttocks, back, and head in contact with the
measuring device. Look straight ahead and stand as tall as possible.
Instructions:
- Always tell the participant what you are going to do before you do it.
- Ensure the participants' head is in the Frankfort plane (see Figure 1). The head is in the Frankfort
plane when the horizontal line from the ear canal to the lower border of the orbit of the eye is
parallel to the floor and perpendicular to the vertical backboard. Many people will assume this
position naturally, but for some participants the examiner may need to gently tilt the head up or
down to achieve the proper alignment.
- Instruct the participant to look straight ahead.
- Lower the stadiometer head piece so that it rests firmly on top of the participant’s head, with
sufficient pressure to compress the hair.
Figure 1

Now, stand as tall as possible, take a deep breath in, and hold it.
Instructions:
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-

Take the measurement while the breath is being held and then instruct the participant to breath
normally.
Record the standing height in centimetres to the nearest 0.1 cm.
Note that the act of taking a deep breath helps straighten the spine to yield a more consistent and
reproducible measurement. The inhalation will usually cause the head piece of the stadiometer to
rise slightly.

Next, I'd like you to sit on this stool so that I can measure how tall you are when you are sitting. Sit with
your back and head against the measuring device. Put your hands on your lap and keep your legs still.
Look straight ahead and sit up as straight as possible.
Instructions:
- Ensure the respondent's head is in the Frankfort plane.
- Ensure the respondent does not contract the gluteal muscles nor push with the legs.
Now, sit up as straight as possible, take a deep breath in, and hold it.
Instructions:
- Take the measurement while the breath is being held and then instruct the participant to breath
normally.
- Record the sitting height in centimetres to the nearest 0.1 cm.
Next I'm going to measure how much you weigh. Please empty your pockets, remove all heavy
accessories, and take your socks off.
Instructions:
- Ensure the participant has on only minimal clothing, no shoes or socks, has nothing in his/her
pockets, and has removed all heavy accessories (e.g., watch, belt, glasses).
- On the TANITA scale, press the guest> button. Age will appear on the display. Continue to press
the guest> button until you have selected the participants age. Then press the set user button.
Now an image of a male and female will appear. If the participant is a girl, press the <recall
button, if they are a boy press the guest> button. Then press the set user button. Now the height
will appear on the display. Press the <recall or guest> buttons if the participant’s height is lower
or higher than what is showing on the display. When the correct height is displayed press the set
user button.
Step onto the scale with the front and back of your feet touching the steel pads. Keep your hands at
your sides, keep still, and look straight ahead
- Record the weight in kilograms to the nearest 0.1 kg. Note that if the scale is reading in lbs, you
will have to press the units switch on the back of the scale to change to kg.
- Record the % fat to the nearest 0.1%.
Now I'm going to measure your waist circumference.
Please stand up straight, cross your arms, and place your hands on opposite shoulders.
Instruction: Demonstrate the position for them (see Figure 2). It may help to tell them that they are giving
themselves a hug.
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Figure 2

I may need to move your clothing slightly because the measurement has to be taken directly on the
skin. In order to ensure I have the correct position, I am going to feel for certain landmarks and make a
few small marks on your skin with a washable marker where the tape measure is to go.
Instructions for obtaining the landmark:
- Always tell the participant what you are going to do before you do it.
- You may need to roll up their shirt and, if necessary, lower the waistband of the pants and
underclothing to expose the iliac crest
- Mark the measurements site (see Figure 2). Stand on the participant’s right side. Palpate the hip
area to locate the right ilium of the pelvis. With the cosmetic pencil draw a horizontal line just
above the uppermost lateral border of the right ilium. Cross this mark at the midaxillary line,
which extends from the armpit down the side of the torso.
Instructions for taking the measurements:
- Extend the measuring tape around the waist.
- Position the tape in a horizontal plane at the level of the measurement mark (see Figure 3) on the
right side of the body.
- Check that the tape sits parallel to the floor.
- Always position the zero end of the tape below the section containing the measurement value.
- Pull the tape measure so that the calibration mark on the tensing mechanism is just seen (See
Figure 4).
- Take the measurement to the nearest 0.1 cm at the end of the participant’s normal expiration.
- Repeat waist circumference measurement. If the first and second measures are not within 0.5 cm,
obtain a third measurement.
- Use a wipe to wash off all marks on the participant's skin
Figure 3
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Figure 4
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Blood Pressure and Pulse Measurement Procedures
“Now I will take your blood pressure and heart rate using an automated blood pressure cuff. During
this test you will need to sit up straight with your feet flat on the floor, your back against the back rest
of the chair, and your right arm on the arm of the chair.”
Instructions:
- Turn the BPTru on. The on/off switch is on the top right hand corner on the back of the unit
- The BpTRU cycle should be at 1 (for 1-minute interval blood pressure readings). If it is not, press the
<Cycle> button until 1 is shown on the display.
- Select the appropriate cuff size by using the range indicated on the inside of the cuff (e.g., child =
arm circumference 13-18 cm, small adult = arm circumference 18-26 cm, regular adult = arm
circumference 26-34 cm). The child cuff will be appropriate for most participants.
- Apply the cuff on the respondent's right arm as shown in Figure 1.
- Turn the chair the participant is sitting in so that they are facing the wall and will not see you when
the test is happening.
- Set the arm height of the chair so that the participant’s arm is posited appropriately (Figure 2)
- Ensure respondent is in the correct position (see Figure 2) with their palm down, feet flat, arm and
back rested, relaxed).
- Ensure that the BpTRU is turned so that the display is facing away from the participant and in a
direction where you will be able to see the display while the test is happening.
Figure 1
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Figure 2

“During the test the cuff will fill with air and it will squeeze your arm a little. It will do this 6 times about
one minute apart. During the test you cannot talk. You need to sit really still and keep both feet flat on
the floor. You should stay relaxed to ensure we get good results.”
“Before we start the test, I will leave you alone to sit and relax for 5 minutes. I will then come back to
start the machine. I will stay in the room while the test is happening. It is very important that you don’t
move and that we don't talk until the test is done.”
“Do you have any questions before we begin?”
Instructions:
- Answer any questions as thoroughly as possible.
- Start the stopwatch and leave the participant alone in the room with the door closed for 5
minutes.
- After the 5-minute rest period, return to the room and press the <Start> button on the BpTRU.
- Sit or stand in an area where the participant cannot see you and where you can see the display on
the BPTru.
- Stay in the room and record the results (systolic blood pressure, diastolic blood pressure, and
pulse) as they are obtained. Note that if a reading is missed you can hit the <Review> button after
the test is complete to cycle through the 6 readings.
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Data Cleaning Guidelines: Sleep Times
Before You Start: Things to Keep in Mind
Sleep time refers to the duration someone sleeps at night. In the Active Play Study participants wore their
accelerometer during both waking hours and sleep time, and it is important that we accurately distinguish
between the two before we process the accelerometer data. To help us with this, participants were asked
to record the time that they went to bed each night and the time they got up in the morning. The objective
of the data cleaning outlined in this protocol is to correct errors in the recorded sleep times (e.g., the
participant recorded that they went to bed at 9:30 p.m. but they actually went to bed at 10:00 p.m.).
Sleep time is recognizable in the Actical accelerometer data by a period of several hours of little or no
movement with accelerometer counts at or close to zero. Because people move when they sleep (e.g., roll
over in bed), there will be brief bursts of lower intensity movement during sleep time that are intermixed
within long periods with no movement. Sleep time is generally preceded and followed by at least a few
minutes of movement. For example, getting ready for bed (e.g., brushing teeth, going to the bathroom,
walking to bedroom, changing clothes) will be recorded as light intensity movement by the accelerometer.
In combination with the sleep diaries, this predictable movement pattern will help us determine exact
sleeping times for study participants.
When you work on the time verification and correction, commit to verify and correct full days of all
recorded sleep times, organized sport times, and non-wear times of a participant. Do Not stop in the
middle of a day of a participant.
Sleep Time Verification
1. Enter your name on the sleep time tracking sheet pinned on the bulletin board in Room 501G
every time after you start verifying the sleep time for a new participant. Select the next participant
on the tracking sheet that has not been started by another researcher. Write down your name in
the “Researcher Name” column on the tracking sheet.
2. Obtain the photocopied Sleep and Activity Diary of the Participant ID you wish to verify sleep time
for. The photocopied Sleep and Activity diaries are located in the middle filing cabinets in Room
501G. Sleep times include get-up times and bed times.
3. Ensure that you have a coloured pen to make changes on the photocopied diary. All edits should
be made on the photocopy and not on the original diary used by the participant.
4. Open the Actical software and Actical accelerometer file.
a) Open the Actical 3.10 software.
b) Click File, then click Open…
c) Select and open the .AWC file of the participant ID you are verifying. These files can be found
in the following directory: Epi-Server → EPI lab → Actical. For example, for participant 147,
open the 0147.AWC file in the Epi-Server → EPI lab → Actical directory.
d) Click Tools, then click Actogram
▪ A new screen containing several activity graphs will appear
e) At the top of the screen above the activity graphs, ensure the Identity is the participant ID you
are verifying.
f) Adjust the Scale value on the left hand side of the actogram to 1500.
▪ This will change the scale on each y-axis to show a maximum value of 1500, making it
easier to observe low-intensity movements around the wake-up and sleep times
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5. Determine the correct Day 1 date of the participant you are verifying.
a) Open the Database Access file located in the Epi-Server → EPI lab → Database folder.
b) Double click and open the Visit #1 table
c) In column two, search for the Date of Visit of the participant ID you are verifying. This date + 1
will be the Day 1 date.
6. Verify Get-up Time:
a) On the actogram, double click on the activity graph corresponding to the Day 1 date. You will
now see an Expanded Actogram for Day 1. An example actogram is shown below in Figure 1.
b) Ensure the date on the Expanded Actogram is the Day 1 date (see A on Figure 1).
c) Adjust the Display Center time using the left and right arrows (see B on Figure 1) to match the
get-up time recorded for Day 1 on the photocopied diary (i.e., A on Figure 1 matches C on
Figure 2).
Figure 1.

A
B
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Figure 2.

C
d) Check to see if the get-up time that was recorded in the diary is accurate to within one minute
of the time registered on the Actical accelerometer. In general, you are looking for the start
point of continual movements that occurs around the get-up time that was recorded on the
diary. These continual movement will indicate that the participant got up and started their day.
Keep in mind that the pattern of movements that occurred during the sleep period can
help to determine whether the low intensity movements observed close to the recorded get-up
times are part of the sleep period or indicate the participant has gotten up. Also, it may be
useful to consider the get-up times recorded for the rest of the week. Children often have very
similar get-up times on school days and on the weekend.
e) You are asked to determine a reasonable get-up time for Day 8 (the day following the last day
of study participation) based on your experience for the participant you are verifying times for.
f) If there is any day when the participant clearly did not wear the activity monitor to sleep,
there are 2 options for this step.
Option 1 - you will not change the recorded get-up time if this time is within the non-wear
period, as there is no evidence suggesting the recorded get-up time is wrong. Additionally, if
the period from the recorded get-up time to the time when the first movement is seen on the
Actogram is no longer than 20 minutes, please indicate this period in the non-wear period
section. For example, if the recorded get-up time is 6:30 a.m., and the first movement is
observed at 6:45 a.m., make sure that you write down 6:30 a.m. to 6:45 a.m. as a non-wear
period. If this period is greater than 20 minutes, you do not need to indicate it on the non-wear
period section.
Option 2 - if the recorded get-up time is outside the non-wear period, please change the get-up
time to the point where first movement is seen. For example, if the data shows that the
participant did not put the activity monitor back on until 6:30 a.m., but the participant
indicated the get-up time for that morning was 6:45 a.m., please change the get-up time to
6:30 a.m., as the participant has to be awake to put the monitor back on.
Three illustrative examples for verifying get-up times can be found in Examples 1-3 on pages
7-8.
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g) There are 2 options for this step. Option 1 - If you determine that the recorded get-up time
was accurate to the nearest minute, place a checkmark beside the get-up time on the
photocopied diary. Option 2 - If you determine that the recorded get-up time is different from
what is recorded on the diary, use a coloured pen to write the corrected time underneath the
original time on the photocopied diary. Please always write down the words Day 8 in the white
space at the bottom of the diary and aligned with the Column for days. Then put down the Day
8 get-up time you determined beside it.
Note: if you are not sure of the times you have corrected, make a note of this in the “Issues
occurred?” column of the tracking sheet. Please get a second opinion (ideally from Chao,
Mike, or Emily) on this issue. The data should not be entered into database (Step 10) until the
issue has been resolved.
7. Verify Bed Time:
Figure 3.

D
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Figure 4.

E
a) Adjust the Display Center time using the right arrow to match the bed time recorded for Day 1
on the photocopied diary (i.e. D on Figure 3 matches E on Figure 4).
b) Check to see if the bed time that was recorded in the diary is accurate to within one minute of
the time registered on the Actical accelerometer. Please keep in mind that we cannot
determine the exact time when the participant fell asleep, so we are looking for the time they
turned off the lights to go to sleep. Thus, if there is some low-intensity movement after the
recorded bed time, we would consider the recorded bed time as accurate. Such low-intensity
movements might indicate that the participant was trying to fall asleep (eg, tossing and turning
in bed). However, if there is any movement or epoch after the recorded bed time above 375
counts on the y-axis of the actogram, this would typically indicate that the participant was still
out of bed doing some moderate intensity movements. During this step it may be useful to
consider the bed times recorded for the rest of the days. Children often have the same
bedtime on school nights, for example.
c) If there is any day when the participant clearly did not wear the activity monitor to sleep,
there are 2 options for this step.
Option 1 - you will not change the recorded bed time if this time is within the non-wear period,
as there is no evidence suggesting the recorded bed time is wrong. Additionally, if the period
from the time when the last movement is seen on the Actogram to the recorded bed time is no
longer than 20 minutes, please indicate this period in the non-wear period section. For
example, if the last movement is observed at 9:45 p.m., and the recorded bed time is 10 p.m.,
make sure that you write down 9:45 p.m. to 10 p.m. as a non-wear period. If this period is
greater than 20 minutes, you do not need to indicate it on the non-wear period section.
Option 2 - if the recorded bed time is outside the non-wear period, please change the bed time
to the point where last movement is seen. For example, if the data shows that the participant
did not take off the activity monitor until 10 p.m., but the participant indicated the bed time for
that night was 9:45 p.m., please change the get-up time to 10 p.m., as the participant has to be
awake to take off the activity monitor.
Three illustrative examples for verifying bed times can be found in Examples 4-8 on pages 8-9.
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d) There are 2 options for this step. Option 1 - If you determined that the recorded sleep time
was accurate, place a checkmark beside the sleep time on the photocopied diary. Option 2 - If
you determine that the recorded sleep time is different from what was recorded on the diary,
use a coloured pen to write the corrected time underneath the original time on the
photocopied diary.
Note: if you are not sure of the times you have corrected, make a note of this in the “Issues
occurred?” column of the tracking sheet. Please get a second opinion (ideally from Chao,
Mike, or Emily) on this issue. The data should not be entered into database (Step 10) until the
issue has been resolved.
8. Repeat the Sleep Time Data Verification Process. The processes that were explained in Steps 6
and 7 for Day 1 should be repeated for Day 2 through Day 7 for the same participant ID.
9. Indicate that all Sleep Times has been verified and corrected on the data cleaning tracking sheet
pinned on the bulletin board in Room 501G. Every time you have completed all the sleep time,
organized sports time, and non-wear time verification and correction for a same day of a
participant’s, put a check mark in the corresponding day in the “All 7 days verified & corrected?”
column. The next time you start working on the data verification you should pick-up where you
left off with this participant.
10. Enter Corrected Sleep Time Information into Database
a. All of the sleep time information for all 7 days plus the Day 8 get-up time for the participant
ID, including data on the diary that was accurate and data that was corrected, should be
entered in the electronic study database. This should be entered in the “Sleep and Activity
Diary Day [1-7] – Cleaned” table in the Database-Cleaned Access file located in the EpiServer → EPI Lab→ Database folder.
b. Enter your name in the Researcher Name column beside the participant ID in the Database
– Cleaned Access file.
11. Indicate that all verified and corrected data on the data cleaning tracking sheet pinned on the
bulletin board in Room 501G. Every time you have entered all the verified and corrected sleep times,
organized sports times, and non-wear times for a same day of a participant, put a check mark in the
corresponding day in the “All data entered into database?” column. The next time you start working
on the data entry you should pick-up where you left off with this participant.

