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Abstract

Background: This study tested if the timing of meals, physical activity, light exposure, and sleep
cluster within individuals and are associated with Body Mass Index (BMI) in a sample of free-
living adults (n=125).

Methods: Data were collected between November 2015 and March 2016 at UC San Diego,
Children’s Hospital of Philadelphia, and Washington University in St. Louis. Height and weight
were measured and BMI (kg/m?) was calculated. Sleep timing was estimated using actigraphy;
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and timing of meals, physical activity, and light exposure were self-reported using a smartphone
application. General linear models estimated the mean BMI across time categories of behaviors,
adjusting for covariates. A latent class analysis was used to identify patterns of timing variables
that clustered within individuals and test for associations between identified patterns and BMI.

Results: Later exposure to outdoor light was associated with a lower BMI (P-trend<0.01). The
timing of other behaviors were not independently associated with BMI. The latent class analysis
identified two distinct groups related to behavioral timing, reflecting an “early bird” and “night
owl” phenotype. These phenotypes were not associated with BMI (~>0.05).

Conclusions: Timing of exposures to light, meals, sleep, and physical activity were not strongly
associated with BMI in this sample.

INTRODUCTION

The personal, economic, and public health costs of obesity have been well established.
Obesity is associated with significant morbidity,12 mortality,3 and adds substantially to the
national healthcare budget.# Therefore, the development of effective strategies to prevent and
treat it is a considerable public health priority.

Much of scientific research on the topic has focused on identifying what to eat or how much
to exercise to control body weight. However, a small but growing body of evidence suggests
the timing of behaviors is also important.>-10 The most robust literature on the topic has
focused on meal timing, with both human and animal data suggesting that reducing food
intake later in the day such as during the nighttime hours may help prevent and/or control
obesity.58 Furthermore, epidemiologic and clinical data also suggest that the timing of other
exposures such as light, sleep, and even timing of physical activity, may also influence
weight control.6.7:10.11

A major limitation of research on the timing of behaviors and obesity is that studies to date
have investigated the influence of the timing of one behavior in isolation. Yet, obesity-
related behaviors may occur simultaneously within an individual, making inferences about
associations challenging when only one behavior is examined without accounting for others.
Person-centered modeling approaches, such as a latent class analysis (LCA), may be a useful
analytic approach to address this issue of modeling co-occurring behaviors. Indeed, LCA has
been successfully applied in a growing number of public health studies,22-1 but we are not
aware of any research to date that has used this modeling strategy to understand if and how
the timing of sleep, activity, meals, and light exposure cluster within an individual. We
therefore tested if the timing of meals, light exposure, physical activity, and sleep were
associated with BMI in a sample of healthy adults who recorded the timing of behaviors
over multiple days using a novel smartphone application and actigraphy. We first used the
traditional approach of examining individual exposures. We then used LCA to identify
patterns of timing behaviors that tend to cluster together, and tested for associations between
the patterns identified and BMI.

J Phys Act Health. Author manuscript; available in PMC 2019 March 29.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Marinac et al.

METHODS

Page 3

INZEIT Study

Measures

Actigraphy

The “Impact of Nocturnal Zeitgebers on Energy in TREC” (INZEIT) Study was funded by
the National Cancer Institute’s Transdisciplinary Research in Energetics and Cancer (TREC)
initiative.18 INZEIT enrolled and collected data on 133 participants during the winter season
between November 2015 and March 2016 at three sites: University of California, San Diego
(N=44), Children’s Hospital of Philadelphia (N=44), and Washington University in St. Louis
(N=45). All study protocols and procedures were standardized across each site and were
approved by site-specific Institutional Review Boards. Study staff at the Brigham and
Women’s Hospital processed and managed all study data, and all participants provided
written informed consent.

