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Sleep is important for the physical, social and mental well-being of both children and adults. In this paper,
we discuss the need to consider sleep as a multidimensional construct and as a component of total 24-hour
activity. First, we make a case for considering sleep as a multidimensional construct, whereby all character-
istics of sleep (including duration, quality, timing, and variability) and their links with health are examined.

Second, we argue that sleep should also be conceptualized as part of the daily spectrum of time-use, along
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with other types of activity. We propose novel statistical models, in particular compositional data analysis
(CoDA), as appropriate analytical methods for a new sleep paradigm.
© 2018 National Sleep Foundation. Published by Elsevier Inc. All rights reserved.

Introduction

Sleep characteristics such as duration, quality, timing and variabil-
ity have been associated with a wide range of health outcomes, in-
cluding cognitive,' psychosocial? and cardiometabolic health,? as
well as specific conditions such as Type 2 diabetes,* cardiovascular
disease,” stroke® and obesity.”

Accordingly, sleep is increasingly being recognized as a central
concern for population health. Heffron,® for example, argues that
“sleep is one of the three pillars (diet, exercise and sleep) of a healthy
lifestyle”, while Perry and colleagues® emphasize the need to
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consider sleep as “being as critical to health as diet and physical activ-
ity”. In line with these messages, the American Academy of Sleep
Medicine, the Centers for Disease Control and Prevention, and the
Sleep Research Society partnered on the Healthy Sleep Project, in an
effort to improve public health by promoting healthy sleep.® The ini-
tiative included the Sleep Well, Be Well campaign, which highlighted
the importance of adequate and consistent sleep, avoiding alcohol
and caffeine before bed and seeking medical advice for sleep prob-
lems. Similarly, the (American) National Sleep Foundation has re-
cently proposed the “Sleep Health Index”, which attempts to
capture the construct of sleep health based on multiple sleep
characteristics.'® These two approaches represent a shift in the con-
ceptualisation of sleep in relation to population health.

Historical attempts to improve sleep largely focused on sleep
duration.!" In contrast, conceptualizing sleep as a multidimensional
construct'? and treating sleep holistically recognizes that sleep dura-
tion, as well as other sleep characteristics such as quality, timing and
variability, may all be important for health.®'? Sleep has also tradi-
tionally been considered as divorced from the 24-hour day. However,
any change in sleep duration will necessarily entail changes in the
other time-use components of that day. Conceptualizing sleep as a
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component of 24-hour time use recognizes that sleep duration does
not occur in isolation from other time-use domains (i.e. sedentary
time and physical activity), which are also known to affect health.!®
While these two approaches may seem contradictory, they each pro-
vide a complementary and unique insight into the role of sleep.

In spite of these new perspectives, our current understanding of
sleep stems from studies that examine the association between an in-
dividual sleep characteristic (often sleep duration) and a given health
outcome. To date, relatively few studies have considered sleep as a
multidimensional construct or as a component of daily time use.
There is also no agreed framework for considering sleep in these
new ways.

The purpose of this paper is, therefore, to present a rationale and a
methodology for conceptualizing sleep both as a multidimensional
construct and as a component of daily time use. Specifically, we dis-
cuss why sleep should be considered from these perspectives and de-
scribe statistical techniques for the analysis of sleep data within this
new paradigm.

Sleep as a multidimensional construct

Over the years, there has been increasing awareness that sleep
duration may not be the only characteristic contributing to opti-
mal health and well-being. It has been recognized that other
characteristics of sleep, such as sleep quality, timing and variabil-
ity, may all play an important role.!? Indeed, a Scopus database
search conducted on the 25th of July 2017 reveals that the num-
ber of hits returned for publications with title or abstract key
words containing a specific sleep characteristic has risen expo-
nentially over the last twenty years, with particular growth in
characteristics other than duration (Fig. 1a). Although an in-
crease has also been observed for studies of multiple sleep char-
acteristics, these are more recent and fewer in number (Fig. 1b).
These searches were exploratory and illustrative, where sleep
characteristics were entered into Scopus' key word/abstract
search engine and the number of hits per year function was
used to generate the graph.

Studies that examine the association between sleep and health
have traditionally focused on specific sleep characteristics as indi-
vidual qualities.>>*'1* Recent studies have begun to examine the
association of multiple sleep characteristics on a given health out-
come. In a systematic review of sleep and cognition, Astill and col-
leagues found that sleep duration, but not sleep efficiency (a
measure of sleep quality), was associated with measures of cogni-
tion and behavioral problems.! In contrast, Cappuccio and col-
leagues identified both sleep duration and quality as predictors
of future risk of developing type 2 diabetes in a systematic review
and meta-analysis.*

While considering multiple sleep characteristics as independent
predictors of health acknowledges their coexistence, this approach
does not account for the potential interactions between characteris-
tics, or the inherently multidimensional nature of sleep. Indeed, the
very notion of an ‘independent risk factor’ is complex and dependent
on the statistical model.’® Therefore, the conceptualization of the
sleep-health link should shift from considering individual sleep char-
acteristics as independent entities to understanding how multiple
sleep characteristics and their interactions explain variance in health
outcomes.