245

Example 1:

The participant recorded 8:53 a.m. as their get-up time. However, the start point of the continual
movements can be observed at 7:25 a.m. where the green arrow is pointing. Looking through this
participant’s sleep (eg, prior to 7:25), there are no similar movement patterns. Thus, we would change the
get-up time of this day to 7:25 a.m. after zooming in the Display With to determine the exact minute.
Example 2:

The recorded get-up time for this actogram is 6:45 a.m., which looks accurate. Using the Display Width to
zoom in, you observed that 6:45 a.m. is the closest minute. Thus, you will not change the get-up time for
this day.
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Example 3:

The participant put down 7 a.m. as their get-up time. However, continuous movement starts at 6:44 a.m.,
as noted by the green arrow. The intermittent movements around 6 a.m. and 6:15 a.m., are similar to what
can be seen for this participant throughout the night, such as around 5:10 a.m. Thus, the get-up time
would be corrected to 6:44 a.m. on this day.
Example 4:
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The recorded bed time is 11 p.m. for this day. 11 p.m. appears to make sense as there is some movement in
the half hour proceeding and a long string of 0 counts after. In this case, the recorded bed time would not
be changed.
Example 5:

11 p.m. was recorded as the bed time, but light to moderate intensity movements are detected well after
11 p.m. Thus, when zoomed in, 11:27p.m. (see the green arrow) will be considered as the more accurate
bed time and the diary would be corrected to this time.
Example 6:
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The participant put down 11 p.m. as their bed time, which appears incorrect. By checking the actograms of
some other bed times of this participant, you observe a similar shape of movements (circled in green) As a
result, we will move this participant’s bed tie to the time shown by the green arrow (22:05).
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Appendix K:
Organized sport time cleaning protocol
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Data Cleaning Guidelines: Organized Sport Times
Before You Start: Things to Keep in Mind
Organized sports are usually strictly scheduled, hence the name “organized” sports. Start and end times are
usually set to the hour, or ten or fifteen minutes of the hour (ie. 9:00, 9:10, 9:15, 9:20, 9:30, 9:40, 9:45, 9:50)
due to coaching/referee/field/rink booking times. Therefore, if a participant recorded that they have a soccer
game every other day from 6:00 – 7:00 pm, it is likely that they start exactly at 6:00 and end exactly at 7:00,
give or take a few minutes. This is unless it is very clear that they deviated from this time, potentially due to
factors such as weather conditions, coach/ref arrival times, or overtime. For this reason, it is unlikely that
many of the organized sport times will change throughout the verification process. Only obvious oversights
and abnormalities will need to be corrected.
When verifying organized sport times, keep in mind the nature of the activity and think about how that
activity’s movement would be picked up by the accelerometer. For example, a basketball game usually
involves high intensity stop and go movement, so there may be clusters of high intensity movement
separated by shorter periods of lower intensity movement/no movement. On the other hand, a hockey game
usually involves continuous skating. Since the accelerometers tend to record skating as lower intensity
movement, you might see continuous low intensity movement for that game time period.
Organized Sport Time Verification
12. Ensure that the Sleep Time Verification has been done for the participant in question before
proceeding to step 2.
13. Obtain the photocopied Sleep and Activity Diary of the Participant ID you wish to verify non-wear
times for. The photocopied Sleep and Activity Diaries are located in the middle filing cabinets within
room 501G.
14. Ensure that you have a coloured pen to make changes on the photocopied diary. All edits should be
made on the photocopy and not on the original diary used by the participant.
15. Open the Actical 3.10 software on the desktop.
g) Click File, then click Open…
h) Select and open the .AWC file of the participant ID you are verifying.
i) Click Tools, then click Actogram
▪ A new screen containing several activity graphs will appear
j) At the top of the screen above the activity graphs, ensure the Identity is the participant ID
you are verifying.
k) Adjust the Scale value on the left hand side of the actogram to 1500.
▪ This will change the scale on each y-axis to show a maximum value of 1500, making it
easier to observe low-intensity movements
16. Determine the correct Day 1 date of the participant you are verifying.
d) Open the Database Access file located in the Epi-Server → EPI Lab→ Database folder.
e) Double click and open the Visit #1 table
f) In column two, search for the Date of Visit of the participant ID you are verifying. This date
+ 1 will be the Day 1 date
17. Verify organized sport start time:
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a. Identify the first day that organized sport time was recorded. This information will be written
in the green columns – “if you participated in organized sports or programs, what time did
they start or stop?”
b. Using the Day 1 date as reference, refer to the Actogram and double click the activity graph
corresponding to that date. You will see an Expanded Actogram. An example Actogram is
shown in Figure 1 below.
c. Ensure the date on the Expanded Actogram is the correct date of the activity (See A on Figure
1 below).
d. Adjust the Display Center (see B on Figure 1 below) to match the first recorded organized
sport start time, and adjust the Display Width (see C on Figure 1 below) so that the time
range on the x-axis is 1 hour.
e. There are 2 possible outcomes at this point:
i. If movement is present on the Actogram for the duration of the recorded activity,
then we will assume what the participant recorded on the log is correct. Indicate
these activity times have been verified and are correct, by placing a check mark
beside the start time on the photocopied log. If there is movement, it is unlikely this
time will need to be changed as we cannot be sure that what we are seeing on the
Actogram is, or is not, organized sport.
ii. If movement is missing on the Actogram for the duration of recorded sport time
(there are a series of consecutive zero counts), the participant may have removed
the device. Refer to the pink columns of the log (“If you took the activity monitor
off, what time did you take it off and put it back on at?”) to ensure the non-wear
time is documented there. If it is not, write it in. Remember that organized sports
are not composed entirely of vigorous activity, and that some sedentary activity
might be registered by the Actical. If this is the case, do not indicate this in the nonwear column. We only want to record times where it is obvious the device has been
removed (20+ minutes of zero counts).
Figure 1.

18. Verify Organized Sport end time:
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a. Using the same organized sport period that was used in Step 6, scroll forward in time using
the Display Centre tool, until you reach the end time of the sport period. There will be two
options:
i. If movement is present around this end time, we will assume the recorded time is
correct. If this is the case, indicate that the end time has been verified, and is correct,
by placing a check mark next to the recorded end time on the photocopied log.
ii. In certain situations, you will see a repeated pattern of movement throughout the
recorded activity, and this pattern may extend beyond the end time. In this case, it
may be tempting to extend the end time of the recorded activity. Keep in mind,
however, that these movements may be attributable to things like playing after
practice – we cannot be sure that the participant was incorrect. If this pattern
extends only slightly beyond the recorded end time, then assume the end time is
correct and place a check mark beside the recorded end time on the photocopied
log. If this pattern of movement extends far beyond the end time (i.e., an hour or
more) then more investigation may be required. If this is the case, please let Emily,
Mike or Chao know and they will make any adjustments needed.
Three illustrative examples for verifying get-up times can be found in Examples 1-3 on pages 5-7.
19. Repeat Steps 6-7 for the remaining organized times recorded in the diary. Ensure each start/end time
has been verified before moving onto another participant.
Note: if you are not sure of the times you have corrected, make a note of this in the “Issues
occurred?” column of the tracking sheet. Please get a second opinion (ideally from Chao, Mike, or
Emily) on this issue. The data should not be entered into database (Step 9) until the issue has been
resolved.
20. Indicate that all Organized Sports Times has been verified and corrected on the data cleaning tracking
sheet pinned on the bulletin board in Room 501G. Every time you have completed all the sleep time,
organized sports time, and non-wear time verification and correction for a same day of a participant’s,
put a check mark in the corresponding day in the “All 7 days verified & corrected?” column. The next
time you start working on the data verification you should pick-up where you left off with this
participant.
21. Enter Corrected Organized Sport Information into Database
a) All of the organized sports time information for all 7 days for the participant ID, including data
on the diary that was accurate and data that was corrected, should be entered in the electronic
study database. This should be entered in the “Sleep and Activity Diary Day [1-7] – Cleaned”
table in the Database-Cleaned Access file located in the Epi-Server → EPI Lab→ Database
folder.
b) Enter your name in the Researcher Name column beside the participant ID in the Database –
Cleaned Access file.
22. Indicate that all verified and corrected data on the data cleaning tracking sheet pinned on the bulletin
board in Room 501G. Every time you have entered all the verified and corrected sleep times, organized
sports times, and non-wear times for a same day of a participant, put a check mark in the corresponding
day in the “All data entered into database?” column. The next time you start working on the data entry
you should pick-up where you left off with this participant.
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Example 1: Organized Sport Non-Wear Time

This participant indicated playing hockey from 15:00-16:00. It is clear from the consecutive zero counts of
activity, however, that the device was removed (see “Data Cleaning Guidelines: Non-Wear Times” for more
information about non-wear periods). In this case, we would keep the organized sport start/end times, and
refer to the pink column (“If you took the Activity Monitor off, what time did you take it off and put it back
on at?”) to ensure this non-wear time has been indicated there. If it has not, write it in the photocopied
Activity Log. This new non-wear period will be verified when all the non-wear times are verified.
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Example 2: Hockey

Figure 3. Organized sport – hockey example

This participant recorded their hockey time as 17:00 – 17:50. As seen in Figure 3 above, the start time appears
fairly accurate. Although there seems to be a very brief break in activity at 17:50, it is followed by similar
movement patterns (to hockey) from around 17:50 – 18:10. It therefore appears that the end time is too
early by about 20 minutes, however we would not change the end time.
▪ Since hockey practice and game times are governed by strict ice-rink/referee booking times, these
times often do not deviate from scheduled times. For example, if the game was scheduled for 17:0017:50, they should start exactly at 17:00 and end exactly at 17:50, give or take a few minutes.
Therefore, you would not change the end time to extend 20 minutes, as it cannot be confirmed that
those 20 minutes are in fact extended hockey time, even if it looks similar. It could represent skating
around on the ice or putting away equipment after the practice or game.
▪ Note the strings of consecutive 0’s or very low intensity movement that were recorded several times
in this 50 minute basketball period. These likely reflect times that the child was not playing and
moving, such as time spend sitting on the bench during a game or instruction time during a practice
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Example 3: Fencing

Figure 4. Organized sport – fencing example

This participant recorded their fencing time as 18:30 – 19:30. As seen in figure 4 above, there seems to be a
significant period of time after 19:30, extending to around 20:30 that exhibits a similar activity pattern to
that seen during fencing. Although the long length of time showing this similar fencing activity pattern
continued outside of the recorded fencing end time, it would not be reasonable to change the end time to
20:30. Having the end time mistaken by an hour is quite substantial – it would be more reasonable to assume
this movement is due to play time after practice, either at the fencing club or at home.
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Appendix L:
Accelerometer non-wear time cleaning protocol
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Data Cleaning Guidelines: Non-Wear Times
Before You Start: Things to Keep in Mind
Non-wear time refers to a period of time where the participant removed and was not wearing their
accelerometer. This could have been done for a variety of reasons such as when participating in water or
contact sports, or for comfort or looks. In the Active Play Study, children were asked to wear their
accelerometer as much as possible and to record those times when they removed their accelerometer. The
objectives of the data cleaning for the recorded non-wear times are to correct slight errors in the recorded
non-wear times (e.g., the participant recorded that they removed their accelerometer at 9:30 but they
actually removed it at 9:35), and to correct obvious instances where the participant recorded that their
accelerometer was removed when it was clearly not.
Non-wear time is recognizable in the accelerometer data by a series of consecutive zero counts over several
minutes. However, sometimes brief spurts of artefactual movement will be recorded during non-wear
periods. Artefactual movement is attributable to extraneous factors. For example, if the accelerometer was
placed on a table and the table moved or vibrated as somebody walked by it, or if the accelerometer was
placed in a backpack and the backpack is moved. As a general rule of thumb, artefactual movement will be
2 minutes or less in duration and the accelerometer count values on the y-axis of the Actogram will be 25 or
less (i.e., 25 counts per 15 second epoch).
Non-Wear Time Verification
23. Ensure that the Sleep Time Verification and the Organized Sport Time Verification have been done
for the participant in question before proceeding to step 2.
24. Obtain the photocopied Sleep and Activity Diary of the Participant ID you wish to verify non-wear
times for. The photocopied Sleep and Activity Diaries are located in the middle filing cabinets within
room 501G.
25. Ensure that you have a coloured pen to make changes on the photocopied diary. All edits should be
made on the photocopy and not on the original diary used by the participant.
26. Open the Actical 3.10 software and Actical accelerometer file.
l) Click File, then click Open…
m) Select and open the .AWC file of the participant ID you are verifying.
n) Click Tools, then click Actogram
▪ A new screen containing several activity graphs will appear
o) At the top of the screen above the activity graphs, ensure the Identity is the participant ID
you are verifying.
p) Adjust the Scale value on the left hand side of the actogram to 1500.
▪ This will change the scale on each y-axis to show a maximum value of 1500, making it
easier to observe low-intensity movements
27. Determine the correct Day 1 date of the participant you are verifying.
g) Open the Database Access file located in the Epi-Server → EPI Lab → Database folder.
h) Double click and open the Visit #1 table
i) In column two, search for the Date of Visit of the participant ID you are verifying. This date
+ 1 will be the Day 1 date.
28. Verify non-wear start time to nearest minute:
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a. Identify the first day that non-wear time was recorded. This information will be written in
the pink column of the diary under the header “If you took the activity monitor off, what
time did you take it off and put it back on at?”.
b. Using the Day 1 date as reference, refer to the actogram and double click the activity graph
corresponding to that date. You will see an Expanded Actogram. An example Actogram is
shown in Figure 1 below.
c. Ensure the date on the Expanded Actogram is the correct date of the activity (See A on Figure
1 below).
d. Adjust the Display Center (see B on Figure 1 above) to center the graph around the start time,
and adjust the Display Width (see C on Figure 1 above) so that the time range on the x-axis
is ~15 minutes. This will allow you to zoom in close enough to differentiate each epoch.
e. Correct the non-wear start time to be accurate to within one minute of the movement
registered on the Actical accelerometer. We will be rounding up to the nearest minute of
zero counts. There are three possible scenarios at this point:
i. If the recorded start time in the diary was accurate to the nearest minute, indicate
that the recorded non-wear time was correct by placing a checkmark beside the start
time on the photocopied diary (see Example 1).
ii. If the recorded non-wear time was inaccurate, correct the time on the photocopied
log by rounding to the nearest minute of inactivity. For example, if movement is
recorded during the first epoch of 9:30, we would round up to 9:31 (see Example 2).
iii. If the participant recorded that they had removed their accelerometer, but had
clearly not done so, cross out the recorded start and end times on the diary and add
note ‘accelerometer not removed’ (see Example 4).
Figure 1.
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Four illustrative examples for verifying non-wear start time can be found in Examples 1-4 on pages 47.
29. Repeat Steps 8-9 to verify the non-wear end time that was recorded in the diary. Note that here we will
be rounding down to the nearest minute. Therefore, if movement was recorded during the last epoch of
9:30, we would down to 9:30 (note: this is different than the start time, where we would have rounded
up to 9:31).