A convenience sample of individuals was identified by means of web advertisements, flyers,
word of mouth, and by calling individuals who had previously consented to be contacted for
research to solicit interest. Eligibility was assessed by telephone interview. Eligible
participants had to be 21-60 years old, able to use and install a smartphone application,
fluent in English, and able to attend an in-person visit. Participants were excluded if they had
a skin disorder that prevented wearing an ActiGraph, were pregnant or breast-feeding,
performed night shift work, or traveled across time zones within 30 days of data collection.
In addition, participants were excluded if they had a serious or acute illness requiring bed-
rest, were diagnosed with a sleep disorder, had a disability that limited or restricted mobility,
or experienced persistent tremors.

All eligible participants were invited to attend an in-person study visit where they completed
questionnaires and had their height and weight measured. A smartphone application was
installed on their phone and they were provided with an ActiGraph to wear on their wrist for
a seven-day period following the in-person assessments.

Participants wore an ActiGraph GT3X+ device (ActiGraph, LLC) on their non-dominant
wrist continuously for seven days, except during water-based activities or bathing. Data were
downloaded using ActiLife software, and were visually screened for sufficient wear-time.
For each day, we manually identified a main rest interval as the primary sleep period based
on the app logs and observation of a sharp decrease/increase in activity. To be included,
participants had to provide at least 4 days of recordings with >10 hours (600 minutes)
recorded during wake time on each day and no more than 1 hour of nonvalid signal during
sleep. Data meeting this criteria were processed to derive estimates of total sleep time (TST,
hours per night) using the Cole-Kripke algorithm,17 as well as estimates of the times
participants went to bed and woke up. Total activity, defined as the mean counts per minute
(CPM) per wear-time on the vertical axis, was also computed for each participant.
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PACO Smartphone Application

Participants used their smartphones to complete surveys during the same 7-day actigraphy
period. The surveys were developed using the open source Personal Analytics Companion
(PACO) application, which is a customizable smartphone application available on the
AppStore and Google Play (https://www.pacoapp.com/). Participants were prompted at 9
AM, 1 PM, and 7 PM, to complete surveys about the timing of their sleep, physical activity,
light exposure, meals, and bed/wake times. The surveys used were developed to mirror
validated questionnaires assessing behavioral patterns and circadian timing.18:1% Upon
receiving the prompts, the participants were instructed to complete the surveys at their
earliest convenience. Response options were a list of ordered timing categories, ranging
from earlier to later exposure; the specific timing categories for each exposure collected
using this application are given in Table S1. Survey responses were uploaded to a study-
specific database in real-time, and staff monitored completion. A minimum of 5 days of
PACO survey data, matched to usable actigraphy data, was required for each participant.

PACO data were summarized across measurement days by computing the median timing
category across days for each behavior except timing of physical activity. These person-level
summary variables were then treated as ordered categorical variables (larger numbers
corresponded to later exposure). In some instances, data were collapsed across time
categories due to low cell sizes. Response options that did not correspond to an ordered
timing category (e.g., “l wasn’t outdoors”) were treated as missing values because of our
focus on the timing of exposures, and were not included as part of the summary measures.
Because a large proportion of participants chose the response option “I did not do any
moderate or vigorous activities” on questions about physical activity in the morning/evening,
we could not summarize activity across measurement days without considerable missing
data. Instead, the responses corresponding to physical activity timing were summarized as
the proportion of measurement days that each participant was physically active in the
morning (until 12 pm) or evening (after 7 pm).

Demographics
Age (y), race, ethnicity, sex, income (<$25,000; $25,000 - <$50,000; $50,000 - <$75,000;
$75,000 - <$100,000; =$100,000), and education (Completed high school or less; Some
college but no degree; Completed College; or Graduate or professional school) were self-
reported.

Body Mass Index (BMI)

Height (m) and weight (kg) were measured by study staff at the clinic visit and used to
calculate BMI (kg/m?). Those with a BMI >30kg/m? were defined as obese.