In the next sections, we discuss how sleep may be considered in
terms of a multidimensional construct (section 2.1), which analytical
techniques will help us achieve this (section 2.2), studies that have
examined the multidimensionality of sleep (section 2.3), and meth-
odological considerations for examining multiple sleep characteris-
tics (section 2.4).

Conceptualizing sleep as a multidimensional construct

Conceptualizing sleep as a multidimensional construct is akin to
the conceptualisation of other movement-based activities. Just as
physical activity can be described in terms of frequency, intensity,
time, and type,'® so too can sleep be described in terms of duration,
quality, timing and variability. It is possible that each characteristic
of sleep has an important and unique effect on health, in the same
way that different characteristics of physical activity contribute to
health outcomes. For example, a ‘weekend warrior’ is a person who
is very physically activity on the weekend but mostly sedentary on
weekdays, but this pattern of activity has been shown to be protec-
tive against all-cause mortality,'” while increasing the risk of
injury.'® Similarly, more interruptions in sedentary time have been
shown to reduce metabolic risk, independent of total sedentary
time and levels of physical activity, suggesting that the manner in
which physical activity is accumulated is important for health.!®

Sleep characteristics may be conceptualized as ‘time-based’ or
‘perception-based’ measures.?® While we acknowledge that there
may be a role for subjective, ‘perception-based’, sleep characteristics
(e.g. perceived sleep quality), in this paper we consider only objec-
tively quantified time-based sleep characteristics, and which are in-
creasingly monitored at population®' and individual?® levels. We
suggest four key sleep characteristics: sleep duration, timing, quality
and day-to-day variability.

Objectively-quantified time-based sleep characteristics may be
conceptualized, defined and operationalized in a variety of ways.
Given that sleep quality may be conceptualized as both a ‘time-
based’ or ‘perception-based’ measures, we will refer to sleep continu-
ity as a proxy measures for sleep quality. This approach has been
adopted by Buysse'? as well as The National Sleep Foundation, who
recently released evidence-based recommendations and guidance
on indicators of good sleep quality across the lifespan.?? This review
identified objective measures of sleep continuity (sleep latency, num-
ber of awakenings, wake after sleep onset, and sleep efficiency) as ap-
propriate indicators of sleep quality.?? While we acknowledge that
sleep characteristics may be defined in a variety of ways, how to
best to define and operationalize each characteristic is beyond the
scope of this paper.

Examining sleep as a multidimensional construct

We discuss three ways in which the association between sleep
characteristics and health could be examined. The first method is to
look at additive associations of multiple sleep characteristics. This in-
volves examining two or more sleep characteristics within the same
statistical model, considering how each accounts for others and ide-
ally considering interaction effects between sleep characteristics.
The second method is to create a composite sleep score, whereby
sleep characteristics are computed to create an index of how ‘good’
sleep is overall. The third method provides further insight into the
multidimensional nature of sleep by examining sleep profiles within
individuals. A sleep profile refers to the specific combinations of dif-
ferent levels of different sleep characteristics experienced by individ-
uals. For example, the sleep profile of one person may involve long,
inefficient sleep times with early bed- and late rise-times that are
highly variable across a week, while the sleep profile of another per-
son may involve short, efficient sleep with late bed- and early rise-
times that are fairly consistent throughout the week. Sleep profiles
experienced by individuals are then associated with a given health
outcome.

Studying additive associations and composite indices involve var-
iable-based approaches, while studying individual profiles of sleep is
necessarily a person-based approach. A person-based approach de-
fines different subtypes of individuals that exhibit similar patterns
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Fig. 1. a. Searches were conducted by combining the word ‘sleep’ and the word designating the characteristic(s). For example, ‘sleep duration, quality and timing was searched used
‘sleep’ and ‘duration’. b. Searches were conducted by combining the word ‘sleep’ and the word designating the characteristic(s). For example, ‘sleep duration’ was searched used

‘sleep’ and ‘duration’ and ‘quality’ and ‘timing’.

of sleep characteristics. While variable-based approaches are able
to compare the association between different sleep characteristics
and a given health outcome, they do not necessarily account for
whether or not characteristics are present in the same people.?>
Therefore, they do not reveal what kind of subgroups exist in the
population and how prevalent these subgroups are. Both ap-
proaches are important for understanding sleep as a multidimen-
sional construct.?4-2%

The statistical methods involved applying the three multidimen-
sional approaches are described briefly below.

Examining the additive association of sleep characteristics

Regression models may be used to examine the additive associa-
tion of sleep characteristics and health outcomes. However, if there
is significant multicollinearity of sleep input variables, a different
model, such as Partial Least Squares Regression (PLSR), may be
needed. PLSR is appropriate when there are multiple predictor
variables, even when those variables are correlated.?” The method re-
duces the predictor variables to principal components, and regresses
those components against the outcomes. Variable Importance in Pro-
jection (VIP) values can then be calculated for the predictor variables,
which ranks each of the variables making up each component

according to its importance for each outcome measure.?’ Results of
PLSR analysis will therefore provide insight into the relative impor-
tance of each of the different sleep characteristics for a given health
outcome measure. However, it is important to note that it is often dif-
ficult to interpret loadings of independent latent variables using
PLSR.?® That is, while we may be able to determine whether or not
a component is associated with a given outcome, it is rather difficult
to determine the relative importance of the items that make up each
component.

