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Abstract
Study Objectives:  Disturbances of rest–activity rhythms are associated with higher body mass index (BMI) in adults. Whether such 
relationship exists in children is unclear. We aimed to examine cross-sectional associations of rest–activity rhythm characteristics with BMI 
z-score and obesity-related inflammatory markers in school-age children.
Methods:  Participants included 411 healthy children (mean ± SD age 10.1 ± 1.3 years, 50.8% girls) from a Mediterranean area of Spain who 
wore wrist accelerometers for 7 consecutive days. Metrics of rest–activity rhythm were derived using both parametric and nonparametric 
approaches. Obesity-related inflammatory markers were measured in saliva (n = 121).
Results:  In a multivariable-adjusted model, higher BMI z-score is associated with less robust 24-h rest–activity rhythms as represented by 
lower relative amplitude (–0.16 [95% CI –0.29, –0.02] per SD, p = 0.02). The association between BMI z-score and relative amplitude persisted 
with additional adjustment for sleep duration, and attenuated after adjustment for daytime activity level. Less robust rest–activity rhythms 
were related to increased levels of several salivary pro-inflammatory markers, including C-reactive protein, which is inversely associated 
with relative amplitude (–32.6% [–47.8%, –12.9%] per SD), independently of BMI z-score, sleep duration, and daytime activity level.
Conclusion:  Blunted rest–activity rhythms are associated with higher BMI z-score and salivary pro-inflammatory markers already at an 
early age. The association with BMI z-score seem to be independent of sleep duration, and those with pro-inflammatory markers further 
independent of BMI z-score and daytime activity. Novel intervention targets at an early age based on improving the strength of rest–activity 
rhythms may help to prevent childhood obesity and related inflammation.
Clinical Trials Registration:  NCT02895282
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Statement of Significance

Disturbances in rest–activity rhythms are positively associated with body mass index (BMI) z-score and pro-inflammatory markers in 
adults. However, little is known about such associations in school-aged children. In a cross-sectional study, we found that disrupted rest–
activity rhythms, as represented by low relative amplitude, show strong associations with high BMI z-score and levels of C-reactive protein, 
independent of sleep duration and/or daytime activity levels. Novel intervention targets at an early age based on improving the strength of 
24 h rest–activity rhythms may help to prevent childhood obesity and related inflammation.
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Introduction

Childhood is a critical period in the development and persist-
ence of obesity and related co-morbidities into adulthood [1]. 
Thus, identifying modifiable risk factors is of urgent public 
health importance. In parallel with the childhood obesity 
epidemic, there has been an increase in the prevalence of 
lifestyle factors that may disturb the circadian system in 
school-aged children, including artificial light, digital media, 
demanding school schedules, and extracurricular activities 
[2–5]. Since the circadian system plays a major role in regu-
lating sleep–wake cycles as well as various metabolic out-
puts, circadian disturbances may have deleterious health 
consequences. Indeed, mounting evidence supports a strong 
association of lifestyle factors that are conducive of circa-
dian disruption with obesity [6–12]. However, whether such 
relationship already exists in pediatric populations is un-
clear. Circadian disturbance may increase inflammation. 
Experimentally induced circadian disruption in laboratory 
setting led to elevated pro-inflammatory markers in healthy 
adults [13–16]. Moreover, low-grade systemic inflammation is 
a characteristic of obesity. Pro-inflammatory markers, such as 
C-reactive protein (CRP) are increased in obese adults as well 
as in obese adolescents [17–19]. Such chronic subclinical ac-
tivation of the immune system predicts the increased risks 
for metabolic syndromes [20], and is considered to play a role 
in the pathogenesis of atherosclerosis from early ages [21], 
suggesting that preventive measures should start early in life. 
However, it is unknown whether circadian disturbances are 
associated with increased pro-inflammatory markers at early 
ages, and whether such association is mediated by body mass 
index (BMI) or obesity level.