Chronotype

Chronotype was assessed using the 19-item Horne-Ostberg Morningness Eveningness
Questionnaire.18 Scores on this scale range from 16 to 86, with higher scores indicating
greater morning preference. This scale has been shown to correlate with measures of the
circadian timing system, such as body temperature.18.20
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Statistical Analysis

Descriptive statistics characterized the study population by obesity status (obese [=30kg/m?]
vs. non-obese [<30kg/m?]). Differences in the characteristics of the sample by obesity status
were examined using t-tests for continuous variables and chi-square/Fisher’s exact tests for
categorical variables.

Bivariate correlations between BMI and the timing behaviors were calculated. The
statistically significant correlations (P<0.05) were investigated in multivariable general
linear models in order to evaluate whether the mean BMI was equal across timing
categories, while controlling for potential confounders. Model 1 was adjusted for age, race/
ethnicity (dichotomized as white/non-Hispanic vs. other), and education (dichotomized as
college educated vs. not college educated). Model 2 was additionally adjusted for
actigraphy-derived TST and total activity. Study site was examined as a potential confounder
by adding it as a covariate in regression models; however, the addition of this variable did
not materially change the associations reported and it was not included in final models.
Trend tests were used to investigate whether there was a linear association between BMI and
the timing categories. In addition, given the recent evidence that day-to-day variability in
timing behaviors may be independent predictors of BMI,21 exploratory models also
examined associations between the day-to-day variability in each exposure with BMI. For
these exploratory models, the variability in the timing of each behavior was approximated as
the difference between the maximum and the minimum timing category reported for each
participant across measurement days.

To expand beyond modeling the timing of individual behaviors, we used a latent class
analysis (LCA) to identify discrete patterns of timing behaviors that tended to cluster within
an individual. The input variables in the LCA models included the timing behaviors that
were statistically significantly correlated with BMI (i.e., timing of last exposure to outdoor
light, last exposure to indoor (artificial) light, and first exposure to indoor light), as well the
timing behaviors that were significantly modestly or strongly correlated (rg>0.5) with those
three exposures (i.e., were co-occurring behaviors), which included the timing of last meal,
bed time, and wake time. It is notable that these additional variables were added to the LCA
model (timing of last meal, bed time, and wake time) because they were also borderline-
significantly correlated with BMI (p<0.10). To reduce the number of latent class
combinations, these timing (input) variables were dichotomized based on their distribution
in our sample as follows: late last exposure to outdoor light (after 5pm [yes vs. no]); late first
indoor light exposure (after 7:45 am [yes vs. no]); late bed time (after 11:30 pm [yes vs.
no]); late wake time (after 7:24 am [yes vs. no]); and late last meal ([after 9 pm [yes vs. no]).
It was difficult to pick a cut-point for late last indoor light exposure, given that over two-
thirds of the participants in the study sample reported a median last exposure to indoor light
between 10:15 pm and 12:45 am. We selected the more extreme cut-point for this exposure
of after 12:45 am [yes vs. no]); however, sensitivity analyses were conducted to determine
how selecting different cut-points for this exposure (and others) influenced the model fit and
overall interpretation of the findings we report. The number of classes that adequately
described the sample was selected using bootstrap likelihood ratio tests to compare models
with an increasing number of classes.22 We then estimated associations between latent class
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membership and BMI by modeling class assignment as an independent variable in a general
linear model with BMI as the outcome. This analysis was modeled with and without
covariates, as done for the linear models described previously. All analyses were performed
using SAS 9.4 (Cary, NC), and the LCA was conducted using PROC LCA,23:24 and the
associated bootstrapping macro.22

RESULTS

Of the 133 participants recruited, 8 did not have complete PACO or actigraphy data and
were excluded from this analysis. The final analytic sample included 125 adults. Participants
had a mean (SD) age of 35.3 (11.0) years and a mean BMI of 27.6 (6.5) kg/m? (Table 1).
Most participants were non-Hispanic white (54%) and female (64%). Obese participants in
our sample were older, more likely to be non-white, and were less educated. The obese
participants also had a shorter mean TST (397.9 vs. 424.6 minutes per night). We also
present descriptive statistics by study site as a supplementary table (Table S2).