An illustrative example for verifying non-wear end time can be found in Example 5 on page 8.
30. Repeat Steps 6-7 for the remaining non-wear times recorded in the diary. Ensure each period has been
verified before moving onto another participant.

Note: if you are not sure of the times you have corrected, make a note of this in the “Issues
occurred?” column of the tracking sheet. Please get a second opinion (ideally from Chao, Mike, or
Emily) on this issue. The data should not be entered into database (Step 9) until the issue has been
resolved.

31. Indicate that all Non-Wear Times has been verified and corrected on the data cleaning tracking sheet
pinned on the bulletin board in Room 501G. Every time you have completed all the sleep time, organized
sports time, and non-wear time verification and correction for a same day of a participant’s, put a check
mark in the corresponding day in the “All 7 days verified & corrected?” column. The next time you start
working on the data verification you should pick-up where you left off with this participant.

32. Enter Corrected Non-Wear times information into Database
c) All of the non-wear time information for all 7 days for the participant ID, including data on the
diary that was accurate and data that was corrected, should be entered in the electronic study
database. This should be entered in the “Sleep and Activity Diary Day [1-7] – Cleaned” table in
the Database-Cleaned Access file located in the Epi-Server → EPI Lab→ Database folder.
d) Enter your name in the Researcher Name column beside the participant ID in the Database –
Cleaned Access file.

33. Indicate that all verified and corrected data on the data cleaning tracking sheet pinned on the bulletin
board in Room 501G. Every time you have entered all the verified and corrected sleep times, organized
sports times, and non-wear times for a same day of a participant, put a check mark in the corresponding
day in the “All data entered into database?” column. The next time you start working on the data entry
you should pick-up where you left off with this participant.

260

Example 1: No Correction Required

Non-wear time is identifiable on an Actogram from zero counts of activity, therefore we are looking to
correct each non-wear period to begin after last epoch of movement. In this example, the participant
indicated removing the device at 18:42, and the Actogram registers the last epoch of movement was just
after 18:41. Since we are rounding up to the nearest minute, the recorded time would therefore be
accurate (see green arrow). In this case, we would indicate the non-wear period has been verified, and is
correct, by placing a checkmark beside the start time on the photocopied activity log.
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Example 2: Slight Corrections Required

This participant indicated removing the device at 19:30. From the Actogram, however, it is clear that the
last movement occurred just prior to 19:28 (see green arrow). We would therefore correct the start time
on the photocopied log to read 19:28.
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Example 3: Artefactual Movement

In many scenarios, the consecutive zero counts of activity are interrupted by artefactul movement –
movement attributable to extraneous factors, such as the vibrations of a table as someone walks past, or
moving a bag the device is stored in. This movement will be low intensity, and has a duration shorter then 2
minutes (see blue arrow). We will ignore this movement – do not alter start times to begin after them. In this
case, simply adjust the start time (if need be) as was done in Example 2.
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Example 4: Falsely Indicated Non-Wear Time

In this example, the participant indicated removing their device at 9:00, however from the Actogram we can
see that the device was clearly still being worn. In this case, we would use the Display Centre to scroll forward
until the end time, which would result in two possible outcomes:
1. Correct the recorded start time – some participants may have greatly mistaken the start of
their non-wear time (as compared with Example 2, where only a small correction is required).
If it is clear the device has been removed but the recorded time is mistaken, correct the start
time as was done in Example 2.
2. Erase the recorded non-wear time – some participants may have recorded removing their
device, but accidently recorded it on the wrong day/time, meant to record in the organized
sports column, etc. In this case, there will be movement registered throughout the entire
recorded non-wear period. We will therefore cross off the recorded time on the photocopied
log and write ‘accelerometer not removed’.
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Example 5: End Time Verification

This participant recorded the end time at 14:30. As we do not see any movement until the last epoch of
14:33, however, we would correct the end time by rounding down to the nearest minute. In this case, we
would correct the end time to read 14:33.
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Appendix M:
PALMS protocol for merging Actical and GPS data
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Instructions for Merging Accelerometer and GPS data in PALMS
Steps for the Active Play sub-study:
1. Login to PALMS:
IE browser Website: https://palms.ucsd.edu:8443/PALMS/
Username: p_mborghes
Password: mb@PLMS149
2. Select the Study tab
Select the “Active Play Study”
3. Select Participants tab, and Select “Add participant”
-Enter the participant ID
-Select “completed” for status
-Ensure that time zone is “GMT -5:00 Eastern Time (US and Canada)”
-Click save
4. Under the Actions heading, select “Import dataset” OR select Datasets tab.
5. Select the participant ID and device type for data (.AWC for Actical or .GPX for GPS), select import
dataset, choose dataset and upload. Each .GPX file must be added individually.
6. Select the Datasets tab, select the participant ID and click “search”. Verify that the number of
samples is >0 and that the status is “available”. *Note, if the # of sample is 0, the incorrect device
type may have been selected for upload. If .GPX files are rejected with no samples, start date or
end date, it’s likely that the file is too small- this sometimes happens with only a couple of epochs
of GPS data.
7. Select the Calculations tab, and select “PALMS Calculation (R4) - released 8/15/2012”
-Select a protocol: Active Play Study (See appendix for details)
-Select participant: select the participant that you desire
-Start date: Set to a time prior to data collection (default is 01/01/2008)
-End date: Set so a time after data collection (default is 09/14/2047)
-Interval: 15 seconds
-Result Name: Only the participant ID. For example “0001”
-Click “start calculation”
8. Select the Results tab. Ensure that the %complete is 100% and that the status is “complete”. Ensure
that the number of counts is >0 (otherwise, the devices were not uploaded correctly), and that the
number of counts is what is expected. For 7 full days, there should be at least 40320 counts;
however, most files will be larger because of initialization and download time on the day before
and after data collection. If there are fewer than 34560 counts (6 full days), consult the
participant’s folder to identify the reason for this.
9. Export .CSV file and save in \\192.168.1.100\EPI Lab\PALMS exports\CSV.
Select variables to export in this order:
identifier
dateTime
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dow
activity
activityIntensity
activityBoutNumber
lat
lon
speed
fixType
fixTypeCode
eventType
eventnumber
locationClusterFlag
locationNumber
tripMOT
tripMode
tripnumber
10. Export .KML file and save in \\192.168.1.100\EPI Lab/PALMS exports\KML.
11. Open the calculation log, copy the text into notepad and save file as the participant ID (i.e. “0001)
in \\192.168.1.100\EPI Lab\PALMS exports\Calculation log.
12. Open the .CSV files and re-format dateTime variable. Right click the top of column (column B),
select “format cells”, select “custom” and input “dd/mm/yyyy h:mm:ss”. This should show the date
and time of each epoch to 15 seconds intervals.
13. Save the CSV file and mark your progress on the tracking sheet.
14. Move on to CSV cleaning protocol.
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PALMS User Guide - Calculation Parameters (R4.1)
Calculation Parameters (R4.1 - beta)
The PALMS calculation contains numerous parameters organized by device and function. There is a tab for
each device and within each tab, a block for each function.
New or changed parameters are bolded and underlined.
NOTE: If you are using this calculation with only GPS and accelerometer data, the "ActiTrainer HR only"
device must still be added to your study. You do NOT have to upload any HR data.
General Information Section
Parameter name Usage
Participant
Selects one individual participant or all participants to be included in the calculation
Participant
Selects status of participants to be included in the calculation. Provides a method of
Status
processing a subset of participants.
Start Date
Earliest date to be included
End Date
Latest date to be included
Interval (in
Length of interval used to summarize the data
seconds)
Result Name
Name under which the results of the calculation will be stored
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GPS Tab
Details on the operation of the GPS processing algorithms and a discussion on selecting GPS parameters
can be found on this page.
Functional Parameter
block
name
Loss of signal
Max
duration
allowed (in
seconds)

Default
Value

Value Used

Usage

600

600

Maximum amount of time between GPS fixes allowed to
occur before loss-of-signal (LOS) is declared. For durations
less than this value, the previous good GPS fixed is
assumed.

checked

checked

When checked, "lone" fixes are removed. A lone fix is one
that occurs after LOS is declared.

Filter invalid
checked
fixes

Checked

When checked, filter (remove) invalid points from the
calculation.

Remove
lone fixes
Invalid values filter

Max speed
(Km/hr)

130

150

Consider fix invalid if speed greater than this value

Max change
in elevation
(meters)

1000

100

Consider fix invalid if elevation delta greater than this
value over the interval

Min change
in distance
required
over 3 fixes
(meters)
Indoors detection

10

Detect
indoors

checked

Max satellite
ratio when
indoors

50

Max SNR
value when
indoors
Trip detection
Min distance
traveled
over one
minute
(meters)

250

34

2

Discard fix if change in distance between fix 1 and fix 3 is
less than this value. Indicates a forwards and backwards
movement that typically is cause by GPS jitter.

When checked, mark fixes as indoors or outdoors if
unchecked additional satellite information has been recorded by the
GPS.
N/A

Maximum ratio of satellites-used / satellites-in-view to be
considered indoors. Values greater than this are marked
as outdoors.

N/A

Maximum signal-noise value to be considered indoors.
Values greater than this are marked as outdoors. Default
is for Qstarz GPS

34

Minimum distance that must be traveled over one minute
to indicate the start of a trip. (Note: 1 KM/hour = 17
meters/minute)
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Min trip
length
(meters)

100

100

Trips less than this distance in length are not classified as
trips.

Min trip
duration
(seconds)

180

180

Trips less than this duration are not classified as trips.

Min pause
time
(seconds)

180

180

When duration at point exceeds this value, point is
marked as a pause point.

Max pause
time
(seconds)

300

300

When duration of pause exceeds this value, point is
marked as an end point.

90

Max percentage of a trip's fixes that are allowed to occur
within a single location. When this value is exceeded, the
trip is considered invalid (because it was generated by
GPS noise) and is removed. If you want to allow trips to
occur within a single location, then set this value to 100.

0

Max percentage of a trip's fixes that are allowed to occur
indoors. When this value is exceeded, the trip is
considered invalid (because it was generated by GPS
noise) and is removed. If you want to allow trips that
occur entirely indoors, then set this value to 100.

Max % of
trip allowed
within a
single
location

90

50
Max % of
(was 70 in
trip allowed
June beta
indoors
release)

Remove
indoor
points from checked
trip starts
and ends

When checked, points estimated to be indoors are
removed from the starts and ends of trips. A trip starts
when it has been detected that the participant exited a
unchecked building and ends when a person has entered a building.
Trips which are 100% indoors will be removed unless the
value above is set to 100%.

Segmenting breaks large trips into smaller trips each time
Reconsider
the mode of transportation changes. Checking this
trips after unchecked unchecked
parameter will remove short trips that do not meet the
segmenting
parameters specified above.
Location detection
Include trip
When check, pauses occurring during a trip are included
pauses as unchecked unchecked
as locations.
locations
Trap indoor
points
checked
within
location

When checked, stationary indoor GPS fixes within a given
unchecked radius of the location will be set to the center of the
location.
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Trap
outdoor
points
within
location

When checked, stationary outdoor GPS fixes within a
given radius of the location will be set to the center of the
location.
checked

unchecked
NOTE: When both are checked, stationary points will be
trapped. GPS does not need to have collected indoor /
outdoor information.

Trap points
When checked, also include GPS fixes that are part of a
that are part unchecked unchecked
trip.
of a trip
Allow
When checked, locations may be identified that are not
locations unchecked unchecked
associated with a trip.
without trips
Reset
location
numbers for unchecked
each
participant
Cluster
radius
(meters)

Min time at
location
(seconds)

30

checked

30

When checked, location numbers are reset for each
participant. When unchecked, location numbers will be
the same for all participants in a calculation.

Defines radius of location in which fixes are trapped
Minimum amount of time that must be spent at a location
for it to be considered a location.

0

15

25

25

Speeds greater than this are marked as vehicle

NOTE: Changing this value may also remove locations
established by first and last GPS fixes, since the duration
at those locations is often small.

Mode of transportation
Vehicle
speed cutoff
(KMph)
Bicycle
speed cutoff
(KMph)

10

10

Speeds greater than this are marked as bicycle
NOTE: If you know there is no bicycle travel in the study,
set the bicycle and vehicle cutoffs to the same value
(typically 5-10)

Walk speed
cutoff
(KMph)

1

1

Speeds greater than this are marked as pedestrian

90

Above comparisons are made at this percentile. If set to
90%, then the speed at the 90th percentile will be used to
classify the mode of transportation. This prevents mis-

Percentile of
speed

90
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samples to
consider

classifications based on erroneous speeds caused by GPS
noise.