PLSR is just one example of an alternate statistical technique that
may be appropriate to handle complex, correlated sleep data. Non-
parametric multi-variable modeling approaches, such as tree-struc-
tured models and random forests, are also appropriate for handling
complex, correlated data with minimal assumptions and have re-
cently been applied to sleep analysis.?° Regularized regression
techniques, such as the Least Absolute Shrinkage and Selection Oper-
ator (LASSO)>° and Elastic Net>! methods, are other regression ap-
proaches used to create parsimonious models when dealing with a
large number of potentially correlated independent variables. These
methods tend to weaken the absolute effect sizes but they are useful
in situations where a large number of predictors correlate with each
other and they help reduce the risk of overfitting/over-adjustment.
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Examining sleep characteristics as a composite sleep score

Composite sleep scores yield a single quantitative score with a
known range, and may be generated by consensus-based weighting,
or by data reduction techniques such as factor analysis or principal
component analysis. Composite sleep scores are helpful in the
development of self-report sleep questionnaires where multiple
questions relating to a particular aspect of sleep are asked and inves-
tigators are trying to determine which factors or components are
most essential.'®

Examining sleep profiles

Sleep profiles may be developed through multivariate methods
such as cluster analysis or latent class analysis. Cluster analysis
groups individuals within a population according to shared or similar
attributes. For example, symptoms of clinical disorders may undergo
cluster analysis to find subtypes of conditions and therefore to de-
velop more accurate disease typologies and identify subgroups
(who may be) particularly amenable to interventions. For population
sleep, clustering would help recognize patterns of sleep that are
shared by many individuals who may experience similar risks for
health outcomes or respond similarly to sleep promotion efforts. A
number of different clustering techniques are available that differ in
the clustering algorithm used, with the most common techniques
being K-means and hierarchical cluster analysis.>? For cluster analy-
sis, care is required to determine whether or not identified clusters
are based on real patterns. This is particularly important if clusters
are to be applicable for population health promotion or prevention
strategies.

Latent class analysis (LCA) and latent profile analysis (LPA) are
multivariate approaches that are based on structural equation model-
ing. In contrast to LCA, which handles categorical data, LPA handles
continuous data. While both LCA and LPA are similar to cluster anal-
ysis in that it too groups individuals on shared or similar attributes,
they also presume that there is an underlying latent variable that ex-
plains why those attributes are shared. LCA and LPA handle large
datasets and missing data better than cluster analysis, and can also
accommodate weighting and different data types.>>

Examining sleep profiles therefore requires careful selection of
appropriate statistical techniques, as well as careful decisions regard-
ing the development of sleep profiles. Sleep profiles may be
constructed with either a heuristic or model-based approach. A heu-
ristic approach is often guided by clinical findings or expert opinion.
In contrast, a model-based approach assumes different probability
distributions for the observed data and is able to account for within
cluster correlations, which may be preferable in some situations.>*
Given that sleep variables may include multiple data types and vari-
ables tend to be highly skewed, a recent publication by Wallace and
colleagues,>® who examined model-based approaches to clustering
sleep variables, suggested assuming non-normal clusters may be
preferable for both skewed and normal data. In both cases, however,
there is the important challenge of selecting the appropriate number
of clusters, which is present for any clustering model.

Studies that have examined sleep as a multidimensional construct

To date, there have been few attempts to examine the multidi-
mensional nature of sleep and we discuss the variable-based ap-
proaches (additive associations and composite score) and person-
based approaches in turn.

Variable-based approaches to examining sleep as a multidimensional
construct

Most efforts to examine the multidimensional nature of sleep in-
volve a variable-based approach, and the majority investigate the

additive association of multiple sleep characteristics by applying lin-
ear regression models>®=3® rather than a composite sleep score.

Additive associations. Several studies have examined additive associa-
tions by applying linear regression models. For example, Kjeldson
and colleagues>® found that high variability in sleep duration was as-
sociated with increased sugar-sweetened beverage intake, indepen-
dent of sleep duration, in a Danish cohort of 676 children. Similarly,
Kobayahi and colleagues,® in a retrospective cohort study of 21,148
adults, found that self-report sleep duration variability was associ-
ated with weight gain over a three-year period, independent of
sleep duration. In another study of 441 adults, which examined pre-
dictors of subjective well-being, Lemola and colleagues*! found that
although total sleep time was not related to subjective well-being,
variability in sleep duration was, with effects partially mediated by
subjective sleep quality. Wang and colleagues*? reported that both
sleep duration and timing, but not sleep quality, were associated
with higher adiposity indices, while Olds and colleagues** found
that later bed and wake times were associated with higher body
mass index, independent of sleep duration. Although such studies at-
tempt to decipher how different sleep characteristics are associated
with different health outcomes, at best they only examine the effects
of two or three different sleep characteristics and more robust studies
of multidimensional sleep are needed. While particular intervention
strategies can target the duration, timing, continuity and day-to-day
variability of sleep, these strategies are usually implemented as a
package and it is unknown if interventions can target specific aspects
of sleep without changing others.