The timing of several behaviors were moderately-to-strongly correlated with one another (r
>0.5; Table 2): Later time of first exposure to indoor light was moderately correlated with
later bed time (rg=0.52; P<0.01), and strongly correlated with later wake time (r;=0.71;
P<0.01). Later time of last exposure to indoor light was moderately correlated with later
time of last eating episode (rg=0.57; P<0.01), later bed time (r;=0.62; P<0.01), and later
wake time (rg=0.54; P<0.01). Later time of last eating episode was moderately correlated
with later bed time (r=0.55; P<0.01) and later wake time (rs =0.56; P<0.01), and later wake
time was strongly correlated with later bed time (rg=0.74; P<0.01).

Spearman correlations identified 3 timing behaviors that were significantly negatively
correlated with BMI (P<0.05). As shown in Table 2, later exposure to outdoor light, later
timing of last exposure to indoor light, and later timing of first exposure to indoor light were
all negatively correlated with BMI. The correlation coefficients of these associations were
weak to modest, ranging from r= —0.20 to r¢=—0.29. None of the other timing behaviors
were statistically significantly correlated with BMI.

Results of the multivariable general linear models are presented in Table 3, which shows the
marginal (least-squares) means for BMI, by timing category of the individual behavior of
interest. In model 1, the timing of last exposure to outdoor light remained negatively
associated with BMI, after adjustment for age, race/ethnicity and education. Specifically, the
model estimated that exposure to outdoor light was associated with an adjusted mean BMI
ranging from 31.7 (Standard Error [SE]=3.0) in the earliest timing category (i.e., before 10
am), to 27.1 (SE=0.6) in the latest timing category (i.e., after 5 pm) (P-trend across timing
categories: 0.006). Note that the least squares means approach assumes an equal proportion
of the categorical exposure, at the mean age of 35.3 and equal proportion in race and
education categories. These associations remained similar after adjustment for potential
lifestyle confounders of TST and total activity (model 2). Timing of the other behaviors
were not significantly associated with BMI in multivariable models. These associations
remained similar when we modeled the timing of behaviors as binary variables using the
cut-points selected for the LCA input variables (Table S3). Furthermore, day-to-day
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variability in the timing of each of the behaviors was not significantly associated with BMI
(P>0.05, Table S4).

The results of the LCA are presented in Figure 1. We identified two distinct latent classes of
timing of behaviors. The first class represents a population of participants with a later first
and last exposure to indoor light, later last meal, and later bed and wake times (related to the
concept of “night owl™). The second class represents a sample with an earlier first and last
exposure to indoor light, earlier last meal, and earlier bed and wake times (“early bird”). It is
notable that those classified as “early birds” based on timing of behaviors also had a higher
mean Horne-Ostberg score (class 2=59.3 vs. class 1=50.6), indicating a greater morning
preference. Sensitivity analyses confirmed that using different cut-points to define latent
class categories did not meaningfully alter the findings we report; we also confirmed that
removing the input variable of “late last exposure to outdoor light,” which did not appear to
be discriminatory in our LCA models, or input variables that may not always be independent
within an individual (e.g., bed times and last indoor light), did not materially change the
latent subgroups identified or the overall findings we report.

In terms of the association between class membership and BMI, we observed the least
squares mean BMI to be significantly lower for those belonging to class 1 (later timing)
compared to class 2 (earlier timing) in unadjusted models: 25.8 (0.9) kg/m? versus 28.7 (0.7)
kg/m2, respectively (p=0.01). After adjustment for confounders, the association between
class membership and BMI was attenuated and was no longer significant (Table 4).