Classification
segment
Minimum length of a trip segment used to classify mode
30
30
length (in
transportation.
meters)
Compute averages
Compute
When checked, computes and presents speed as a moving
average unchecked Unchecked
average over N GPS samples.
speed
Compute
When checked, computes and presents elevation delta as
average unchecked Unchecked
a moving average over N GPS samples
elevation
Number of
GPS samples
to average

3

0

Number of samples (N) used to compute the moving
average
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Accelerometer Tab
Functional Parameter
Default
block
name
Value
Accelerometer calculations
Include
checked
accelerometer

Use vector
magnitude unchecked
(if available)
Not wearing time
Mark not
wearing

checked

Minutes of
30
zeros in a row
Bouts detection
Detect activity
checked
bouts

Value Used

Usage

checked

When checked, accelerometer data will be processed.
(Un-check if you are only interested in GPS
processing. It will reduce the run time of the
calculation,)

When checked, vector magnitude values will be used
in place of axis 1 count data.
unchecked
(Note: Cut-off values will need to be changed. See
discussion below.)

unchecked

When checked, non-wearing time will be marked with
a value of -2

N/A

Number of consecutive minutes of zeros that must be
present for period to be marked as not wearing.

checked

When checked, detect bouts of activity

Activity bout
length
(minutes)

5

10

Activity bout
upper limit
(counts)

9999

9999

Maximum limit of activity to be considered part of a
bout

Activity bout
lower limit
(counts)

1953

1500

Minimum level of activity to be considered part of a
bout

Activity bout
tolerance
2
(minutes)
Sedentary bouts detection
Detect
sedentary
checked
bouts
Sedentary
bout length
(minutes)

30

2

Unchecked

N/A

Minimum duration of bout

Number of consecutive minutes allowed outside of
the activity limits that will still be considered part of a
bout

When checked, detect bouts of sedentary periods
(non-activity)

Minimum duration on sedentary bout
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Sedentary
bout upper
limit (counts)

100

N/A

Maximum level of activity to be considered sedentary

1

N/A

Number of consecutive minutes of activity allowed
during sedentary bout

9498

100000

Counts greater than this value will be classified as
very hard (very vigorous)

Hard (counts)

5725

6500

Counts greater than this value and less than the
above value will be classified as hard (vigorous)

Moderate
(counts)

1953

1500

Counts greater than this value and less than the
above value will be classified as moderate

Sedentary
bout
tolerance
(minutes)
Cutoff values
Very hard
(counts)

Counts greater than this value and less than the
above value will be classified as light. NOTE: Counts
less than this value will be classified as sedentary.
NOTE: Defaults for cutoff values are those for single axis Actigraphs. If "Use vector magnitude" is checked
above, the cutoff values must be changed.
Vector magnitude cuttoff values Very hard
9642
Hard
6167
Moderate
2690
Light
100
Source:
http://www.ncbi.nlm.nih.gov/pubmed/21616714
J Sci Med Sport. 2011 Sep;14(5):411-6. Epub 2011 May 25.Validation and comparison of ActiGraph activity
monitors.Sasaki JE, John D, Freedson PS.
Light (counts)

100

100
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Merge Options Tab
Functional
Parameter
block
name
Merge Options
Merge data to
GPS

Default
Values

checked

Start first day
unchecked
at midnight
Missing GPS Fixes
Insert missing
fixes

checked

Insert until a
unchecked
max duration
Max number
of seconds to
insert

Mark Events

Mark trips

600

Value Used

unchecked

When checked, activity and heart-rate data is
aligned to the GPS timeline. Data without GPS
fixes are discarded.

checked

When checked, the timeline for the first day
of data starts at midnight. Otherwise, it starts
at the timestamp of the first data sample.

checked

When checked, gaps in GPS fixes are replaced
by the last valid fix.

checked

When checked, continue inserting missing
fixes until the max duration (specified below)
is reached.

600

Max number of seconds to replace missing
fixes with last valid fix. After this duration is
reached, the location is marked as unknown.

Events are marked and the event number incremented when a
change in the participant's activity occurs. The options below
allow you to determine which changes are to be marked as
events. Events provide a convenient way of scanning a large
result set for major changes.
When checked, trip starts and trip ends are
checked
checked
marked as events.

Mark pause
points

checked

unchecked

Mark location
changes

checked

checked

When checked, a change in the location
number is marked as an event.

Mark activity
bouts

checked

checked

When checked, the start and end of an
activity bout is marked as an event.

Mark
sedentary
bouts

checked

unchecked

When checked, the start and end of a
sedentary bout is marked as an event.
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When checked, the start and stop of pauses
that occur within a trip are marked as events.

Appendix N:
Protocol for cleaning and imputing missing GPS data
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CSV GPS cleaning protocol – Missing data
The protocol includes steps for the processing of CSV files that have already been processed by, and
exported from, PALMS. One of the main goals of this step is to insert known latitudes and longitudes where
there is currently missing data (i.e. when a participant is sleeping, but we know they’re at home). This
processing step should only be done for participants with a validated log (i.e. sleep times).
1. Open the CSV file of interest from the following location: \\192.168.1.100\EPI Lab\PALMS
exports\CSV
2. Open the original database (\\192.168.1.100\EPI Lab\Database\Database) to determine the day of
the participant’s visit #1. The participant’s “Day 1” will be the day after their visit #1.
3. Obtain the hard copy of the participant’s log
4. Select the view tab in excel, and select freeze panes, “freeze top row”.
5. Each CSV file should begin at midnight on “Day 1”. If the file begins at midnight (00:00) on Day 1,
skip to step 4. If there is data prior to midnight of the first day (the first occurrence of 00:00), then
remove this data by highlighting the rows up until 00:00, right-clicking, and selecting “delete”.
6. Likewise, the end of the file should be the wake up time on Day 8. Highlight the rows after the wake
up time on Day 8, right-click, and select “delete”. If there is no day 8 wake up time (i.e. the
participant did not wear it to bed on the night of the 7th), then highlight the rows after midnight on
day 7, right-click and select “delete”.
7. Insert a column to the left of the “identifier” column (this new column will be column A). In cell A1,
label this column “sequence”. This column will contain consecutive numbers, as follows:
• In cell A2, insert a “1”
• In cell A3, insert a “2”
• Highlight both of these cells and double-click the bottom-right corner of these cells (the “+”
sign). This will copy the numbers down column A.
• Verify that all of the rows have a number (i.e. up to ~45 000 rows)
8. Highlight and copy columns ‘lat’ and ‘lon’. Right-click beside these columns and select “insert
copied cells”. Re-name the old columns “lat_old” and “lon_old”. There should now be 2 columns
each for latitude and longitude (one old and one new). The ‘lat_old’ and ‘lon_old’ columns should
not be altered – all work hereafter should be done on the new ‘lat’ and ‘lon’ columns.
9. Beside the new “lat” and “lon” columns, insert a new column named “gps_miss”. Insert 0’s for each
row for column from the start of the file (midnight on the first day) to the end of the file. If there
are sections of missing GPS data that cannot be imputed, insert a ‘1’ instead of a 0 for these rows.
10. Open the participant home and school coordinates Access file from the following location:
\\192.168.1.100\EPI Lab\GIS\Participant Home + School Coordinates.
11. Open the cleaned data files from the following location: \\192.168.1.100\EPI
Lab\Database\Database-Cleaned. Open the cleaned sleep times table.
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12. Overwrite the ‘lat’ and ‘lon’ values of “-180” with the participant’s latitude and longitude values for
their house during all time spent sleeping. This includes from midnight on the first day to their
wake up time on the first day.
• This can be done by inserting both the lat and lon value, highlighting these cells, and dragging
them down to the appropriate epoch.
• This should be done for all time spent sleeping between the epochs, regardless of what
coordinates are there (remember: we have already adjusted the sleep times for all
participants).
13. On the participant’s log. Replace any -180’s with the participant’s home coordinates for any time
during which the device is charging.
14. If there are still -180’s after a participant’s wake up time, then scroll down to the first real
coordinates for that day (“firstfix”) and plot them in google maps. If these coordinates are at the
participant’s home (and several thereafter), then insert their home coordinates until this time. If
these coordinates are elsewhere, then do not insert any coordinates. Likewise, if there are still 180’s prior to a participant’s bedtime, then scroll up to the last real coordinates and plot them in
google maps. If these coordinates are at the participant’s house, then insert their home
coordinates.
15. Using the log, identify any times when the participant has indicated that they have removed the
device at a specific location. Input the coordinates for this location using google maps (search the
location, right-click “what’s here?”, and enter the coordinates).
• Only do this if it is clear that the epochs before and after this set of missing data are both at
this location.
• If the participant has removed the device at a specific location multiple times throughout
the week, make sure to use the same coordinates for the location each time it is inserted.
16. Identify remaining -180’s and attempt to fill them in by plotting the coordinates prior to and
following this missing section. If the points prior to and after the missing data are near the same
location, then the coordinates for the location can be inserted. Use Google maps along with other
information (i.e. day of week, time of day, trip time, etc).
• For example: The missing data is from 6:00pm to 7:15pm on a weeknight between two
known points in a parking lot outside the Loyal Oarsman. The participant took 10 minutes
to travel there, and 12 minutes to travel home from there, at a walking speed (0-5
km/hour). It is a 10-minute walk from the participant’s house to the Loyal Oarsman. It is
likely that the participant walked to the Loyal Oarsman with their family, ate dinner there,
and walked home. The coordinates for the Loyal Oarsman should be inserted between the
trips.
17. If a participant has removed the device and then put it back on at a different location, and if they
amount of missing GPS data is similar to the estimated time that it would have taken to get to the
next point, then insert a GPS point on a road in between the two locations. Make sure that the
point is far enough from both the start and end point so as to not confuse it with the either the
start or end point (i.e. not directly outside the participant’s home).
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18. Likewise, if there is clearly evidence of a trip to and from a location, with missing data in between,
then you may use your judgement to assess when the trip to and from occurred, and when the
participant was at the location. For example, if a participant removes their GPS watch at home,
indicates that they went to a store, and then puts the watch back on at home. Based on the
distance between their home and the location, the date, time, season (likely not walking far in
February, as compared to July), and the intensity of activity, it may be possible to identify the trip
to and from this location. Points on a road can be inserted for these trips. If you cannot be very
confident about what the child did at that time, then leave the data as -180s.
19. Missing trip to/from school: This imputation should take some time, as there as many variables to
consider. For children that do not wear their device to school, but for whom you are reasonably
certain that they went to school (i.e. recorded GPS non-wear), their trip to school can be inserted.
For their trip to school, you will want to examine all other days specifically looking at 1) the time
that they leave home every day and the time that they arrive at school (as well as the duration the
trip should be based on google maps), 2) the typical route that they take, and 3) the pattern of
accelerometry data before, during and after their trip. Information from the log may be helpful as
well. If you are reasonably certain that a similar pattern of accelerometry data occurred at a start
and end time that is similar to other days of the week (i.e. it looks like a trip to school, at around
the time a trip to school would be taken, and is as long as a trip to school should take) then insert a
point on a road between their house and their school for this time. For the variable “trip number”,
insert a new trip number for this time, which will be the next number after the highest trip number
recorded (i.e., if a participant has 32 trips, their new trip number is 33). In the Data tab in excel,
select “filter”, and click on the arrow under the “trip number” column to find the highest trip
number for that participant. Repeat for the trip from school.
20. Missing data at school: After the trip to school has been imputed, then impute their school building
coordinates for non-recess times during the day. For their recess times, you will need to consult the
weather information for that specific point in time
(http://climate.weather.gc.ca/climateData/dailydata_e.html?StationID=47267). Select the year and
month of interest, and then select the specific day from the column. Examine the weather
specifically for the hour (e.g., if recess is from 9:50AM to 10:05AM, then look at the weather
information for the hour of 9:00-10:00AM). If the temperature is above 0°C, indicate this time as
being outdoors if there is no precipitation and as indoors if there is precipitation. If the
temperature if below 0°C, indicate the time as being outdoors if the temperature with the wind
chill is above 20°C, and as being indoors if the temperature with the wind chill is below 20°C. Note
that if the recess time spans across an hour, use data from both hours.
21. If you encounter GPS data that is outside the city of Kingston, please indicate the participant ID, the
date, and the day # for that participant, and the location in the “out of town GPS data” excel file,
which can be found at: \\192.168.1.100\EPI Lab\PALMS exports\out of town GPS data.xlsx.
Imputation of this data is slightly different, and should be done according to the protocol
outlined in: \\192.168.1.100\EPI Lab\PALMS exports\CSV GPS cleaning - Out of Town data.docx.
22. It may be helpful to use Google fusion tables along with Google maps to impute GPS points. Below
are the steps for creating a Google fusion map with the participant’s accelerometry/GPS data.
• Go to https://support.google.com/fusiontables/answer/2571232 and select “Create a
fusion table”
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•

Select the .CSV file that you wish to use, and select “next”. Select “next” and “finish” on the
next two tabs – no other information is needed.
• On the “lat” tab, click the downward arrow and select “change”
• Change the type option to “location”, and select “two column location”. Lat and Lon should
be identified as the location parameters. Select “Save”.
• On the “datetime” tab, click the downward arrow and select “change”
• Change the format option to “24/12/2008 9:30 PM” (the longest option) and select “save”
• Click the red “+” button beside the tabs on the top, and select “add map”.
• Click “change feature styles”, and in the pop-up window select “buckets”. Divide into 4
buckets. Identify “activity intensity” as the column. For the buckets, insert the numbers 0 to
4 in ascending order. Select appropriate colors for intensity (i.e. blue, yellow, green, red).
• In the top right corner of the map, select “done”. If you need to make further changes, use
the dropdown arrow from the Map 1 tab and select “change map”.
• Click filter, and select “datetime”. Filter the datetime variable the appropriate date and
time that you need. In general, ± 1 hour is usually enough.
23. When finished, save the .CSV file and mark your progress on the tracking sheet.