Efforts to examine the multidimensional nature of sleep using
more sophisticated statistical methods are relatively recent. Wallace
and colleagues,?® for example, acknowledged the clinical importance
of considering sleep as a multidimensional construct and a need to
move beyond traditional multivariable approaches, which are limited
in modeling the complex, non-linear associations that are character-
istic of sleep data. Wallace and colleagues®® tested three different sta-
tistical methods (Cox regression, tree-structured survival analysis
and random survival forest) to determine the association between
multivariable sleep and mortality outcomes in a sample of 2887
men aged 65 years and older. Lower sleep continuity and rhythmicity
were associated with an increased risk of all-cause mortality in all
analyses. However, although traditional Cox regression analyses
identified sleep duration as a significant predictor of mortality, it
was not significant in full multivariable models. While random sur-
vival forest analyses revealed the Variable Importance Statistics
(VIMP) of all sleep characteristics to be 8.8%, the VIMP of sleep dura-
tion, timing and quality, individually, was <1%. Methods such as ran-
dom forest survival may be superior to traditional methods in
identifying the relationships between sleep as a multivariable con-
struct and health outcomes.

Composite scores. To our knowledge, there have only been a few at-
tempts to examine sleep as a multidimensional construct using a
composite sleep score. The Sleep Health Index used factor analysis
to help identify three underlying constructs of sleep duration, sleep
quality, and sleep disorders, which were included as sub-indices of
the composite index scored from 0 to 100.'° The Sleep Health Index
was cross-sectionally correlated with self-reported stress and overall
health, but has yet to be linked to longitudinal health outcome
measures to confirm its usefulness.'® We note that the Sleep Health
Index is also entirely based on self-reported sleep. Furihata and
colleagues** examined the relationship between sleep characteristics
of sleep (based on self-reported sleep duration, satisfaction, onset-la-
tency, mid-sleep time and day-time sleepiness) and depression in a
sample of 6485 women with a mean age of 80 years. In this study,
both individual characteristics of sleep and aggregate measures of
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sleep health were associated with depression. Specifically, poorer
sleep health was associated with a greater prevalence of depression
(OR 1.26-5.41) and increased odds of developing depression over a
six year period (OR 1.32-3.15).

Person-based approaches to examining sleep as a multidimensional
construct

Cluster and latent class analysis have previously been used in clin-
ical populations*>~#” but only recently in population-based studies of
sleep. Magee and colleagues,*® for example, applied cluster analysis
to characterize sleep quality subtypes in children, rather than looking
across multiple sleep characteristics. Similarly, the National Sleep
Foundation®® devised five different sleep ‘personalities’ based on
the 2005 Sleep in America poll. These sleep profiles include “Healthy,
Lively Lark” (not affected by sleep problems, almost always get the
sleep they need, almost never feel tired or fatigued, consider them-
selves morning people); “Sleep Savvy Senior” (have long sleep dura-
tion, get a good night's sleep on most nights, often take two or more
naps during the week, and never/rarely feel tired/fatigued), “Drag-
ging Duos” (are often doing job-related work within an hour of
going to bed, are early risers, get short sleep, feel tired/fatigued at
least three days each week), “Overworked, Overweight and Over caf-
feinated” (are evening people, sleep less than other groups but nap
more, believe they get as much or more sleep than they need, drink
more caffeine than other groups, frequently experience a symptom
of insomnia) and “Sleepless and Missin’ the Kissin™ (are evening peo-
ple who think they have a sleep problem or a symptom of insomnia,
not likely to get a good night's sleep and have short sleep). Although
the profiles developed by the National Sleep Foundation are a step
forward, the statistical approach to determine the five ‘personalities’
remains unclear and they do not exclusively describe time-based
characteristics of sleep. To date, these findings do not appear to be
published within the scientific literature, as far as we are aware.

Sleep duration as a modifiable component of time use

Just as sleep is complex and multidimensional in nature, with
characteristics of sleep not occurring in isolation, sleep does not
occur independent of other components of time, but rather is a com-
ponent of the 24-hour use-of-time profile. If sleep duration shortens,
time awake lengthens and must be filled with other activities, in
terms of energy expenditure, these activities may be sedentary (e.g.
sitting, watching television until late) or physically active (e.g. wak-
ing up early to go for a swim). Just as conceptualizing sleep as a mul-
tidimensional construct recognizes that all characteristics of sleep
may be important for health, so too does conceptualizing sleep as
part of the 24-hour day. Indeed, many movement-based time-use be-
haviors have also been individually associated with health.%°%>! Ac-
cordingly, it is important to consider sleep as part of the entire 24-
hour activity profile or “activity composition” of a day when examin-
ing the impact of sleep on health.

When considering sleep as part of the entire 24-hour activity pro-
file, components of time may be measured subjectively, using 24-
hour time-use recalls, or objectively, via accelerometry. As discussed
earlier, accelerometers are increasingly being applied in large, popu-
lation-based studies to examine time-use. Given that accelerometers
are designed to measure movement-based activities, accelerometer-
derived 24-hour time-use profiles are appropriate measures of the
‘activity composition’. This is an important area of research and the
focus of the next sections, however, we acknowledge that there are
other ways to divide 24-hour time-use.

While considering sleep as a multidimensional construct and as
part of the activity composition may appear distinct ideas, both at-
tempts provide a more holistic approach to conceptualize sleep. Fur-
ther, it is important to recognize that statistical techniques that

examine sleep as part of the activity composition are also able to ac-
count for sleep as a multidimensional construct (discussed further in
section 3.3).