In exploratory analyses, we found that 13 participants had a latent class membership that
was discordant with their self-reported Horne-Ostberg chronotype score (i.e., a self-
identified morningness vs eveningness preference). We therefore also tested if discordance
between chronotype and behavioral timing profiles associated with BMI. We did not observe
any BMI differences between the concordant and discordant groups.

DISCUSSION

This analysis is examined the associations between the timing of modifiable behaviors and
BMI among adults in free-living settings. We build on previous studies, which have
examined the timing of single behaviors in isolation, by recognizing and accounting for
potential behavior timing co-occurrence by means of a latent class analysis approach —
offering a novel contribution to the literature. When behaviors were examined separately, the
timing of last exposure to outdoor light was the only behavior that was associated with BMI
in multivariable models, such that a later exposure to outdoor light was associated with a
lower BMI in our sample comprised mostly of younger adults with measurements occurring
during winter months. However, when clusters of behavioral patterns were examined using a
LCA approach, we found that timing patterns of behaviors were not independently
associated with BMI.

The mechanisms through which the timing of light exposure, eating, physical activity, and
sleep are hypothesized to influence body weight control involve circadian rhythms.
Specifically, these behavioral exposures are powerful stimuli (i.e., “zeitgebers”) that provide
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input to the circadian timing system and help orient circadian rhythms within the 24-hour
day.2> Exposure to these behaviors late at night or at irregular time intervals (i.e., out of
synchronization with the 24-hour light/dark cycle), may alter the alignment between
circadian rhythms in the suprachiasmatic nucleus and peripheral tissues. In effect, this
misalignment can lead to less stable 24-hour rhythms, and has been experimentally shown to
offset a number of metabolic processes including hormonal regulation and energy
metabolism — which can predispose an individual to weight gain.2> For example, data from
experimental trials in humans indicate that short-term, extensive misalignment of circadian
rhythms results in unfavorable changes in leptin (a hormone that signals “fullness™),
glucoregulation, as well as decreased energy expenditure.26:27 While there are data and
sound biological mechanisms supporting causal associations between the timing of exposure
to various zeitgebers and metabolic health in animal models and lab-based human studies,
the epidemiological findings that are not subject to such extensive misalignment conditions
are less clear.

The “night owl” behavior pattern, which was identified through LCA, had a lower score on
the Horne-Ostberg scale, indicating a greater evening preference. However, we did not
observe an association between “night owl” class membership and BMI. In contrast, many
epidemiological studies in both younger and older adults have found evening chronotype to
be associated with obesogenic behaviors,28 metabolic dysfunction,2 and increased BMI.
30.31 For example, in a study of 1,620 adults aged 47-59 in the Korean Genome and
Epidemiology Study, evening chronotype was associated with a 1.73-fold greater odds of
having diabetes, a 1.74-fold greater odds of metabolic syndrome, and roughly a 3-fold
increased odds of sarcopenia (all P<0.05)2°. It is possible that our findings differed due to
selection of a relatively healthy population who had a mean sleep duration of roughly 7
hours per night (median=7.1 hours), and which had few individuals with extreme
chronotypes. Experimental studies show that metabolic effects of circadian misalignment are
particularly pronounced when circadian misalignment is combined with sleep restriction.32
Our findings suggest that in individuals getting an average of almost 7 hours of sleep per
night, and unselected based on extreme chronotypes, that evening preference and evening
timing of activities is not associated with a higher BMI.

Despite the inconsistencies between our findings and previous studies noted above, our data
are in agreement with findings from several genetic studies, which suggest that there is not a
causal association between chronotype and BMI.33-35 For example, Jones and colleagues
performed Mendelian randomization analyses using a genetic risk score of established
chronotype and BMI variants and found no evidence that chronotype causally affects BMI or
vice-versa.33 Taken together, the inconsistencies across previous epidemiologic and genetic
research, combined with our study findings, underscore the fact that the links between
chronotype and BMI are not completely understood. Thus, this remains an evolving research
area.