The rest–activity cycle, which is in part a behavioral 
manifestation of the circadian function in response to en-
vironmental cycles, encompasses major daily activities such 
as sleep timing, sleep regularity, and daytime physical ac-
tivity [22, 23]. The rapid development of wearable devices 
has provided an objective measurement of 24-h rest–activity 
rhythms with low participant burden in free-living con-
ditions. However, research has mostly been conducted in 
adults [23–28]. For the few studies in adolescents, only limited 
aspects of rest–activity cycles have been assessed [29, 30]. 
Thus, more comprehensive approaches are needed to iden-
tify rest–activity metrics and their association with BMI in 
pediatric populations. Furthermore, no previous study has 
examined the link between obesity, rest–activity rhythms, 
and pro-inflammatory markers in children. The scarcity of re-
search in this field could be partly due to the invasive and 
stressful nature of venipuncture [31]. Noninvasive methods 
such as salivary biomarkers have been proposed as alterna-
tives to blood collection [32, 33].

To address the aforementioned knowledge gaps, we con-
ducted a cross-sectional study in a cohort of school-aged 
children in a Mediterranean area of Spain [34]. We obtained 
metrics of rest–activity rhythms by wrist-worn accelerometer 
to examine potential associations with BMI z-score and sal-
ivary pro-inflammatory markers. Secondarily, we examined 
whether these associations were modified by: (1) total daytime 
motor activity and/or total sleep duration; and (2) BMI z-score 
(for pro-inflammatory markers). Understanding which metrics 

of rest–activity rhythms associate with health-related out-
comes and whether associations are modified by conventional 
risk factors such as sleep duration and physical activity level, 
can provide insight into mechanisms and novel intervention 
targets.

Methods

Study population

Healthy children of ages between 8 and 12 years (n = 411, 209 
girls and 202 boys, 93.2% Caucasian, and 6.8% other races/eth-
nicities) from a Mediterranean area of Spain were recruited as 
previously described [34] (ONTIME-Jr population; ClinicalTrials.
gov ID: NCT02895282). Central and rural school centers were 
chosen with the goal of having a greater heterogeneity in the 
sample. The study was approved by the Ethics Committee of the 
University of Murcia (ID: 1868/2018).

Details of the study protocol and recruitment/retention pro-
cedures are available elsewhere [34]. Data collection was carried 
out during the academic terms between 2014 and 2016, which 
started in October 2014 and was completed in May 2016. The 
study was approved by the steering committees of the schools. 
A  comprehensive verbal description of the nature, purpose, 
and procedures of the study was given to both the children and 
their parents. For all the children enrolled in this study, written 
consents were received from their parents. All procedures per-
formed were in accordance with the ethical standards of the 
institutional and/or national research committee and with the 
1964 Helsinki declaration and its later amendments or compar-
able ethical standards.

Assessment of rest–activity rhythms

Children wore a triaxial accelerometer (HOBO Pendant G 
Acceleration Data Logger UA-04-64, Onset Computer, Bourne, 
MA, USA) on the non-dominant wrist with its x-axis parallel 
to the humerus bone for 24 h per day (except when bathing or 
swimming) for 7 consecutive days. This accelerometer sensor 
was programed to record data on motor activity and body pos-
ition every 30 s, as previously described [34, 35]. In brief, motor 
activity was expressed as the accumulative changes in three-
axis tilt with respect to the previous point and expressed as Δ 
degrees per minute. Body position was calculated as the angle 
between x-axis of the accelerometer and the horizontal plane, 
where 0° represents the arm in a horizontal position and 90° 
when vertical. This method has been previously validated with 
the commonly used wrist-worn Actiwatch accelerometer, and al-
most all the parameters derived from the rhythm showed high 
correlations between both devices [35]. Because the device used 
in the current study integrates the activity sensor together with a 
temperature sensor, we were able to use both the motor activity 
and temperature readings to estimate wear time. Nonwear time 
was defined as an interval in which motor activity readings were 
lower than 4°/min and the skin temperature readings were out 
of the physiological range (i.e. <28°C). A valid day was defined as 
a day with less than 8 hours of non-wear time. All the children 
included in the analysis had 7 days of validated recording.

Rest–activity rhythm parameters were derived using both 
parametric and nonparametric methods (Table 1):
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	(1)	 Parametric cosinor analysis [36]: A single-component co-
sine curve representing a 24-h period was fitted to the 
data, using regression analysis. The regression model can 
be described as: Y(t) = M + A*cos(2πt/T + φ) + e(t) where M 
is the mesor, φ is the acrophase, and A is the amplitude 
(Table 1). Relative amplitude was calculated as the ratio of 
amplitude and mesor.