The following section discusses sleep as a component of the day
and factors that influence sleep time (Section 3.1), followed by dis-
cussion on why sleep should be considered as part of the 24-hour ac-
tivity composition, rather than in isolation, when examining the
sleep-health link (Section 3.2). Section 3.3 introduces compositional
data analysis (CoDA), a statistical technique used to examine sleep
in the context of all other time-use components. While we acknowl-
edge that statistical approaches for “multidimensional sleep” and
“sleep as part of 24-hour time” are not mutually exclusive, these
two approaches are conceptually different and thus consider them
separately. We discuss the CoDA technique as it is increasingly
being recognized for time-use data analysis.

Sleep as a component of time: Influencing factors

Social, environmental and economic factors, as well as individual
behaviors and biology, are known determinants of health, including
sleep. Since sleep is a time-based activity, it is sensitive to time con-
straints that are at least partly mediated by socioeconomic factors.
For instance, economists Biddle and Hamermesh®? found that people
traded sleep time for wages, demonstrating the importance of eco-
nomic factors in determining opportunities for sleep. Sleep duration
differs by level of education, occupation, and income.>>=> Short
sleep duration is associated with spending more time doing paid
work and working multiple jobs.”®>” Parenting style (e.g. level of pa-
rental control around children's bedtime),>® the number of children
in a household and caring responsibilities have also been associated
with sleep duration.’®° These structural constraints have raised
the question of whether “we [can] truly trade off our daily activities
for more sleep”.%!

These studies have shown that there are time-based trade-offs
with sleep but, given the relationship between socioeconomics and
sleep, people do not have total control over use-of-time decisions.®!
Efforts to improve sleep duration, however, have assumed that
more sleep may automatically be achieved through modifying the
time-structure of other activities. For example, delaying school start
times and allowing flexible work schedules are regularly recom-
mended interventions for increasing habitual sleep duration.®? Simi-
larly, education and awareness programs to increase public
understanding of the importance of sleep have been suggested for re-
ducing discretionary behaviors that impact on sleep time, such as
television viewing and small screen use. However, altering the time
available for sleep may not be as easily achieved as often suggested.
Itis also unclear how people would choose to use an extra hour of dis-
cretionary time delivered by an intervention: for example, it could be
any of more sleep, more activity, or more (unhealthy and therefore
undesirable) television time.®! Hence we need to understand how
sleep fits within the 24-hour use of time and how the composition
of daily activity influences health.

Sleep as part of the 24-hour time use composition

A person's 24-hour day can be divided into time spent in a num-
ber of activity domains. For example, a day could be divided into
time spent in sleep, in sedentary behaviour, or in physical activity.
At any point in time, a person would generally only engage in one
of these activities (they are mutually exclusive) and the entire day
can be explained by all of the activities collectively, i.e., there is
never a time when a person is not engaging in one of these activities
(they are exhaustive). Importantly, each day only ever has a total of
24 hours. This means that if time spent in one activity is increased,
there is less time available in the day for the remaining activity
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domains. It follows that the durations of activity domains within a
day are completely co-dependent with each other. In fact, when all
daily activity domains are considered, statistically they must be per-
fectly multicollinear. For example, one hour of sleep may be lost to
compensate for an extra hour of sedentary behaviour. Alternatively,
one hour of sleep may be lost to compensate for an extra hour of
physical activity. While in both examples sleep has varied by exactly
the same duration, the health implications of the two scenarios are
likely to be quite different. It is therefore important to include all
time-use domains in the analysis.

Time spent sleeping,®> being physically active and
sedentary”®%* have all been linked to health and well-being. Since
the duration of these activities are co-dependent, it does not make
sense to consider time in individual activities without reference to
all the remaining activities that together constitute the complete
24-hour day. Almost all studies investigating the relationship be-
tween sleep duration and health, but have focused only on the
sleep component, ignoring the impact of the remaining hours of the
day.®® Conversely, previous work investigating the relationship be-
tween physical activity and health has predominantly focused on
time within the waking day without considering the impact of
sleep. For individuals, this would provide answers on the healthiest
way to spend their time whilst, for public health, knowing the
trade-offs between the activity components would be invaluable in
designing interventions that aid people in achieving a healthy routine
and lifestyle.

Until recently, the public health focus has been on the so-called
“activity behaviors” individually, with governments and medical
bodies producing separate guidelines for recommended amounts of
physical activity, screen time, and sleep. However, there is increasing
consensus that activity behaviors are codependent, and that optimal
health may be associated with patterns of behaviors rather than indi-
vidual behaviors.5® Recently, Canadian researchers produced 24-
hour movement guidelines®® integrating sleep, sedentary and physi-
cal activity guidelines for children. The Australian and New Zealand
governments are soon to follow suit.%”

51,63

Compositional data analysis (CoDA)

Reframing the sleep-health link in terms of the 24-hour time-use
paradigm ensures every minute of the day is attributed to an activity
domain, without omission or overlap. Reframing the sleep-health
link in this manner also integrates sleep with physical activity and
sedentary behaviour, thus contributing to a greater understanding
of the lifestyle-health relationship. The overall health effect of the
daily activities will be a function of the overall time allocation across
all domains, rather than allocation in one domain only.