The timing of later exposure to outdoor light was the only behavior that was associated with
BMI after adjusting for potential confounding variables. The direction of this finding is

unexpected, given that light is considered one of the strongest cues synchronizing circadian
rhythms to the 24-hour day, and previous research examining the influence of the timing of

J Phys Act Health. Author manuscript; available in PMC 2019 March 29.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Marinac et al.

Page 9

light exposure on weight control have found that high-intensity light exposure earlier in the
day is associated with a lower BMI.8 These discrepancies could be due to measurement error
in the self-reported timing variables, as we discuss in more detail in the paragraph that
follows. Furthermore, although our study distinguished between indoor and outdoor light,
which is known to have somewhat distinct intensity ranges and may have different
influences on the circadian system and health outcomes,36:37 it is important to point out that
our study did not consider the precise intensity or duration of light exposure participants
received. Future studies that consider the time, type, intensity, and duration of light, will be
important for clarifying the association between timing of outdoor light exposure and BMI.

Limitations of this study include the small sample size, cross-sectional study design, and
reliance on self-reported data for many of the timing behaviors assessed. However, timing of
many of the behaviors was assessed using a smartphone application multiple times per day
in an effort to minimize the potential for errors in the provided information due to
participants not remembering. Furthermore, although our PACO survey questions were
informed by validated surveys regarding behavior and circadian timing,18-1° they have not
been validated under the research conditions and mobile tools described in this manuscript.
We did not plan to use data collected using the actigraphy light sensor, given that all data
were collected during winter months when sensors are known to be obstructed by jackets
and heavy clothing.38:3% However, we did compare the consistency of the light sensor data to
PACO responses using a random sample of actigraphy files that did not appear to be badly
obstructed (i.e., light profiles that did not show long intervals of lux levels=0). In general,
files were in reasonable agreement. For example, when we applied an “Actilux” threshold
that has been shown to distinguish indoor from outdoor light using an ActiGraph,3° we
found that PACO responses to the question about timing of last exposure to outdoor light
converged with the actigraphy data roughly 70 percent of the time. In addition, although we
made an effort to enroll participants whose data would not be confounded by shift work,
sleep disorders, recent travel across time zones, or whose schedule may be offset by
breastfeeding, we recognize that there are other circumstances that may have influenced
participants’ timing behaviors in the short term (e.g., caring for non-breast-feeding infants,
recent illness). Therefore, it is possible that data collected on some individuals in our study
are not representative of their usual behavioral patterns. It is also important to note that there
may be other unmeasured confounding variables such as employment status, which may
alter the associations we report. Finally, as noted in the methods section, one variable in the
main analysis had a response option that didn’t correspond to an ordered timing category
(e.g., “I wasn’t outdoors”). We felt it was best to treat it as missing data, and removed this
response option prior to computing summary variables across days for each participant.
However, it is notable that this response option was infrequent (represents less than 4% of all
measurement days), and thus we do not believe that excluding this information meaningfully
influenced the derived summary variables or the associations we report.

Study strengths include the geographic diversity of participants that were enrolled at three
centers across the country. In addition, we assessed the timing of behaviors using actigraphy
and a novel smartphone application that enabled near real-time assessment of the primary
study exposures. Finally, this is one of the first attempts that we are aware of to estimate
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latent classes of timing behaviors, which addresses issues of modeling co-occurring timing
behaviors — a matter that has not been adequately addressed in the literature.

CONCLUSION

In summary, results of this study do not support the hypothesis that in healthy adults who on
average sleep nearly 7 hours per night, the timing of behavioral zeitgebers such as light,
meals, physical activity, and sleep, are strongly associated with BMI. Additional research is
needed to address the potential heterogeneity of effects of timing of behaviors across diverse
groups and seasons, and specifically address potential modification of effects by sleep
duration and chronotype.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Item Response Probabilities for 2-class Model: Probability of Reporting Engagement in

Timing Behavior by Latent Class Membership.