281

Appendix O:
Protocol for cleaning and imputing out of town GPS data
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CSV GPS cleaning protocol – Data outside of Kingston
Out of town data cleaning happens after the missing data in CSV files of participant of interest is imputed. If
not, please refer to: \\192.168.1.100\EPI Lab\PALMS exports\CSV GPS cleaning protocol - Active play
study.docx. The goal of this protocol is to substitute GPS coordinates generated by participants travelling
outside of Kingston with the GPS coordinates of a location in Kingston in the corresponding category. The
protocol includes two parts. Part I has to be done before Part II.
Part I - Make Fusion Tables to Complete the Out of town Data Excel Sheet
1. Check on the Fusion Table Tracking Sheet in research room 501G1/2 to identify the next participant
whose Fusion Table needs being generated. Write down your initials on the tracking sheet for the
participant you are going to make a Fusion Table for.
2. Obtain the original study diary of this participant.
3. Signing into our Gmail account:
Email: Activeplayfusiontables@gmail.com
Password: Epidemiology
4. Go to https://support.google.com/fusiontables/answer/2571232 and select “Create a fusion table”.
5. Select the .CSV file of identified participant, and select “next” and “next” again. On this screen,
enter the name of the new table as “ID_imputed” (i.e., 0001_imputed) and click “finish” – no other
information is needed.
6. On the “lat” tab, click the downward arrow and select “change”
7. Change the type option to “location”, and select “two column locations”. Lat and Lon should be
identified as the location parameters. Select “Save”.
8. On the “datetime” tab, click the downward arrow and select “change”
9. Change the format option to “24/12/2008 9:30 PM” (the longest option) and select “save”
10. Click the red “+” button beside the tabs on the top, and select “add map”.
11. Click “change feature styles”, and in the pop-up window select “buckets”. Divide into 4 buckets.
Identify “activity intensity” as the column. For the buckets, insert the numbers 0 to 4 in ascending
order. Select appropriate colors for intensity (i.e. blue, yellow, green, red).
12. In the top right corner of the map, select “done”. If you need to make further changes, use the
dropdown arrow from the Map 1 tab and select “change map”.
13. Observe the map for any dots and/or clusters of dots that located outside of Kingston. The exact
boundary of Kingston can be found on Google Maps by searching “Kingston, ON”, or on the City of
Kingston District map (https://www.cityofkingston.ca/city-hall/city-council/district-map).
14. In this step, you have two options:
a) If it appears that no dots are outside of Kingston boundaries.
1) Open the CSV file of your participant of interest following: \\192.168.1.100\EPI Lab\PALMS
exports\CSV. Highlight and copy columns ‘lat’ and ‘lon’. Right-click beside these columns
and select “insert copied cells”. Re-name the new columns “lat_final” and “lon_final”.
There should now be 3 columns each for latitude and longitude. The ‘lat_old’ + ‘lat’ and
‘lon_old’ + ‘lon’ columns should not be altered – all work hereafter should be done on the
new ‘lat_final’ and ‘lon_final’ columns.
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2) Create a new column beside “GPS_miss” called “GPS_outoftown”. Copy zeroes down this
entire column (enter several rows of zeroes, highlight these rows, move the cursor to the
bottom right section of the highlighted rows, and double-click the cursor with the cross).
3) Close the CSV file and the fusion table. Proceed to the next participant with step 1-13 in
part I.
b) If there are dots outside of Kingston, follow the steps below:
1) Click “filter”, and select “dow” (day of week). In order enter the dow of participant’s study
days (i.e. Day 1 through day 7). Note: the .CSV file indicates the study day along with the
date – the dow must be chosen as the day of the week (where 1=Monday through
7=Sunday).
2) A trip to outside of Kingston usually starts and ends with vehicle rides, which are typically
seen as long-distance continuous dots leading outside of Kingston area with low intensity
(i.e. blue or yellow) physical activity and high speeds. For the days where there are dots
falling outside of Kingston, find out approximately where they went.
3) Open the Out of town GPS data excel sheet at this location: \\192.168.1.100\EPI
Lab\PALMS exports\Out of town GPS data.xlsx.
4) Click on the arrow on the “ID” column and choose “sort smallest to largest”.
5) Scroll down and see whether the trip of the participant you identified has been indicated
on this excel sheet.
• If so, proceed with “filter” and “dow” on the Fusion Table for later study days of
the participants.
• If not, move your cursor to the sequence column on the very left of the screen,
right click, and select “insert”. An empty new row should be created. Enter the
Participant ID, trip date, day of the study, and location in the corresponding
columns. Then proceed with “filter” and “dow” on the Fusion Table for later study
days of the participants.
• If the participant did multiple trips within a day (e.g. Kingston – Belleville – Kingston
– Sydenham), make sure that the trips are entered separately in the excel sheet.
6) There might be dots singled out that could be from previous imputations. Be sure to look
out for such dots.
7) Once all the trips of the participant are identified and entered in the Out of town data excel
sheet. Proceed to the Part II.
Part II - Replacing Out of Town Coordinates
1. Prepare the working sheet:
a) In the Out of town data excel sheet, put down your initials in the “Researcher Name” column
beside the participant you just made the Fusion Table for. If your participant of interest has
multiple trips entered in the Out of town data excel sheet, make sure that you clean them all
before you proceed to the next participant.
b) Open the CSV file of your participant of interest following: \\192.168.1.100\EPI Lab\PALMS
exports\CSV. Highlight and copy columns ‘lat’ and ‘lon’. Right-click beside these columns and
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select “insert copied cells”. Re-name the new columns “lat_final” and “lon_final”. There should
now be 3 columns each for latitude and longitude. The ‘lat_old’ + ‘lat’ and ‘lon_old’ + ‘lon’
columns should not be altered – all work hereafter should be done on the new ‘lat_final’ and
‘lon_final’ columns.
c) Create a new column beside “GPS_miss” called “GPS_outoftown”. Copy zeroes down this entire
column (enter several rows of zeroes, highlight these rows, move the cursor to the bottom
right section of the highlighted rows, and double-click the cursor with the cross). For all GPS
data imputed from out of town data, you will change these the 0 to a 1.
d) Select the view tab in excel, and select freeze panes, “freeze top row”.
e) Open the GPS codes for out of town data excel sheet (\\192.168.1.100\EPI Lab\PALMS
exports\Out of town GPS data.xlsx). It is in the same excel file as Out of town data sheet. This
excel sheet contains all the GPS coordinates that will replace the ones in a trip.
2. Identify the exact time when the participant of interest is out of town by examining the Fusion
Table of this participant:
a) If you have shut the Fusion Table you created earlier, you can easily retrieve it by:
• Signing into our Gmail account:
Email: Activeplayfusiontables@gmail.com
Password: Epidemiology
•
•

b)

c)

d)

e)

Click the “google apps” symbol on the right top corner (look like this
).
Click on “Drive”. All the fusion tables produced in the past will show up in this online
platform.
• Scroll down to click on the fusion table with the name “ID_imputed” (e.g.
0001_imputed).
Click “filter”, and select “dow”. Entre the dow of the trip indicated on the original diary. Click on
the dots that are close to but within the Kingston boundaries for an accurate time period for
their whereabouts.
If it is a round trip on the same road, you will see two series of points – click on multiple points
within the major road in Kingston (i.e. 401, Bath road, Princess St, highway 15, etc) to get a
sense of when they left and when they arrived – note: these points will appear as clusters, but
are actually at different times. Once you’re sure that you have identified a point that is on the
trip, this should be the beginning of the time that we insert. Likewise, when the trip is over, a
point should be similarly identified within the city which will be the end of the imputed trip.
Both the start and end point of a trip should be close to but within the boundaries of the City of
Kingston, so when in doubt, use a conservative estimate. The boundary can be found by
searching for “Kingston, ON” in Google Maps.
Click “filter”, and select “datetime”. Starting from the time the trip begins, filter the datetime
variable by every 30 minutes to narrow down where the participant was. If necessary, filter the
datetime variable by even smaller time periods.
There might be dots singled out that could be from previous imputations. Be sure to look out
for such dots.
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3. Substitute the out of town GPS coordinates to the ones in the GPS codes for out of town data excel
sheet.
a) By filtering the datetime variable every 30 minutes (or with smaller intervals if necessary),
replace the starting vehicle portion of the trip with either the coordinates for the 401, or for
Gardiner’s road – whichever is more appropriate. If, while on the trip, they make a quick stop
(i.e., gas station), enter the coordinates for gas station. End this imputation when they arrive at
a destination that is not on a road and have entered a building/other land use. When children
are in parking lots on their way to buildings, insert the coordinates for Gardiner’s road.
b) Insert the corresponding coordinates for their location until the time at which they leave this
location – filter the datetime variable every 10-30 minutes, as appropriate. Use to log to help
determine which coordinates should be used. If you come across a location that has not been
previously identified, get a second opinion and, if necessary, create a new set of standard GPS
coordinates and include these coordinates in the GPS codes for out of town data file.
c) When the participant leaves the location, use the datetime filter to determine where they
went next. If they returned to Kingston, then impute trips on the road as before. If they
travelled within another city, impute coordinates for a road and proceed with the new location
as before. Continue this process until they return to Kingston. If they sleep overnight outside of
Kingston, please use the coordinates for hotel or house, accordingly.
4. When all the trips of participant of interest are replaced, it is necessary to create a new Fusion
Table to make sure that all location points are within Kingston.
a) Go to https://support.google.com/fusiontables/answer/2571232 and select “Create a fusion
table”
b) Select the .CSV file that you wish to use, and select “next” and “next” again. On this screen,
enter the name of the new table as “ID_replaced” (i.e., 0001_replaced) and click “finish” – no
other information is needed.
c) On the “lat_final” tab, click the downward arrow and select “change”
d) Change the type option to “location”, and select “two column locations”. Lat and Lon should be
identified as the location parameters. Select “Save”.
e) On the “datetime” tab, click the downward arrow and select “change”
f) Change the format option to “24/12/2008 9:30 PM” (the longest option) and select “save”
g) Click the red “+” button beside the tabs on the top, and select “add map”.
h) Click “change feature styles”, and in the pop-up window select “buckets”. Divide into 4
buckets. Identify “activity intensity” as the column. For the buckets, insert the numbers 0 to 4
in ascending order. Select appropriate colors for intensity (i.e. blue, yellow, green, red).
i) In the top right corner of the map, select “done”. If you need to make further changes, use the
dropdown arrow from the Map 1 tab and select “change map”.
j) Make sure that there are no dots falling outside of Kingston and pay extra attention to dots
that are singled out.
k) If there are dots showing up outside of Kingston, click on those dots to see the date and time.
Repeat step 3 for coordinates replacement.
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5.

If all dots of participant of interest are within Kingston, continue with the next available participant
on the list and repeat all steps.

Appendix (excel table below): Out of town GPS replacement coordinates

287

Land use type
Highway
"pit stop"
Road
sidewalk
Retail/Shopping
Residential - for sleep
Residential pool
Residential yard
Hotel
Park or playground
Industrial (indoor)
Industrial (outdoor)
Government
Sports facility (public)
sports field
School building

Location in Kingston
401
Shell (division & 401)
Gardiner's Rd
sidewalk
Walmart
A house
a pool
a yard
Delta
City park
Kimco steel
Kimco steel
City hall
Invista centre
Pittsburgh soccer field

Regiopolis high school
Regiopolis high school
School grounds outside
outdoor field
Restaurant
Jack Astor's
Place of worship
St Mary's cathedral
Theatre
Cineplex
museum
bellevue house
Environmental Centre
Cataraqui Creek Building
hiking/nature (not play) Outside Cataraqui Creek
walking - sightseeing
princess st
Water body
Cateraqui creek resevoir
Residential (split parent
The home registered
live outside Kingston)
within Kingston
Swimming pool
Tomlinson Aqua Park
Campground
Rideau Acres Campground
Sidewalk
Sidewalk on Division St.
Farms/Agriculture
farmer's field
Parking Lot
Food Basics parking lot
Restaurant Outdoor Patio
Casa Domenico
Train Station
Via rail Kingston
Private Art Gallery
Heather Haynes Gallery
Outdoor Museum
Fort Henry (outside)
Public Library
Kingston Public Library
amusement park
Family Fun World
Stadium/arena
K-Rock Centre

lat
44.276171
44.266681
44.264925
44.258129
44.26496
44.234632
44.264731
44.240289
44.228411
44.224928
44.259644
44.259987
44.229905
44.275317
44.273018

lon
-76.534769
-76.498078
-76.568909
-76.568302
-76.572653
-76.486467
-76.581877
-76.497629
-76.480322
-76.488504
-76.513655
-76.512772
-76.480451
-76.568894
-76.436023

Notes
Insert this point from the time that they get onto the 401 until the time they arrive at their destination.
Insert this point if they stop somewhere on a trip.
Insert this point if they are driving anywhere in another city. Includes other transportation methods (i.e. ferry, subway, train, bus etc.)
Any commerical building - store, shopping mall, etc.
Insert these coordinates for the place that they sleep at night or are residing temporarily
someone's yard

44.242864 -76.493551 If they are at an education centre for a sports tournament, then use sports venue
44.242745 -76.494544
44.230612
44.231182
44.24422
44.223009
44.28335
44.283594
44.231316
44.282387

-76.481477 Includes indoor fast food restaurants (ice cream, donuts, coffee etc.)
-76.489899
-76.561874
-76.504131
-76.508033
-76.508277
-76.480957
-76.510143
Make sure the imputation is specific to outdoor and indoor.

44.239418
44.305177
44.254129
44.259925
44.233678
44.230445
44.257213
44.230123
44.230143
44.229695
44.27985
44.233527

-76.498741
-76.422329
-76.496923
-76.396547
-76.481199
-76.480749
-76.536853
-76.481675
-76.460282
-76.484793
-76.500105
-76.479671

horse riding/visiting a farm
Includes ice cream, donuts, coffee etc. outdoors
Any indoor transportation building (i.e. tran/bus/subway station)
Any outdoor amusement park, zoo etc.
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ex. Corn maze on Wolfe island
Watching pro sports

Appendix P:
Trip cleaning and identification protocol
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In Town Trips Protocol – Active Play Study
This protocol is to be completed after the “PALMS protocol – active play study,” the “CSV GPS cleaning
protocol – Active play study” and the “CSV GPS cleaning – Out of Town data.” Before beginning, check the
tracking sheet on the bulletin board in room 501G to ensure the “CSV GPS cleaning – Out of Town data”
protocol has been completed for the participant in question. Enter your name on the tracking sheet pinned
on the bulletin board in Room 501G for the “In Town Trips Protocol” each time you start a new participant.
The purpose of this protocol is to:
• Remove false trips that were incorrectly identified by PALMS
• Determine the starting location and final destination of each trip, and
• Confirm the mode of travel for imputed trips (e.g., pedestrian, bicycle, vehicle)
1. Open the Access file entitled “Database” with the participant’s Visit #1 date from the following
location: \\192.168.1.100\EPI Lab\Database\Main Study\Database.accdb
a. Determine the Day 1 date. It will be the day after Visit #1
b. Determine which season in which the data was collected and whether the participant was
in school at that time
2. Obtain the participant’s log
a. Determine which day of the week corresponds with Day 1
3. Open the Access file entitled “Participant home + School Coordinates” with the participant’s home
address and school address from the following location: \\192.168.1.100\EPI Lab\GIS\
a. Enter the coordinates of the home and school location into Google Maps’ directions
feature with a comma between latitude, longitude to become familiar with those locations
b. If the walking directions between home and school take less than 3 minutes, PALMS may
not identify these trips. In this case, follow the instructions in Appendix C after completing
this protocol.
4. Open the CSV file of interest from the following location: \\192.168.1.100\EPI Lab\PALMS
exports\CSV. Note that the CSV file names correspond to the participant ID numbers.
a. Select the view tab in excel, and select freeze panes, “freeze top row”.
b. Highlight and copy column “tripNumber,” right click beside the “tripNumber” column and
select “insert copied cells.” Rename the old column “tripNumber_old.” All subsequent work
in this protocol will be done on the new “tripNumber” column and the data in the
“tripNumber_old” column should not be changed.
c. Highlight and copy column “tripMOT,” right click beside the new “tripNumber” column and
select “insert copied cells.” Rename the old column “tripMOT_old.” All subsequent work in
this protocol will be done on the new “trip_MOT” column and the data in the
“tripMOT_old” column should not be changed. “Trip_MOT” refers to the modality of the
trip:
1. -1 – unknown (i.e., No GPS data)
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2.
3.
4.
5.