	(2)	 Nonparametric analysis [37] was also used in considera-
tion that the daily rest–activity rhythm does not perfectly 
follow the sinusoidal curve. As described in Table 1, we es-
timated: (a) intradaily variability; (b) interdaily stability; 
(c) timing of most active 10-h episode (M10 midpoint); (d) 
timing of the least active 5-h episode (L5 midpoint); and (e) 
Circadian Function Index (CFI) [38].

All of the rhythmic parameters were obtained using an inte-
grated package for temporal series analysis Kroniwizard (https://
kronowizard.um.es/kronowizard) (Chronobiology Laboratory, 
University of Murcia, Spain, 2015).

Anthropometric measurements

As previously described [34], body weight was measured in 
barefooted subjects wearing light clothes using a digital scale 
accurate to the nearest 0.1 kg. Height was determined using a 
portable stadiometer (rank, 0.14–2.10). Height and weight meas-
urements were obtained at the beginning of the appointment 
always in the morning at the same time of day (around 10 am). 
Child overweight and obesity was determined by age and sex 
specific cut off points of BMI based on international data [39], 
including two underweighted participants grouped into “normal 
weight” category [40]. We calculated BMI and age- and sex-
specific z scores using the addWGSR function of the R “zscorer” 
package [41] which calculates BMI z-score based on the WHO 
Growth Reference [42, 43].

Saliva sample collection and inflammatory markers

Saliva samples were collected in the morning (approximately 9 
am) of Sunday after overnight fast. To collect saliva (n = 121), a 
salivette, which is a small cotton swab inside a standard centri-
fugation tube, was used (Sarstedt, Barcelona, Spain). All samples 
were maintained refrigerated at 4°C until delivered (1 day) to the 
laboratory and then stored at –80°C until analyzed.

Interleukin (IL)1b, IL6, IL8, monocyte chemotractant pro-
tein 1 (MCP1), tumor necrosis factor alpha (TNFα) were ana-
lyzed using commercially available kits (MILLIPLEX MAP Human 
Adipokine Magnetic Bead Panel 2 – Endocrine Multiplex Assay; 
Life Science, Darmstadt, Germany) according to manufacturer’s 
indications. C-reactive protein (CRP) was analyzed using a com-
mercially available kit (MILLIPLEX MAP Human – CRP Assay; Life 
Science, Darmstadt, Germany) according to manufacturer’s indi-
cations. IgA was evaluated with a commercial ELISA kit (Bethyl, 
Montgomery, TX, USA) in an automated biochemistry analyzer 
[44]. The values for all the assays were calculated based on a 
standard curve constructed for the assay.

Covariates

Information on sociodemographic factors (age, school, grade, 
sex) was assessed using self-administered questionnaires. Total 
sleep duration was estimated from a formula integrating the ob-
jectively measured motor activity, body position, and wrist skin 
temperature, as previously described [38]. Missing sleep dur-
ation data (n = 30) was imputed using mean value. Average day-
time motor activity level was derived from the accelerometer 
as described above and calculated as average accumulative de-
gree changes in three-axis tilt per minute during the most active 
10 h during the wake period (i.e. nonsleep time), which shows a 
decent correlation with motor activity measured by wrist-worn 
Actiwatch [26, 35].

Statistical analysis

The primary outcome was BMI z-score. To facilitate comparison 
of the strength of the association between different rest–ac-
tivity rhythm parameters and the BMI z-score, we examined 
associations between 1 standard deviation unit (SD) increase 
in each rest–activity rhythm parameter and the BMI z-score 
using linear regression models. The secondary outcomes were 
inflammatory markers which were transformed using the nat-
ural logarithm for all of the analyses, and expressed as per-
centage change per 1 SD increase in each rest–activity rhythm 
parameter. Models with BMI z-score, IgA, or CRP as outcome 
were adjusted for age, sex, school, and grade. Models with IL8, 
IL1b, TNFα, or MCP1 as outcome, were adjusted for age, sex, and 
grade, since those measures were only available in one school. 