Methodologically, the 24-hour time-use paradigm requires that
all activity domains be included in the model, without omission.
This is problematic because, as previously described, the activity do-
mains are exhaustive and mutually exclusive, and hence perfectly
multicollinear, in that the variance in any one of the domains is
completely explained by the variance in the remaining domains.
Standard statistical models such as multiple linear regressions are
impossible when the complete set of activities and their durations
are used. To overcome the issue of multicollinearity, one or more ac-
tivity domains have traditionally been omitted from statistical
analysis.®>%® However, this “leave-some-out” approach is also prob-
lematic because the influences of the omitted activity on health re-
mains unknown and results may be misleading.®® Until recently,
this statistical pitfall has undermined study findings.%°

Time-use data are a special type of data, called compositional data.
Compositional data are by nature multivariate because compositions
are made up of parts. These parts are mutually exclusive and

exhaustive and their sum is constant (in this case, the invariant 24-
hour day). As a result, compositional data convey relative
information.

Compositional data have been widely studied in other scientific
fields (e.g., geochemistry, geology), and a branch of statistics now ex-
ists dedicated to their analysis (compositional data analysis, or
CoDA). While it was previously not possible to include all parts of a
composition in statistical models due to perfect multicollinearity
among component parts, CODA has emerged as a feasible method
for the statistical analysis of complete compositions.

To overcome the problem of multicollinearity, CODA expresses
the composition as a set of log ratios. The set of log ratios contains
all relative information about every part of the composition (sleep,
sedentary time and physical activity). The type of log ratio transfor-
mation most commonly used in time use epidemiology is the isomet-
ric log ratio transformation. This is because isometric log ratios can be
used to represent the composition in any multivariate statistical
model. Furthermore, unlike the other types of log ratio transforma-
tions (i.e. centered log ratio and additive log ratio transformations),
isometric log ratios can be constructed to provide information re-
garding one compositional part, relative to the remaining parts. This
gives an indication of the relative dominance of that compositional
part in relation to a health outcome. A detailed description the
types of log ratio transformations can be found elsewhere.>%870

Once the composition has been expressed as a set of isometric log
ratios, these ratios can be used as variables in traditional statistical
models, alongside other covariates of interest, such as sex, age, and
sleep characteristics other than duration (i.e. sleep continuity, timing,
and variability). For example, the isometric log ratios can be used to
represent the compositional parts of the 24-h day as explanatory var-
iables in a multiple linear regression model, and a health outcome
measure can be used as the dependent variable. The significance of
the composition as an explanatory variable can be determined by
an ANOVA test of the linear model by considering the F-statistic and
p-value for the set of isometric log ratios.

It is also possible to create an interpretable set of isometric log ra-
tios, where one of the ratios represents all the information regarding
one part (such as sleep duration), but it must be considered relative
to the compensatory change in all remaining parts.”! For example, a
positive beta and significant p-value for the ratio may represent an
increase in the outcome variable when sleep is increased, while all re-
maining parts are decreased by equal proportions to maintain an
overall constant sum of 24 hours. This linear model can be used as a
formula to estimate the difference in an outcome associated with
isotemporal substitutions between compositional parts, relative to a
baseline composition (for example, to estimate the difference in
body mass index associated with shifting one hour from sleep to sed-
entary behaviour [keeping physical activity constant], or for shifting
one hour from sleep to physical activity [keeping sedentary behav-
iour constant]).”?

Using the log-ratio approach, compositional variables capturing
the durations of sleep and 24-h time-use domains are expressed as
real variables in Euclidean space and can be used as independent var-
iables in statistical models, together with other multi-dimensional
descriptors of sleep. For example, a multiple linear regression
model may have as its dependent variable BMI, and as its indepen-
dent variables: the 24-h time-use composition (time in sleep, seden-
tary behaviour and physical activity) expressed as log-ratios, with
sleep timing, sleep efficiency and sleep variability as covariates. As
discussed earlier, there are a number of techniques that could be
employed to handle the independent variables, which are likely to
be correlated. However, these alternate techniques are not designed
for data of a relative nature. This means that they are not designed
to deal with compositional data, such as time spent in various do-
mains throughout the day. These data are not just multi-collinear,
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Fig. 2. Expected change in zBMI for reallocation of fixed durations of time from one time-use component to another (adapted from Dumuid”).

they exist in a specific geometry. Therefore, even if one or more com-
ponents are excluded from the statistical model, the remaining in-
cluded components are nonetheless relative data, and should be
treated accordingly. This is not a new concept. In 2001, Shanahan &
Flaherty wrote, “time devoted to one domain of activity takes on
full meaning only when viewed in terms of its functional relation to
time spent in other domains”.

The CoDA approach was initially proposed in relation to time use
by Aitchison®® and Zhu and colleagues’® and later explicated by
Pedisic,%° before being formalized by Chastin and colleagues in
2015.7° A few studies have applied compositional data analysis to
time-use data.’>’2 Such analyses require 24-hour activity measures,
either through time use surveys, accelerometry, or even direct obser-
vation. Chastin et al*® found that among 1937 adults of the NHANES
2005-6 cycle, sleep duration, derived from actigraphy non-wear
time, was favorably associated with BMI and diastolic blood pressure
(relative to all remaining time components). Subsequently, a 2016
compositional data analysis by Carson and colleagues® reported a fa-
vorable association between sleep duration (relative to remaining
components) and obesity risk, systolic blood pressure and behavioral
attributes among 4169 children and youth aged 6-17 years.