0 – stationary
1 – pedestrian
2 – bicycle
3 – vehicle

d. Create three more columns to the right of the “tripMOT” column. Label these columns
“tripStart,” “tripEnd” and “Imputed.” Insert 0’s for each row in these columns from the
start of the file to the end of the file.
5. Open the corresponding Fusion Table for the participant from the
activeplayfusiontables@gmail.com google drive (password: Epidemiology). It will labelled
“0ID_imputed.” For instance, for participant ID 123 this table would be labelled “0123_imputed”.
These are the colours and their corresponding activity levels:
a. Blue – sedentary (activity intensity = 0)
b. Yellow – light physical activity (activity intensity = 1)
c. Green – moderate physical activity (activity intensity = 2)
d. Red – vigorous physical activity (activity intensity = 3)
6. On the Google Fusion table, go to the “Map” tab. On the top left of the Google fusion table, click
“Filter” and select by “tripNumber”
7. In the Google fusion table, Enter “1” in both boxes of the tripNumber filter. In the Excel
spreadsheet, select the “tripNumber_old” column and hit “Ctrl + F” on the keyboard. Enter 1 into
the box and press “Find Next”. You may have to click on “options” and select “match entire cell
contents”.
a. First, look at the Google fusion table evaluate whether this is a valid trip. A trip is valid if it
is from one location to another either via vehicle or by active transportation (see Appendix
D Figures 1 and 2). An example of a trip that is not valid would be activity that occurs solely
within a location such as the school yard or a building (see Appendix D Figure 3). If the trip
is invalid, replace the number in the “tripNumber” column with “-2” and skip steps b-d.
b. Next, make sure the trip has not been cut short or extended or PALMS did not miss a
destination. A trip consists of linear motion from one location to another. If a trip does not
appear to have a rational starting point and end point (ie. a road) or there appears to be
clustering of points at the beginning or end of the trip (see Appendix D Figure 4), identify
the time of each trip and filter the fusion table by “datetime” using the format dd/mm/yyyy
h:mm am/pm (e.g., 22/01/2016 5:03 PM) to show an additional 10 minutes before and
after each trip. The trip we want to identify is the duration of linear movement from one
location to another. You can also look at the “activity” counts in the CSV file to determine
when a consistent pattern of movement starts or ends. Ensure that the trip number is the
same for the duration of this time, extending or shortening a trip as necessary.
A trip may begin and end at the same location. Some of these trips have no destination,
such as a walk around the neighbourhood. This is a valid trip.
However, some of these trips have a destination, such as a trip to a fast food drive thru or
dropping another person off, that would not be identified by PALMS if there was a very
short pause at the destination. These trips need to be split into 2 trips.
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When participants take the bus to school, PALMS may split the walking and bussing
portions up or only count them as 1 trip (see Appendix D Figure 5). These trips need to be
split into 2 trips.
In cases where there is a pause point in a trip to another destination (e.g., dropping
someone off at the movie theatre or going through the Tim Hortons drive thru on the way
to hockey practice), the trip does NOT need to be modified to reflect that pause point.
Do NOT combine trips. If you are unsure, ask.
To extend or shorten a trip:
• filter by “datetime” using the format dd/mm/yyyy h:mm am/pm (e.g., 22/01/2016
5:03 PM).
• Ensure that for the duration of the trip identified on the Google Fusion table, the
trip number is the same.
• If shortening a trip, replace the trip number for the removed epochs with “-2”.
Trips should be shortened if:
o There is walking at the end of a vehicle trip (i.e., walking from the car to the
store through the parking lot)
o There is clustering of movement at either end of the trip (i.e., playing in the
school yard after arriving to school)
• If lengthening a trip, replace the value of “0” or “-1” with the number assigned to
that trip and extend the “tripMOT” value to match the rest of the trip. Trips should
be lengthened if :
o PALMS cut the trip short, identified by filtering by date time around trips
that do not have rational start and end points
To create a return trip or split a trip into 2 parts: (RECALL this is ONLY done when it is a
round trip with a pause point such as a restaurant or store that was not captured by
PALMS, OR when breaking up walking to the bus stop and taking the bus to school)
• Identify the epoch that corresponds to the start of the second portion of the
trip
• For this and subsequent epochs involved in that trip you will need change the
trip number to “1 + the highest trip number so far”.
• For instance, if the highest trip identified to date was 53, the return portion of
this trip would be identified as trip 54. The highest trip number can be
identified by the number under the tripNumber filter in the Google Fusion
table or by searching for the MAX value in the “tripNumber” column.
• In the case of participants taking the bus to school, ensure the walking trip has
a “tripMOT” of 1 (pedestrian) and the vehicle trip has a “tripMOT” of 3
(vehicle).
c. Finally, identify where the trip starts and finishes. In the Google Fusion table, click on the
first and last point in the trip to see at what time the trip occurred and determine the
direction of the trip.
d. The trip start and end locations should fall under one of the categories listed immediately
below this paragraph. A more complete explanation of these destinations is provided in
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Appendix A after the list. In the “tripStart” column, replace the 0’s that correspond to the
time of trip number 1 with the number that corresponds to the starting location. In the
“tripEnd” column, replace all of the 0’s that correspond to the time of trip number 1 with
the number that corresponds to the ending location. You may need to look at a
participant’s log or examine the 10 minutes before or after the trip to help identify
locations (i.e., especially to differentiate between park use for recreation vs. organized
sport purposes, or identifying trips for chores or work purposes). Use Google satellite view
and Google street view frequently when determining locations! If the trip happens to
occur over water, change the “tripMOT” to 4 (active boating) for trips identified as
pedestrian or 5 (passive boating) for trips identified as vehicle. Drag down the “tripMOT”
column to ensure that the tripMOT is consistent for the duration of the trip (i.e., no
stationary time within a pedestrian trip).
Location numbers are as follows (see Appendix A for more details):
1. Participant’s home (or the homes that they typically sleep at if they live at multiple
homes)
2. Another home
3. Bus stop (i.e., where the participant is picked up by the school bus)
4. Participant’s school to go to class at school (i.e., to/from school at the
beginning/end of the school day)
5. Participant’s school for other trips occurring during school day (e.g., field trip, going
home for lunch, doctor’s appointment, gym class at location off school grounds)
6. Participant’s school for trips occurring outside of school hours for non-class
purposes (e.g., to play in school playground on weekend, to go to school activity in
evening)
7. Another school, including the building and school grounds
8. Developed park/greenspace (e.g., park or greenspace area developed and
maintained by the city)
9. Undeveloped greenspace (e.g., field, wooded area)
10. Conservation area or Provincial Park (e.g., Lemoine Point Conservation Area,
Cataraqui Creek Conservation area, Grass Creek Park)
11. Government or school owned recreation facility for physical activity participation.
Use the participant’s log, Google satellite view and look at “activity” to identify if
they are participating in organized sport at this time (e.g., going to arena, soccer
field operated by Kingston, or Queen's ARC to play sport)
12. Government or school owned recreation facility for other purposes. Use the
participant’s log, Google satellite view and look at “activity” counts to identify if
they are participating in organized sport at this time (e.g., going to arena to watch
a hockey game)
13. Commercial recreation facility for physical activity participation. Use the
participant’s log, Google satellite view and look at “activity” counts to identify if
they are participating in organized sport at this time (e.g., Dance studio,
gymnastics club, YMCA, golf course)
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14. Commercial recreation facility for other purposes. Use the participant’s log,
Google satellite view and look at “activity” counts to identify if they are
participating in organized sport at this time
15. Retail: big box stores (e.g., Walmart, Loblaws, Canadian Tire)
16. Retail: downtown shops (e.g., The Gap, Lululemon)
17. Retail: strip mall or stand-alone store not meeting big box store criteria (e.g., strip
mall at Division/Concession, Shoppers Drug Mart at 1875 Bath Rd.)
18. Retail: shopping mall (Cataraqui Town Centre, Frontenac Mall)
19. Restaurant: fast food (e.g., McDonald’s, A&W, Wendy’s, Harvey’s, Pizza Pizza,
Subway)
20. Restaurant: full service (e.g., The Keg, Milestones, Lone Star)
21. Restaurant: coffee/donut focus (e.g., Tim Horton’s, Starbucks)
22. Restaurant: other, desserts but no meals available (e.g., Menchies, Mio Gelato)
23. Convenience stores and gas stations
24. Entertainment or cultural facility (e.g., Movie theatre, museum, art gallery)
25. Church or other place of worship
26. Community centre
27. Library
28. Health care facility (e.g. doctor’s office, dentist, hospital, optometrist)
29. Round trip (e.g. leisure walk or drive that starts and ends in the same location with
no particular destination)
30. Work/chores related destination (e.g., paper route)
31. Transport within the context of outdoor play (e.g., >1 relatively short pedestrian
and/or bicycling trips identified within a few minutes of each other with clusters of
outdoor movement before, in between, and typically after the trips)
32. Boating or water sports
33. Other
34. Unknown
35. Transit stop (e.g., city bus stop, subway station, ferry terminal)
8. Next complete step 7 for each trip with valid GPS data. Proceed to step 9 when working with
imputed trips. Imputed trips will appear as a single point on the road. The highest trip number can
be identified under the tripNumber filter in the Google Fusion table.
9. This step is to clean trips that have been imputed, this means the values in the “lat_old” and
“lon_old” columns will be -180. These trips will show up as a single point on the Google Fusion
table. In the “Imputed” column please change the “0” to “1” for all imputed trips, even trips that
have been partially imputed (i.e., the watch died along the route).
a. For the first imputed trip, identify where the trip starts and finishes. To do this you will
need to examine time before and after the trip. Locations before and after the trip may
also be single points. Click on these points to determine which is the beginning and the end
of the trip. Looking at the participant’s log may also be useful in determining start and end
locations. Change the values of the “tripStart” and “tripEnd” columns for the duration of
the trip as per the location codes in Step 10. In the “Imputed” column please change the
“0” to “1” for all imputed trips.
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b. Then, look at the “tripMOT” variable. Trip mode may or may not have been imputed when
adding the trip. The following numbers correspond to the following modes of
transportation:
•
•
•
•
•
•
•

-1 – unknown (i.e., No GPS data)
0 – stationary
1 – pedestrian
2 – bicycle
3 – vehicle
4 – active boating
5 – passive boating

i. Ensure that the tripMOT corresponds with the appropriate method of
transportation based on intensity, duration and season (i.e., there is not likely to be
a lot of cycling during the winter). It may also be useful to look up directions
between the two points in Google Maps and at the duration of the trip in the CSV
file and determine if that time is approximately an appropriate travel time for that
mode of transport.
1. A “tripMOT” of 1 (pedestrian) should correspond with speeds of 1-10km/h
in any season and a consistent activity pattern greater than 375 counts.
Some counts between 100 and 375 may occasionally be present and some
stops may occur (i.e., at a red light). Generally, walking will consist of
several consecutive minutes of moderate intensity.
2. A “tripMOT” of 2 (bicycle) should correspond with speeds of 10-24.9km/h
in the spring, summer and fall seasons and a more variable activity count
profile. Activity counts may range from of approximately 25 - 1000, with a
sporadic pattern. Cycling typically does not contain counts in the vigorous
range (i.e., > 1625 per 15s epoch), but will fluctuate between sedentary,
light, and moderate.
3. A “tripMOT” of 3 (vehicle) should correspond with speeds greater than
25km/h in any season, most activity counts being <25 per 15s epoch, with
some light activity counts. Occasionally trips on school buses will contain
more counts in the light range and some in the moderate range, but the
speed will still be high enough to denote this trip as being in a vehicle. It is
highly unlikely that counts in the vigorous range would occur while using
passive transportation.
4. A “tripMOT” of 4 (active boating) refers to any trips over water that have
been identified as pedestrian or bicycle. This would correspond with water
activities such as kayaking, canoeing or paddle boarding.
5. A “tripMOT” of 3 (passive boating) refers to any trips over water that have
been identified as vehicle. This would correspond with travelling over
water in a motor boat.
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ii. If the “tripMOT” appears to be incorrect, replace those values with the appropriate
number.
10. In the Google fusion table, Enter “-1” in the both boxes of the tripNumber filter. This will give all the
remaining imputed locations. If there are any imputed points on a road insert a new trip number
for this participant in the “tripNumber column” for the duration of the trip (the highest value so far
can be found in the Excel spreadsheet or in the Google fusion table under the trip number filter
boxes – add one to this number). Complete step 9a. and 9b. for these trips.
11. As a final check, highlight all columns, select the “data” tab in excel and select “filter”. Use the
dropdown arrow to filter the “tripNumber” column to show all trips >0 (i.e., de-select -2, -1 and 0).
Using the dropdown filters for the tripNumber, tripMOT, tripStart, tripEnd columns, ensure that
these other columns contain logical values – for instance, that tripMOT does not equal -1 (all trips
must have a mode), that both tripStart and tripEnd do not equal 0, and that the imputed trips are
indicated with a 1.
12. Once you have completed all of the steps, check off that the participant has been completed on the
“In Town Trips Protocol” pinned to the bulletin board in Room 501G.
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#
1

2

3
4

5

6

7

8

9
10

11

Appendix A: Trip locations, examples, further descriptions and potential complications
Location name
Examples
Description
Participant’s home
Participant’s home or the homes they
typically sleep at if they live at multiple
homes. There is a list of dual parent homes in
the Database.
Another home
Friend’s house,
A home the participant does not typically
grandparent’s house, sleep at.
hotel
Bus stop
Where the participant is picked up by the
school bus.
Participant’s school to go
Trips to/from school at the beginning/end of
to class at school
the school day. This includes going to school
early/late for athletic or other extra-curricular
reasons.
Participant’s school for
Field trip, doctor’s
Trips to/from school during the school day
trips during the school day appointment, gym
that are not the participant’s first or last trip
class off school
to/from school.
property
Participant’s school for
Playing in the
Trips to/from school outside of school hours
trips outside of school
playground on
and for non-school purposes.
hours for non-class
weekends, going to a
purposes
school activity in the
Note that all trips to school on weekends,
evening
holidays, summer vacation should fall into
this category.
Another school
Varsity sport trip,
Another school, including the building and
playing on
school grounds.
playground on
weekend
Note that all trips to schools by home
schooled children would fall into this
category.
Developed
City Park, Victoria
This refers to a part of greenspace developed
park/greenspace
Park, Confederation
and maintained by the city. Grass is typically
Park, splash pad
cut and there are often play structures, park
benches, etc. The participant is NOT there to
play or watch organized sport.
Undeveloped greenspace
Field, wooded area
This refers to an outdoor natural area that is
undeveloped and not maintained.
Conservation area or
Lemoine Point
Provincial Park
Conservation Area,
Cataraqui Creek
Conservation area,
Crass Creek Park
(beach)
Government/school
owned recreation facility

Queen’s ARC, CFB
Kingston Facilities,
Artillery Park, Invista
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This refers to trips to recreation facilities to
participate in organized sport. Use the
participant’s log and look at “activity” counts

for physical activity
participation

Centre, soccer fields,
baseball diamonds

12

Government/school
owned recreation facility
for other purposes

13

Commercial recreation
facility for physical activity
participation

14

Commercial recreation
facility for other purposes

15

Retail: big box stores

16

Retail: downtown shops

Queen’s ARC, CFB
Kingston Facilities,
Artillery Park, Invista
Centre, soccer fields,
baseball diamonds,
Tomlinson Aqua Park
YMCA, Kingston
Gymnastics Club,
Kingston School of
Dance, Patenaude
Martial Arts, K-Rock
Centre, Boiler Room
YMCA, Kingston
Gymnastics Club,
Kingston School of
Dance, Patenaude
Martial Arts, K-Rock
Centre
Walmart, Loblaws,
Canadian Tire, RioCan
Centre, King’s
Crossing Fashion
Outlet, Toys R Us,
Lowe’s, Rona, Fresh
Co
The Gap, Lululemon

17

Retail: strip mall or standalone store

18

Retail: shopping mall

19

Restaurant: fast food

Strip mall at
Division/Concession,
Shoppers Drug Mart
at 1875 Bath Rd.
Cataraqui Town
Centre, Frontenac
Mall
McDonald’s, A&W,
Wendy’s, Harvey’s,
Pizza Pizza, Subway
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to identify if they are participating in
organized sport at this time. Please check
Appendix B for a list of athletics fields in
Kingston.
This refers to trips to recreation facilities to
observe sport but not participate. Please
check Appendix B for a list of athletics fields
in Kingston. Use the participant’s log and look
at “activity” counts to identify if they are
participating in organized sport at this time.
This refers to trips to commercial recreation
facilities to participate in organized sport. Use
the participant’s log and look at “activity”
counts to identify if they are participating in
organized sport at this time.
This refers to trips to commercial recreation
facilities to observe. Use the participant’s log
and look at “activity” counts to identify if they
are participating in organized sport at this
time.