Table 1.  24-h rest–activity rhythm parameters

Acrophase The time of peak activity

Amplitude Difference between the model fitted peak value and the mesor
Mesor The mean activity of the fitted 24-h pattern
Relative amplitude Refers to the difference between the maximum (or minimum) value of the fitted cosine function and 

mesor and is a normalized measure of rhythm strength accounting for average activity levels
Circadian Function Index (CFI) A numerical index that determines the circadian robustness, based on three circadian parameters: 

interday stability, intraday variability, and relative amplitude. CFI oscillates between 0 (absence of 
circadian rhythmicity) and 1 (robust circadian rhythm)

L5 midpoint Timing of the least active 5-h period, an indicator of midpoint of sleep
M10 midpoint Timing of the most active 10-h period
Interday stability An estimate of how closely the 24-h rest–activity rhythm follows the 24-h light–dark cycle. Deter-

mines the consistency of the 24 h rhythmic pattern over days. A stable rhythm is characterized by a 
24-hour profile that remains very similar from day to day

Intraday variability Fragmentation of the rhythm. Its values oscillate between 0 when the wave is perfectly sinusoidal 
and 2 when the wave describes a Gaussian noise

https://kronowizard.um.es/kronowizard
https://kronowizard.um.es/kronowizard
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To examine if sleep duration or daytime activity level accounts 
for the influence of rest–activity rhythm characteristics, we 
further adjusted for total sleep duration and daytime motor 
activity level in multivariable models. For pro-inflammatory 
markers, we also adjusted for BMI z-score to examine the 
associations with rest–activity rhythm characteristics. We 
performed regressions for multiple exposure and outcome 
variables so false positive may be a concern. However, many 
of our variables were highly correlated; therefore, we did not 
control for multiple comparisons using conventional methods 
such as Bonferroni corrections, because such methods assume 
independence among tests [45]. Instead, we presented confi-
dence intervals and p-values for all the associations and evalu-
ated our results based on both effect sizes and measures of 
statistical significance. We completed the statistical analyses 
using R 3.5.1.

Results
Study participant characteristics are presented in Table  2. 
Parameters of rest–activity distribution are presented in Figure S1.

We found that several characteristics of the rest–activity 
rhythm, such as mesor, relative amplitude and CFI, were signifi-
cant and inversely associated with BMI z-score (p = 0.03, p = 0.02, 
p = 0.03, respectively) while intradaily variability was positively 
associated with BMI z-score (a trend, p = 0.08) (Table 3, Figure 1A 
and B). Specifically, every 1 SD increase in relative amplitudes as-
sociated with 0.16 (95% CI: –0.29, –0.02) decrease in BMI z-score. 
A similar decrease in BMI z-score was observed with 1 SD in-
crease in CFI (β–0.16 [–0.3, –0.02]). One SD increase in mesor was 
associated with –0.16 (–0.31, –0.02) change in BMI z-score, while 
1 SD increase in intradaily variability associated with 0.12 (–0.02, 
0.26) increase in BMI z-score. Further adjustment for total sleep 
duration had minimal impact on the findings regarding mesor, 
relative amplitude, and CFI. However, additional adjustment 
for daytime motor activity attenuated the three associations 
(Table 3).

We next examined several inflammatory markers in a subset 
of 121 children who provided saliva samples (Table 4). Among 

those, CRP levels were inversely associated with relative amp-
litudes in which 1 SD increase of relative amplitude was linked 
to 32.6% decrease (–47.8%, –12.9%; p = 0.002, Figure 1C and D) in 
CRP levels. Associations remained significant after further ad-
justment for total sleep duration or daytime motor activity level 
(–33.5% [–49.3%, –12.8%] per SD, p = 0.003; –32.2% [–47.8%, –12.0%] 
per SD, p = 0.01, respectively), and BMI z-score (both p < 0.02). 
IL8 and IL1b levels were both positively and significantly as-
sociated with L5 midpoint with 1 SD increase in L5 midpoint 
correlated with 30.8% (3.6%, 65.2%, p = 0.02) increase in IL8 and 
43.4% (5.6%, 94.9%, p  =  0.02, Figure  1E and F) increase in IL1b. 
Importantly, the association of L5 midpoint with IL8 or IL1b was 
independent of total sleep duration, daytime motor activity 
level, and BMI z-score (all p < 0.05). Mesor was inversely associ-
ated with IgA with 1 SD increase associated with –24.0% (–40.7%, 
–2.7%, p = 0.03) change in concentrations of IgA, which was in-
dependent of total sleep duration and BMI z-score (all p < 0.05), 
while additional adjustment of daytime motor activity level 
slightly attenuated the association (p = 0.06). Mesor, interdaily 
stability and intradaily variability were inversely associated 
with MCP1 (–31.5% [–44.6%, –15.3%], p = 0.0008, –33.3% [–50.1%, 
–10.7%], p = 0.007 and –22.0% [–36.4%, –4.4%], p = 0.02, respect-
ively). Moreover, the associations of mesor or interdaily stability 
with MCP1 were independent of total sleep duration and BMI 
z-score (all p < 0.01), and the association of intradaily variability 
with MCP1 was independent of total sleep duration, daytime 
motor activity level, and BMI z-score (all p < 0.05).