There are systematic differences in analyses performed using
compositional and traditional approaches because CoDA requires
compositions to be expressed and analyzed as log-ratios. Findings
from CoDA will always be in relation to a reference or a starting com-
position and the estimated association of reallocating a fixed duration
of time from one activity to another will differ depending on the
starting composition. In practical terms, when a person who only
achieves 4 hours of sleep displaces 1 hour of sleep for sedentary
time, the associated change in health will differ to that of a person
who starts with 12 hours of sleep and displaces 1 hour for sedentary
time. Secondly, the relationship between the amount of time
reallocated between compositional parts and the estimated change
in the outcome will not be linear, that is, the change in health associ-
ated with the reallocation of two hours of sleep to another activity
will not be twice that of a one hour reallocation of sleep. Thirdly,
CoDA may find that the amount of change in health associated with
the reallocation of time is asymmetrical depending on whether
time is increased or decreased. For example, the health benefit of

allocating an extra hour to sleep may be less than the deficit of losing
1 hour of sleep to another activity.

Treating sleep duration as a relative construct (i.e., % or proportion
of the 24-h day) means that an increase in sleep of 60 minutes (e.g.,
from 6 to 7 hours) is not identical to a decrease of 60 minutes (e.g.,
from 7 hours to 6 hours), although the absolute difference (60 mi-
nutes) is the same in both scenarios. This is because 6 is increased
to 7 by applying a factor of 7/6 (i.e., 1.167, in other words it is in-
creased by 16.7%), whereas 7 is decreased to 6 by applying a factor
of 6/7 (i.e., 0.86, or 7 is decreased by 14%). This means that associa-
tions between health and increase/decrease of sleep may be asym-
metrical. Treating sleep duration as a relative construct rather than
an absolute construct may impact results. For example, if an individ-
ual's sleep duration is only 3 hours/night, a decrease of 1 hour is
equivalent to a 33% relative decrease. However, if their sleep duration
is 10 hours/night, the same absolute decrease of 1 hour is equivalent
to only a 10% relative decrease. The health associations between the
two scenarios may be quite different. We draw attention to these
asymmetrical associations. For example, Fig. 2 (adapted from
Dumuid’4 n = 440 Australian children) shows that the reallocation
of time from sleep to moderate-to-vigorous physical activity was as-
sociated with lower decreases in body mass index compared to the
magnitude of increase in body mass index when the same amount
of time was reallocated in the opposite direction (from moderate-
to-vigorous physical activity to sleep). Specifically, a reallocation of
15 min from sleep to moderate-to-vigorous physical activity was as-
sociated with only —0.06 units of body mass index, while the oppo-
site reallocation (15 min from moderate-to-vigorous physical
activity to sleep) was associated with +0.14 units of body mass
index. This asymmetry is not unexpected, and reflects a common pat-
tern in dose-response curves, which are often logarithmic, displaying
declining benefits with marginal increases in exposures.

The application of CoDA methodology to time-use data is
described in recent statistical contributions.'>”%74 Dumuid et al.®
provides an example of the use of CoDA for regression modeling,
using data from 5828 children aged 9-11 years. This study explored
relationship between body mass index (BMI) z-scores and acceler-
ometer-measured 24-hour time-use composition. The time-use com-
position consisted of four parts: sleep, sedentary time, light physical
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Box 1: Example of CoDA

Dumuid et al. (13) considered the time-use composition as four parts: sleep, sedentary time, light physical activity and
moderate-to-vigorous physical activity (MVPA). This composition was expressed as a set of three isometric log ratios,
where the first ratio contained sleep duration in its numerator, and the remaining parts in its denominator. Thus, the set of
isometric log ratios representing the composition was:

Sleep

. 3
ilrt = |=In3 = = —
4 Sedentary-Light physical activity-MVPA
. 2 Sedentar;
ilr2 = [=In—= - >
3 Light physical activity-MVPA
. 1 Light physical activit;
ilr3 = = |p Hghtphysical activity
vz MVPA

The above ratios were used as explanatory variables in a multiple linear regression model, with zZBMI as the dependent
variable. The model was also adjusted for a range of sociodemographic covariates. The beta coefficient for the first ratio
(ilrl) was reported to be -0.82 (Table 1). This means that as sleep increased relative to the remaining parts, zBMI was
estimated to decrease. The beta coefficient was further interpreted in terms of an absolute effect size, using equations
presented in Dumuid et al. (13). However, the above model provided information only about the dominance of sleep, relative
to the remaining parts. The model did not provide information about the dominance of any other compositional part. If other
parts are also of interest, new regression models have to be executed, using differently constructed isometric log ratios. For
example, a set of isometric log ratios capturing the dominance of sedentary time, relative to the remaining parts, can be
constructed as:

. 3 Sedentary
ilrl = [~lns= - =
4 Light physical activity-MVPA-Sleep

. 2 Light physical activity
ilr2 = |-In—r—F——
3 /MVPA-Sleep
. 1 MVPA
ilr3 =—In
V2 sleep

In Dumuid et al. (13), a second model (Model 2) was run, using the above set of ratios as explanatory variables. The beta
coefficient for the first ratio (i/r1) from Model 2 was reported to be 0.35 (Table 1), meaning that as sedentary time increased
relative to the remaining parts, zBMI was estimated to increase.