Downton shops include locations on Brock
Street, Princess Street and Queen Street from
Division St to the water; locations on Johnson
Street, Clarence Street, and Barrack Street
from Bagot Street to the water; locations on
Armes Square, Ordinance Street and Bay from
Rideau Street to the water; and locations on
William Street from King Street to the water.
See this map for reference.

20

Restaurant: full service

21

Restaurant: coffee/donut

22

Restaurant: other, desserts
but no meals available

23

Convenience store / gas
station
Entertainment or cultural
facility

24

25

Church or other place of
worship

26

Community centre

27

Library

28

Health care facility

29

Round trip

30

Work/chores

31

Transport within the
context of outdoor play

The Keg, Milestones,
Lone Star
Tim Horton’s,
Starbucks
Menchies, Mio
Gelato, Spin Dessert
Cafe
Esso, 7/11, Macs,
OnRoute
Movie theatre,
museum, art gallery,
parliament buildings,
Springer Market
Square, Fort Henry
Church (including
Salvation Army
churches),
synagogue, mosque
Kingston Community
Health Centres, Wally
Elmer Youth Centre,
Kingston Family
Resource Centre (CFB
Kingston),
Portsmouth Olympic
Harbour, air cadets,
Girls and boys Centre
in Frontenac Mall
Please find a list of all KFPL branches here
http://www.kfpl.ca/hours-and-locations/allbranches
Doctor’s office,
dentist, hospital,
optometrist
Walk around the
neighbourhood, walk
the dog, leisure drive,
hike, walk to the
mailbox, walk within
a park
Paper route
Loops around the
neighbourhood,
sporadic movement
with no clear
destination
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This refers to a trip that starts and ends in the
same location with no particular destination.
This could be a leisure walk or drive. If there is
a fast food drive-through in the trip, it should
be split into 2 trips.
Outside work or chores should be identified in
the participant’s log.
This category represents children’s active play
that PALMS may have captured as a trip. In
this kind of trip, travel mode will be
pedestrian or bicycle, there will likely be no
obvious start or end point, there may be

32

Boating or watersports

33

Other

34

Unknown

35

Transit stop

Police station

City bus stop, subway
station, ferry
terminal
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multiple loops and there may be multiple
trips in a row.
This refers to any trip that takes place over
water.
If the location does not fall into any other
category.
This will typically occur if the GPS watch has
died before reaching the final location.
For non-school bus travel.

Appendix B: City/Queen’s Recreation Facilities in Kingston (#9, 10)
Arenas
•
•
•
•
•

Cataraqui Arena
Centre 70
INVISTA Centre
Memorial Centre
Constantine Arena (CFB Kingston)

Aquatics Facilities
• Queen’s ARC
• Artillery Park
• Tomlinson Aqua Park (Memorial Centre)
• Kingston Military Community Sports Centre (CFB Kingston)
Soccer fields
• Caraco Home Field
• Bayridge Park
• Cloverdale Park
• Jim Beattie Park
• John Brewer Park
• John Machin Park
• LaSalle Park
• McCullough Park
• Meadowcrest Park
• Pierson Park
• Shannon Park
• Woodbine Park
• Tindall Field (Queen’s)
• Nixon Field (Queen’s)
• Miklas-McCarney Field (Queen’s)
• CFB Kingston Sports Dome (CFB Kingston)
• CFB Kingston soccer fields (including Hospital and McNaughton fields)
Baseball diamonds
• Bayridge Park
• City Park
• Cloverdale Park
• Jim Beattie Park
• John Brewer Park
• LaSalle Park
• McCullough Park
• Meadowcrest Park
• Pierson Park
• Rotary Park
• Shannon Park
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•
•
•

Victoria Park
Woodbine Park
CFB Kingston baseball diamond
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Appendix C: School and home less than 3 minutes apart
If all trips to and from school were identified while completing the protocol, disregard this appendix.
1. Identify the start and end time of the participant’s school day. This information can be found
online.
2. In the Google fusion table, select “Filter” by “dow” (day of week). We are interested in Monday (1)
through Friday (5).
3. Start with dow=1
a. Identify when the participant travelled to and from school. This will appear as green or
yellow points leading to and from school.
b. Determine the time of these trips by:
i. Clicking on the points on the google fusion table and identifying approximately
what time these trips occurred.
ii. Filtering by “datetime” around these identified trips to determine the exact times
iii. Look at the “activity” counts to confirm consistent movement within this time.
c. Change the “0” in the “tripNumber” column to “1+the current highest trip number” for
each trip to and from school
d. Identify the appropriate “tripStart” and “tripEnd” locations as per Appendix A and replace
the “0”s in those columns for the duration of the trip
e. Change the “tripMOT” column to reflect the appropriate modality. In this case it will likely
be pedestrian (1) or bicycle (2).
f. Complete steps a-d for each trip to and from school for that day
4. Complete step 7 for each remaining weekday (i.e., dow=2, dow=3, dow=4 and dow=5)
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Appendix D: Examples

Figure 1: This is an example of a valid vehicle trip from Frontenac Mall to the participant’s home.
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Figure 2: This is an example of a valid pedestrian trip from home to school.
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Figure 3: Example of an invalid trip that takes place solely within the school yard.
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Figure 4: Example of a valid walk to school. This trip will need to be shortened as there is a clustering of
points once the participant arrived at school.
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Figure 5: Example of a valid trip home on the bus. As there is vehicle travel and walking, this trip will need
to be split into 2 trips.
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Appendix Q:
ArcMap steps for identifying GPS coordinates as indoors or outdoors
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ArcGIS Protocol for Identifying GPS points as Occurring Indoors or Outdoors
1.

Open ArcMap

2.

Open the City of Kingston buildings file. > File > Add Data > Add Data. Navigate to the following
directory: \\192.168.1.100\Epi Lab\GIS\updated GIS files Jan 2017 and select the shapefile called
‘Building’. Once the file is selected, click ‘Add’ then ‘Close’.

3.

Open the GPS coordinates CSV file for the participant of interest. This should only be done after all
PALMS cleaning is finished. > File > Add Data > Add x,y data. In the pop-up-box under ‘Choose a
table…’ choose the CSV for the participant of interest. These files are located in the following
directory: \\192.168.1.100\Epi Lab\PALMS exports\CSV. Next, for the ‘X field’ option choose
‘lon_final’ and for the ‘Y field’ option choose ‘lat_final’. Then, click ‘Edit…’ and select the ‘NAD 1983
(2011)’ geographic coordinate system, which should appear in the favourites folder. Click ‘OK’. Click
‘OK’ again. The GPS points should now appear on the map.

4.

Convert the CSV file into an ArcMap shapefile. In the Layers Table of Contents right click on the GPS
CSV layer opened in Step 3. > Data > Export Data. For the “Output Location”, use the following
directory: \\192.168.1.100\Epi Lab\GIS\PALMS+GPS and name the file ‘ParticipantID_GPS’ (e.g., for
participant 123 the file directory path and name would be \\192.168.1.100\Epi
Lab\GIS\PALMS+GPS\123_GPS). Click ‘OK’. Click ‘Yes’. Now, in the Table of Contents right click on the
name of the GPS CSV layer opened in Step 3 and select ‘Remove’.

5.

Join the GPS points and building polygons. In the Table of Contents right click the GPS points shapefile
layer that was created in Step 4. > Joins and Relates > Join. Under ‘What do you want …’ select 'Join
data from another layer based on spatial location'. Under ‘Choose the layer…’ select the ‘Buildings’ file
opened in Step 2. Under the ‘Each point will be given…’ option select the first option ‘Each polygon is
given a summary of the numeric attributes...’. Change the directory and file to the following:
\\192.168.1.100\Epi Lab\GIS\PALMS+BUILDINGS_SHP\ParticpantID_buildings (e.g., for participant
0123 it would be \\192.168.1.100\Epi Lab\GIS\PALMS+BUILDINGS_SHP\0123_buildings). Click ‘OK’. A
pop-up-window will now appear showing the progress of the spatial joining. It will take a couple of
minutes for the join to complete.
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6.

Export the attributes table of the joined shapefile layer as an Excel file. > Geoprocessing > ArcToolbox
> Conversion Tools > Excel > Table To Excel. Under ‘Input Table’ select the ParticipantID_buildings file
created in Step 5. Under ‘Output Excel File’ change the directory to: \\192.168.1.100\Epi
Lab\GIS\PALMS+BUILDINGS_EXCEL\ and file name to ‘zParticipantID’. (e.g., for participant 123 it
would be \\192.168.1.100\Epi Lab\GIS\PALMS+BUILDINGS_EXCEL\z0123). Click ‘OK’.

7.

Edit the Excel file. Open the Excel file created in Step 6. Delete the ‘FID’ column. Delete the
‘OBJECTID’ column. Make sure the final is sorted in ‘smallest to largest’ order based on the Sequence
column. Re-label the “Identifier” column header to “Participant ID”. Open the PALMS CSV file for this
participant located in the following directory: \\192.168.1.100\Epi Lab\PALMS exports\CSV. Make
sure this file is also sorted according to the Sequence column. Copy the ‘dateTime’ column from the
CSV file and past it into the corresponding column in the Excel file. Save the changes to the Excel file
before closing it.

8.

Remove all of the layers with the exception of the Buildings layer by right clicking on the layer name
and selecting ‘Remove’. Repeat steps 3 to 7 for the next participant. Note that if ArcGIS is working
slowly, you should close the program and re-open it in between participants.
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Appendix R:
Supplemental SAS syntax from manuscript 1
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*****************************************************************************
SUPPLEMENTARY FILE 1 Development of a measurement approach to assess time children
participate in outdoor active play, organized sport, active travel, and curriculum-based physical activity
Borghese MM, Janssen I
BMC Pubic Health
SAS SYNTAX FOR DERIVING ESTIMATES OF TIME THAT CHILDREN SPEND IN DIFFERENT
TYPES OF PHYSICAL ACTIVITY
This code is meant to serve as a starting point for researchers to replicate two algorithms that we describe
in the above paper - one for deriving estimates of
outdoor active play and the other for deriving estimates of curriculum-based physical activity. To use this
code you will need to have an intermediate understanding of SAS syntax and be familiar with methods that
are commonly used when collecting, managing, and analyzing accelerometer and GPS data in children.
For a visual schematic of data management and reduction, refer to Figure 1 in the paper.
****************************************************************************
****************************************************************************
1 - Overview of data collection
Accelerometer and GPS data will need to be collected, and information on participants' organized sport
times, sleep times, and school schedules is required.
****************************************************************************
****************************************************************************
2 - Preliminary data processing
There are several preliminary data processing steps that are required in order to derive the final dataset.
2.1 Following data collection, accelerometer and GPS must be merged according to accelerometer epoch. A
variety of software packages could be used to do this. We merged these data using the Personal
Activity and Location Measurement System (PALMS): https://palms.ucsd.edu:8443/PALMS/. PALMS
is a free service provided by the Center for Wireless and Population Health Systems at the
University of California, San Diego (https://ucsd-palms-project.wikispaces.com/). If you would like
to know which parameters and values were selected within PALMS for the current paper, please
contact the authors (Mike Borghese,14mmb4@queensu.ca; Ian Janssen, ian.janssen@queensu.ca).
2.2 After the accelerometer and GPS data have been merged (e.g., using PALMS) you may wish to visually
inspect GPS data, and if possible, impute missing GPS data. You may also wish to visually inspect
trips identified by PALMS and add delete falsely identified trips. These steps are explained in more
detail in the paper. Although these steps are not necessary, it our experience they were important.
2.3 Identify time spent indoors and outdoors. Obtain GIS data from the geographic region that you
collected accelerometer and GPS data. Combine the cleaned, merged accelerometer and GPS data
with building footprint information to determine whether a GPS point is indoors or outdoors using
ArcGIS or similar GIS software. You may want to develop your own approach to clean this
indoor/outdoor variable for GPS jitter and GPS drift. An alternative approach for this step would be
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to use a satellite signal-to-noise ratio built into the GPS device to determine if each of the GPS data
collection points occurred while the participant was indoors or outdoors.
2.4 Import and concatenate all of these files into SAS. Flag all the relevant times that participants recorded
on their activity logs - including time spent sleeping, participating in organized sports and school
schedule information (day of the week, start and end times of school and recess).
2.5 Identify accelerometer non-wear time and categorize movement into intensity categories. This will be
specific to the device used, wear location, epoch length, and population being studied.
2.6 Derive a dataset containing only those participants with sufficient wear time. In our study we required
that participants have at least 4 days with at least 10 hours of paired accelerometer and GPS data
(after having removed accelerometer non-wear time and missing GPS data). This is the primary
dataset that should be used for the code below.
****************************************************************************
****************************************************************************
3 - Derive estimates of organized sport participation and active travel
In the dataset derived in Step 2.6, output estimates of time spent in organized sport and active travel.
****************************************************************************
****************************************************************************
4 - Derive variables needed for prediction algorithms
At this point, the dataset should contain the following variables:
Identifier - participant ID variable
Sequence - number of accelerometer epochs for each participant, in sequence
Activity – accelerometer activity count for that epoch
Outdoor - denotes whether each epoch occurred while the participant was
indoors or outdoors (note:
in our study 0 referred to indoors and 1 referred to outdoors)
Sleeping - denotes whether each epoch occurred while the participant was
sleeping or not sleeping
(note: in our study 1 referred to sleep periods and 0 referred to non-sleep periods)
Nonwear - denotes whether the accelerometer was worn during this epoch (note:
in our study 1
referred to epochs recorded during non-wear time and 0 referred to epochs recorded while the
accelerometer was worn)
GPS_missing - denotes whether the GPS logger was worn during this epoch and GPS data were recorded
(note: in our study 1 referred to epochs that
had missing GPS data or during which time the GPS logger
was not worn while 0 refers to epochs with useable GPS logger data).
School - denotes school hours, i.e., a school day during school hours, but excludes recess time during the
school day (note: in our study 1 referred to epochs that occurred during school curriculum-time and
0 referred to epochs that did not occur during school curriculum time)
Recess - denotes whether the participant was in school recess during this
time, i.e., a school day
during a school recess period (note: in our
study 1 referred to epochs recorded during recess and 0
referred to
epochs that did not occur during recess)
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Trip - denotes whether the participant was engaged in a trip (active or passive) during this time (note: in
our study 1 referred to epochs recorded during a trip and 0 referred to epochs recorded while not
in a trip)
Sports - denotes whether the participant was engaged in an organized sport during this time (note: in our
study 1 referred to epochs recorded during an organized sport and 0 referred to epochs recorded
while not participating in an organized sport)
4.1 Create several rolling averages of physical activity intensity for each epoch. The code below produces 5min, 10-min, and 20-min centred- and forward-rolling averages. Note that ‘20’, ‘40’ and ‘80’ values
were used in this code because we used 15s epochs. These values would be different for other
epoch lengths.
;
PROC sort data=data1;
by identifier sequence;
run;
proc expand DATA = data1 OUT = data2;
by identifier;
id sequence;
convert activity = mAVGcount_F20 / METHOD = none TRANSFORMOUT =
(reverse movave 20 reverse);
convert activity = mAVGcount_C20 / METHOD = none TRANSFORMOUT =
(cmovave 20);
convert activity = mAVGcount_F40 / METHOD = none TRANSFORMOUT =
(reverse movave 40 reverse);
convert activity = mAVGcount_C40 / METHOD = none TRANSFORMOUT =
(cmovave 40);
convert activity = mAVGcount_F80 / METHOD = none TRANSFORMOUT =
(reverse movave 80 reverse);
convert activity = mAVGcount_C80 / METHOD = none TRANSFORMOUT =
(cmovave 80);
label mAVGcount_F20=mAVGcount_F20
mAVGcount_C20=mAVGcount_C20
mAVGcount_F40=mAVGcount_F40
mAVGcount_C40=mAVGcount_C40
mAVGcount_F80=mAVGcount_F80
mAVGcount_C80=mAVGcount_C80;
run;
*
4.2 Identify movement intensity bouts (i.e., 2 - 9 /10 minutes for sedentary, light, moderate, vigorous, and
moderate-to-vigorous intensities). This can be done using step #3 of the code developed by
Boudreau & Belanger (http://mathieubelanger.recherche.usherbrooke.ca/Actical.htm#2-5.) for
data collected in epoch lengths shorter than or equal to 1 minute. Alternatively, the ACCEL+ code
developed by Rachel Colley and the HALO group can be used for data collected in 1 minute epochs
(http://www.haloresearch.ca/accel/).
Once the start and end times of each bout length is identified, these times can be combined with the
primary dataset containing merged accelerometer, GPS, activity log, and indoor/outdoor data. An example
of a macro to do this is provided below
;
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%macro merge;