Discussion
In this cohort of school-aged children, less robust 24-h rest–ac-
tivity rhythms, as represented by higher mesor, lower relative 
amplitude, and lower Circadian Functional Index (CFI), was as-
sociated with higher BMI z-score. For the first time, in a subset of 
children with saliva samples, we uncovered that many aspects 
of rest–activity rhythms were significantly associated with sev-
eral pro-inflammatory markers, including CRP. Importantly, 
these associations remained significant after adjustment for po-
tential mediating factors such as total sleep duration, daytime 

Table 2.  Participant characteristics, overall, and by category of body mass index

 Overall Normal weight Overweight Obese p value

N 411 276 93 42  
Age, years 10.1 (1.25) 10.1 (1.24) 10.1 (1.15) 9.90 (1.51) 0.59
Sex, boys/girls, n 202/209 135/141 43/50 24/18 0.5
Body mass index, z-score 0.86 (1.36)[-3.35,5.46] 0.15 (0.98)[-3.35, 2.71] 1.93 (0.38)[1.25, 2.78] 3.14 (0.64)[2.21, 5.46] <0.0001
Rest–activity rhythm characteristics

Mesor 46.6 (6.1)[21.7, 61.3] 47.1 (5.98)[21.7, 61.3] 46.2 (6.05)[22.9, 57.4] 44.4 (6.19)[28.6, 56.1] 0.05
Acrophase, clock hour 15.0 (0.69)[13.3, 16.9] 15.0 (0.69)[13.4, 16.9] 15.1 (0.65)[13.3, 16.6] 15.2 (0.73)[13.6, 16.6] 0.05
Relative amplitude 0.84 (0.05)[0.62, 1.00] 0.84 (0.04)[0.68, 1.00] 0.84 (0.04)[0.72, 0.97] 0.83 (0.07)[0.62, 0.93] 0.62
Interdaily stability 0.38 (0.08)[0.21, 1.04] 0.39 (0.07)[0.21, 1.00] 0.38 (0.08)[0.22, 0.98] 0.38 (0.12)[0.22, 1.04] 0.12
Intradaily variability 0.87 (0.06)[0.60, 1.05] 0.86 (0.06)[0.60, 1.03] 0.87 (0.07)[0.65, 1.05] 0.88 (0.06)[0.72, 1.03] 0.24
M10 midpoint, clock hour 15.2 (1.32)[12.0, 19.0] 15.2 (1.32)[12.0, 19.0] 15.2 (1.29)[12.4, 19.0] 15.2 (1.38)[12.3, 18.1] 0.91
L5 midpoint, clock hour 2.5 (1.2)[0.6, 6.0] 3.4 (1.2)[0.6, 6.0] 3.8 (1.05)[1.6, 5.5] 3.5 (1.11)[1.5, 5.6] 0.03
CFI 0.60 (0.04)[0.47, 0.82] 0.60 (0.04)[0.51, 0.81] 0.60 (0.04)[0.51, 0.79] 0.59 (0.05)[0.47, 0.82] 0.29

Other lifestyle factors
Total sleep duration, h 7.68 (0.68)[6.45, 12.6] 7.68 (0.59)[6.45, 9.77] 7.69 (0.77)[6.48, 12.2] 7.65 (0.99)[6.47, 12.6] 0.63
Daytime motor activity, ∆°/min 73.4 (10.0)[38.2, 98.4] 74.5 (9.8)[38.2, 98.4]  72.4 (9.5)[38.6, 90.7] 68.5 (11.2)[43.8, 86.5] 0.001

Data are n or mean (SD) [range]. p values obtained with the Kruskal–Wallis test for continuous variables and χ2 test for categorical variables. 