Note: Participants were enrolled from November 2015 to March 2016 at UC San Diego,
Children’s Hospital of Philadelphia, and Washington University in St. Louis.
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Table 1.

Characteristics of the INZEIT Study Population by Obesity Status.
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All Non-Obese Obese P-value”
BMI <30 BMI =30
N=125 N=88 N=37
Age, mean (SD) 35.3 (11.0) 32.8(9.6) 41.0(11.9) <0.01
White, non-Hispanic, n (%) 68 (54.4) 54 (61.4) 14 (37.8) 0.02
Male, n (%) 45 (36.0) 35 (39.8) 10 (27.0) 0.18
BMI (kg/m?) 27.6 (6.5) 24.2 (3.1) 35.9 (4.8) <0.01
Education, n (%) 0.02
High school or less 19 (15.2) 9(10.2) 10 (27.0)
Some college 29 (23.2) 18 (20.5) 11 (29.7)
Completed college 53 (42.4) 40 (45.5) 13(35.1)
Graduate training 24 (19.2) 21(23.9) 3(8.1)
Income, n (%)1 0.47
<$25,000 28 (24.8) 23 (28.4) 5 (15.6)
$25,000 - <$50,000 36 (31.9) 25 (30.9) 11 (34.4)
$50,000 - <$75,000 18 (15.9) 11 (13.6) 7(21.9)
$75,000 - <$100,000 18 (15.9) 14 (17.3) 4(12.5)
>$100,000 13 (11.5) 8(9.9) 5 (15.6)
Total Sleep Time, min/night, mean (SD) 416.7 (53.1) 424.6 (52.0) 397.9 (51.4) <0.01
Activity, Axis-1 CPM. mean (SD) 1117.9 (371.9) 1106.3 (365.9) 1145.6(389.7)  0.59
56.0 (9.8) 55.7 (9.7) 56.9 (10.1) 0.53

Horne-Ostberg Scoreg, mean (SD)

Abbreviations: CPM: counts per minute; MVPA: moderate-to-vigorous intensity physical activity.

Note: Participants were enrolled from November 2015 to March 2016 at UC San Diego, Children’s Hospital of Philadelphia, and Washington

University in St. Louis.

*
P-value for between group comparisons using Chi-square/Fisher’s exact, or t-tests.

JMissing data for n=12 participants.

Total activity derived from wrist actigraphy based on mean daily counts per minute on the vertical-axis.

Scores indicate diurnal preference; higher scores indicate greater preference for morning; data missing for one participant.
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Table 4.
Marginal Mean BMI (SE) by Latent Class Category in the INZEIT Pilot Study (n=125).

Class 1: “Night Owl”  Class 2: “Early Bird” P Value
=47 -

Unadjusted 25.8 (0.9) 28.7 (0.7) 0.01
Model 1 26.8 (0.9) 28.8(0.7) 0.11
Model 2 26.9 (0.9) 28.7 (0.7) 0.14

Note: Participants were enrolled from November 2015 to March 2016 at UC San Diego, Children’s Hospital of Philadelphia, and Washington
University in St. Louis; models assume an equal proportion of the categorical covariates and mean of continuous covariates.

Model 1: adjusted for age, race/ethnicity, and education.

Model 2: adjusted for same covariates in Model 1, in addition to total sleep time (min/night), and total activity derived from wrist actigraphy
(vertical-axis counts per minute).

J Phys Act Health. Author manuscript; available in PMC 2019 March 29.



	Abstract
	INTRODUCTION
	METHODS
	INZEIT Study

	Measures
	Actigraphy
	PACO Smartphone Application
	Demographics
	Body Mass Index (BMI)
	Chronotype

	Statistical Analysis
	RESULTS
	DISCUSSION
	CONCLUSION
	References
	Figure 1.
	Table 1.
	Table 2.
	Table 3.
	Table 4.