*Change all four of these to _'intensity'XofY - i.e., for bouts of MVPA lasting 8 of 10
minutes, write: _mv8of10;

%let i = _mv8of10;
%let j = _mv8of10_start;
%let k = _mv8of10_end;
%let l = _mv8of10_wide;
data output.Out&i;
set output.Out&i;
identifier=input(am_identify_no, 4.);
if end_mv=0 then delete;
drop clinicid am_identify_no;
run;
PROC sort data=output.Out&i;
by identifier dayworn mv_num;
run;
data output.Out&i;
set output.Out&i;
by identifier dayworn mv_num notsorted;
retain group;
if first.identifier then group=1;
else group+1;
run;
proc transpose data=output.Out&i out=output.Out&j prefix=start;
by identifier;
id group;
var strt_mv;
run;
proc transpose data=output.Out&i out=output.Out&k prefix=end;
by identifier;
id group;
var end_mv;
run;
data output.Out&l;
merge output.Out&j output.Out&k;
by identifier;
drop _name_;
run;
%mend;
%merge;
%macro flagmv8;
*Adjust q for the number of bouts;
%let i = _mv8of10;
%let l = _mv8of10_wide;
%let q=35;
data data2;
merge data2 output.out&l;
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by identifier;
run;
data data2;
set data2;
bout&i=0;
array start (*) start1--start&q;
array end (*) end1--end&q;
do i=1 to &q;
if start(i) <=
sequence1
<=
end(i) then bout&i=1;
end;
run;
data data2;
set data2;
drop
start1 -- end&q i;
run;
%mend;
%flagmv8;
****************************************************************************
****************************************************************************
5 - Develop and apply outdoor active play algorithm
The algorithm provided below is meant as a starting point for researchers to develop their own unique
approach to predicting time spent in outdoor active play. It is provided as a guide, and by no means will it
provide a valid estimate of time spent in outdoor active play in other studies/samples.
5.1 Create a dataset containing only time that could possibly be considered outdoor active play. Time spent
sleeping, during school, or participating in organized sports or active travel are removed. Time
when children did not wear either device is also removed. Also create an initial prediction variable.
Note that you could do this step prior to step 2.6, which would improve efficiency.
*Set-up an initial prediction variable
OAP_pred - initial prediction variable. Is equal to 0 if outdoor active play is not likely to have occurred at
this time and is set to 99 if outdoor active play is probable during this time.
bout_'intensityXofY' - Denotes whether an individual epoch is contained with a bout of movement
intensity. For example, "bout_sed8of10=1" means that this epoch is contained with a bout of at
least 8 out of 10 minutes of sedentary time.
ACCELnonwear - nonwear time. Is equal to 1 if device is not being worn at that time, or 0 if it is being worn.
GPS_miss - GPS nonwear time. Is equal to 1 if device is not being worn at that time, or 0 if it is being worn.
in_school - denotes whether a participant is in school (1) or not (0)
trip/daycamp/sports – 3 variables which denote whether a participant was engaged in this pursuit at this
time (1) or not (0)
Outdoor - denotes whether a participant is outdoors (1) or not (0)
;
data data2_oaponly;
set data2;
OAP_pred=99;
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if bout_sed8of10=1 then OAP_pred =0;
if bout_sed8of10=1 AND mAVGcount_F80>100 then OAP_pred =99;
if sleeping=1 then delete;
if ACCELnonwear=1 then delete;
if gps_miss=1 then delete;
if in_school=1 then delete;
if trip=1 then delete;
if sports=1 then delete;
run;
*
5.2 Create an outdoor session variable and compute the proportion of time spent in each movement
intensity during each session. Merge these proportions with the primary dataset.
;
data data3; *Flag each unique session;
set data2_oaponly;
by identifier day notsorted OAP_pred;
retain group;
if first.identifier then group=0;
if first.OAP_pred and OAP_pred=99 then group+1;
outdoor_session=group;
if OAP_pred=0 then outdoor_session=0;
drop group;
run;
PROC summary data=data3; *Output sessions;
by identifier outdoor_session;
var mvpa vpa mpa lpa sed;
output out=outdoor_session sum=n_epochs_mvpa n_epochs_vpa n_epochs_mpa n_epochs_lpa
n_epochs_sed;
where outdoor_session ne 0;
run;
Data outdoor_session;
set outdoor_session;
duration_min=_FREQ_/4;
percent_mvpa=n_epochs_mvpa/_FREQ_;
percent_vpa=n_epochs_vpa/_FREQ_;
percent_mpa=n_epochs_mpa/_FREQ_;
percent_lpa=n_epochs_lpa/_FREQ_;
percent_sed=n_epochs_sed/_FREQ_;
run;
*Merge outdoor_session with data3;
proc sort data=outdoor_session;
by identifier outdoor_session;
run;
proc sort data=data3;
by identifier outdoor_session;
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run;
data data3;
merge data3 outdoor_session;
by identifier outdoor_session;
run;
*
5.3 Apply the outdoor active play algorithm. There will need to be many iterative attempts to develop the
best possible algorithm. Below is the best possible algorithm that we developed in our study.
;
data data3;
set data3;
OAP_pred=99;
if bout_sed8of10=1 then OAP_pred=0;
if bout_sed8of10=1 AND mAVGcount_F80>90 then OAP_pred=99;
if OAP_pred=0 AND mAVGcount_C20 > 180 then OAP_pred=99;
OAP_pred2=OAP_pred;
if OAP_pred=99 AND percent_sed>0.57 then OAP_pred2=0;
if OAP_pred=99 AND percent_mvpa<0.03 then OAP_pred2=0;
if OAP_pred2=0 AND mAVGcount_C80>334 then OAP_pred2=99;
OAP_pred3=OAP_pred2;
if OAP_pred2=99 AND bout_sed7of10=1 AND percent_sed>0.52 then OAP_pred3=0;
run;
*
5.4 Output estimates of time spent in outdoor active play.
****************************************************************************;
****************************************************************************
6 - Develop and apply curriculum-based physical activity algorithm
An explanation of how to derive many of the variables that are needed for this algorithm is provided above.
The algorithm provided below is meant as a starting point for researchers to develop their own unique
approach to predicting time spent in curriculum-based physical activity. It is provided as a guide, and by no
means will it provide a valid estimate of time spent in curriculum-based physical activity in other
studies/samples.
6.1 Start with dataset derived in step 2.6. Remove all data except for epochs that occur during school
hours, but not during recess time (referred to here as data1_PE). Develop and apply an algorithm to predict
time spent in curriculum-based physical activity. The algorithm developed for our paper is below.
*Set-up an initial prediction variable
Physed_pred = initial prediction variable. Is equal to 0 if curriculum-based physical activity is not likely to
have occurred at this time and is set to 1 if curriculum-based physical activity is probable during this
time. Set to 99 by default
;
data data1_PE;
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set data1_PE;
Physed_pred=99;
if bout_lt5of10=1 then Physed_pred =1;
if bout_sed7of10=1 then Physed_pred =0;
if Physed_pred =0 AND mAVGcount_c80 > 377 then Physed_pred =1;
Physed_pred2=Physed_pred;
if Physed_pred=1 AND percent_mvpa_physed_num < 0.05 then Physed_pred2=0;
if Physed_pred=1 AND percent_sed_physed_num > 0.77 then Physed_pred2=0;
run;
*
6.2 Create curriculum-time session variable and compute the proportion of time spent in each movement
intensity during each session.
;
proc sort data=data1_PE;
by identifier sequence;
run;
data data1_PE;
set data1_PE;
by identifier notsorted Physed_pred2;
retain group;
if first.identifier then group=0;
if first.Physed_pred2 AND Physed_pred2=1 then group+1;
physed_num=group;
if Physed_pred2=. then physed_num=.;
drop group;
run;
proc sort data=data1_PE;
by identifier physed_num;
run;
proc summary data=data1_PE;
by identifier physed_num;
var mvpa vpa mpa lpa sed;
output out=physed_num sum=mvpa_sum vpa_sum mpa_sum lpa_sum sed_sum;
run;
*
6.2
Merge these proportions with the primary dataset. Remove sessions that are <15 minutes or >100
minutes. (Note: we chose 15 and 100 minutes based on typical lengths of physical education and
daily physical activity classes in our local schools)
;
data physed_num;
set physed_num;
if physed_num=. then delete;
physed_num_duration=_FREQ_/4;
percent_mvpa_physed_num=mvpa_sum/_FREQ_;
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percent_vpa_physed_num=vpa_sum/_FREQ_;
percent_mpa_physed_num=mpa_sum/_FREQ_;
percent_lpa_physed_num=lpa_sum/_FREQ_;
percent_sed_physed_num=sed_sum/_FREQ_;
valid_physed_num=1;
if physed_num_duration le 15 then valid_physed_num=0;
if physed_num_duration > 100 then valid_physed_num=0;
drop _TYPE_ -- sed_sum;
run;
proc sort data=physed_num;
by identifier physed_num;
run;
proc sort data=data1_PE;
by identifier physed_num;
run;
data data1_PE;
merge data1_PE physed_num;
by identifier physed_num;
if valid_physed_num=0 then Physed_pred2=0;
run;
*
Output estimates of time spent in curriculum-based physical activity
;
****************************************************************************;
6.3
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Appendix S:
Supplemental tables from manuscript 2
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Supplementary Table 1. Movement intensity composition of outdoor active play, active travel, curriculumbased physical activity, and organized sport.
Moderate-to-vigorous
intensity movement (%)

Light intensity movement
(%)

Sedentary time
(%)

29 (26, 32) *

46 (43, 50) †

25 (23, 27)

Active travel

59 (52, 65) *, †; ‡

31 (27, 35) †; ‡

10 (9, 12) ‡

Curriculum-based
physical activity

27 (24, 29) *, †; §

38 (34, 41) ‡, §

35 (33, 38) ‡, §

Organized sports

24 (21, 27) *, †; §

32 (28, 37) †; ‡, ||

44 (36, 52) ‡, §, ||

Outdoor active play

Note: Values presented as mean (95% CI) of proportions which sum to 100% by row. Linear mixed models
with Bonferroni post hoc tests were used to compare proportions. Superscript * and † denote differences
between columns while superscript ‡, §, and ||denote differences between rows.
* Significantly different from light intensity movement (p < .05)
† Significantly different from sedentary time (p < .05)
‡ Significantly different from outdoor active play (p < .05)
§ Significantly different from active travel (p < .05)
|| Significantly different from curriculum-based physical activity (p < .05)
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Supplementary Table 2. Proportion of movement intensities accrued through different types of physical
activity (and other pursuits).
Moderate-to-vigorous
intensity movement *, †

Light intensity
movement †

Sedentary time

18 (17, 19)

10 (10, 11)

2 (2, 2)

Active travel (%)

13 (11, 14) ‡

2 (2, 3) ‡

0 (0, 0) ‡

Curriculum-based
physical activity (%)

10 (9, 10) ‡, §

5 (4, 5) ‡, §

1 (1, 1) §

Organized sport (%)

12 (10, 13) ‡

6 (5, 7) ‡, §

2 (2, 3) §, ||

49 (46, 51) ‡, §, ||, ¶

77 (74, 79) ‡, §, ||, ¶

95 (92, 97) ‡, §, ||, ¶

Outdoor active play (%)

Other (%)

Note: Values presented as mean (95% CI) of proportions which sum to 100% by column. Linear mixed
models with Bonferroni post hoc tests were used to compare proportions. Superscript * and † denote
differences between columns while superscript ‡, §, ||, and ¶ denote differences between rows.
* All values are significantly different from light intensity movement (p < .05)
† All values are significantly different from sedentary time (p < .05)
‡Significantly different from outdoor active play (p < .05)
§ Significantly different from active travel (p < .05)
|| Significantly different from curriculum-based physical activity (p < .05)
¶ Significantly different from organized sport (p < .05)
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