The process was repeated two more times to obtain beta coefficients for light physical activity (relative to remaining, Model
3), and MVPA (relative to remaining, Model 4). The beta coefficients in Table 1 correspond to ratios, thus they convey
relative information. Yet, because the 24-hour day has a meaningful absolute total (24 hours, or 1440 minutes), the ratios can
be re-expressed in absolute terms (e.g., minutes). Figure 3, adapted from Dumuid et al. (13), shows that longer sleep duration
of 100 minutes (from the population mean of 539 min/day) was associated with —0.2 zBMI. The 100 minutes of extra sleep
were drawn pro-rata from the remaining time-use parts.

The CoDA regression model can also be used to estimate the difference in an outcome associated with isotemporal
substitutions between compositional parts, relative to a baseline composition (for example, to estimate the difference in BMI
associated with shifting one hour from sleep to sedentary time [keeping light physical activity and MVPA constant], or for
shifting one hour from sleep to MVPA [keeping light physical activity and sedentary time constant])(72).

Table 1: Multiple linear regression analyses of the relationship between the first isometric log ratio and zZBMI
beta (B) SE t-value p-value

Model 1:i/r1: Sleep relative to remaining parts. -0.82 0.13 -6.22 <0.001
Model 2:i/r1: Sedentary time relative to remaining parts. 0.35 0.10 3.30 <0.001
Model 3:i/r1: Light physical activity relative to remaining parts. 1.34 0.10 13.19 <0.001
Model 4:i/r1: MVPA relative to remaining parts. -0.87 0.05 -16.11 <0.001

ilr: isometric log ratio, MVPA: moderate-to-vigorous physical activity, SE: standard error. All models adjusted for
sex, highest parental education, number of siblings, number of parents and country of residence.

Figure 3 The relationship between time-use parts and zBMI.

Estimated difference
in 2BMI

Minutes
150 0 6o 150

o8
BMI: Body mass index, MVPA: moderate-to-vigorous physical activity. Difference in minutes modeled around the population mean composition of: Sleep =
539; sedentary = 525; light physical activity = 320; MVPA = 57 min/day

activity and moderate-to-vigorous physical activity (MVPA). This
composition was expressed as a set of three isometric log ratios,
where the first ratio expressed sleep duration in relation to the
other parts. Using these ratios as explanatory variables in a multiple
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linear regression model, with zBMI as the dependent variable, it
was then possible to determine from the regression coefficient for
the first ratio that zBMI decreased as sleep increased relative to the re-
maining parts. The CoDA regression model also allowed estimating
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the expected difference in BMI associated with relative change in one
of the parts. Box 1 draws on the study by Dumuid et al.*® to provide a
more detailed summary of CoDA, as a practical example.

It remains largely unknown how sleep duration, as one compo-
nent of the 24-hour day, affects aspects of health.”>~77 To date,
time-use epidemiological studies using CoDA have to our knowledge
mostly been cross-sectional, precluding any indication of causality.
However, where longitudinal data are available, the change in com-
position (expressed as isometric log-ratio coordinates) can be used
as the explanatory variable in the multiple linear regression model,
with the change in outcome variable as the dependent variable.
There is much scope for future development of CoDA within the
field of time-use epidemiology. Reframing the sleep-health link in
terms of the 24-hour time-use paradigm requires every activity do-
main to be considered in the analysis, including sleep. CoDA capital-
izes on the increasing availability of 24-hour data (especially via
accelerometry) and promises to offer new, statistically sound insights
into the health impact of sleep. One limitation is that while scoring al-
gorithms exist for accelerometers to distinguish inactivity attributed
to sleep from inactivity of other sorts, accelerometers are as yet, un-
able to distinguish between different types of sedentary behaviors
(e.g. reading vs. watching television etc.), which may be of impor-
tance. Concurrent use-of-time recalls, as well as the development of
accelerometer pattern recognition, may therefore be helpful. Further,
itis important to note that CoDA considers all activity types (i.e. sleep,
physical activity, and sedentary time) in terms of duration. Just as we
acknowledge the importance of considering sleep as a multidimen-
sional construct, it may be just as important to consider the timing
and day-to-day variability of physical activity and sedentary time in
this way. This may be an important area for future research.

Conclusion

Interventions and public policies to improve population sleep are
still in their infancy. There is a clear need to move from a focus on in-
dividual sleep characteristics and health outcomes towards an inte-
grated approach to sleep as part of a healthy lifestyle. Sleep should
be reconceptualised both as a multidimensional construct and as a
modifiable component of a 24-hour day. Such an understanding is
important for increasing the effectiveness of public health efforts
that aim to modify sleep to improve health outcomes. Applying mul-
tivariable statistical techniques, such as compositional data analysis,
may provide novel insights into the role of sleep, its interactions
with other lifestyle risk factors, and ultimately, its contributions to
public health and wellbeing.
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