M10 midpoint, timing of most active 10-h episode; L5 midpoint, timing of the least active 5 h episode; CFI, circadian function index.

http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsaa256#supplementary-data
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Table 3.  Continuous associations with body mass index z-score per 1 standard deviation increase in rest–activity parameters

 

Beta coefficient (95% confidence interval); p value

Model 1 Model 2 Model 3

Mesor –0.16 (–0.31, –0.02) –0.17 (–0.32, –0.03) 0.32 (–0.05, 0.69)
p = 0.03 p = 0.02 p = 0.09

Acrophase 0.06 (–0.07, 0.20) 0.06 (–0.08, 0.19) 0.06 (–0.08, 0.19)
p = 0.38 p = 0.41 p = 0.42

Relative amplitude –0.16 (–0.29, –0.02) –0.16 (–0.3, –0.02) –0.12 (–0.26, 0.01)
p = 0.02 p = 0.03 p = 0.08

Interdaily stability –0.08 (–0.22, 0.05) –0.08 (–0.22, 0.06) 0.06 (–0.11, 0.22)
p = 0.23 p = 0.25 p = 0.51

Intradaily variability 0.12 (–0.02, 0.26) 0.12 (–0.02, 0.26) 0.1 (–0.03, 0.24)
p = 0.08 p = 0.10 p = 0.14

M10 midpoint –0.06 (–0.19, 0.08) –0.06 (–0.19, 0.08) –0.04 (–0.18, 0.09)
p = 0.42 p = 0.39 p = 0.52

L5 midpoint 0.06 (–0.07, 0.19) 0.05 (–0.08, 0.18) 0.03 (–0.1, 0.16)
p = 0.40 p = 0.43 p = 0.63

CFI –0.16 (–0.3, –0.02) –0.16 (–0.3, –0.01) –0.07 (–0.23, 0.09)
p = 0.03 p = 0.03 p = 0.41

(Model 1) Adjusted for age, sex, school, and grade. (Model 2) Model 1 + total sleep duration. (Model 3) Model 1 + daytime motor activity. 

M10 midpoint, timing of most active 10-h episode; L5 midpoint, timing of the least active 5 episode; CFI, circadian function index.
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Figure 1.  Representative example of 7-day average actigraphs of several individual cases with high and low BMI z-score, C-reactive protein (CRP) and interleukin 8 (IL8). 

(A) represents an obese child (code 470; BMI z-score = 3.04) with a low relative amplitude (RA = 0.69) and a high fragmentation (intradaily variability = 1.01). (B) Represents 

a normal weight child (code 304; BMI z-score = 1.20) with a high relative amplitude (RA = 0.87) and low fragmentation (intradaily variability = 0.71). (C) represents a child 

(code 405) with a high C-reactive protein (CRP = 14.46 ng/mL) and a low relative amplitude (RA = 0.73). (D) represents to a child (code 422) with a low C-reactive protein 

(CRP = 0.17 ng/mL) and a high relative amplitude (RA = 0.88). (E) represents a child (code 455) with a high interleukin 8 (IL8 = 66.02 pg/mL) and a later L5 midpoint (05:37 am). 

(F) represents a child (code 416) with a low interleukin 8 (IL8 = 8.33 pg/mL) and an early L5 midpoint (01:07 am). The arrow represents L5 midpoint in (E) and (F).
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motor activity level, and obesity level (BMI z-score), suggesting 
that the robustness of rest–activity rhythms is related to inflam-
mation independently of these traditional risk factors.

An increasing number of studies have linked the strength 
and regularity of daily rest–activity rhythms to health outcomes 
in community-dwelling middle-aged and older adults [23–25, 
27, 28]. However, this is an emerging area of research in pedi-
atric populations, thus few studies are directly comparable. In a 
recent cross-sectional study, Quante et al. examined four char-
acteristics of the rest–activity rhythm using the nonparametric 
method and found that the relative amplitude was negatively 
associated with BMI z-score in adolescents, independent of 
parent-reported sleep duration, and physical activity level [29]. 
In our study, we also found that the relative amplitude had the 
strongest associations with BMI z-score. We further included 
the parametric method and additional metrics to characterize 
the regularity (interdaily stability) and fragmentation (intradaily 
variability) of the rest–activity rhythm, thus generating a more 
complete picture. In addition to objectively measured sleep 
duration, we further adjusted for objectively measured day-
time activity level (instead of parent-reported in the previous 
study). Interestingly, while the significant associations were 
independent of sleep duration, they were attenuated after ad-
justment for daytime activity level. Future studies are needed 
to test whether daytime activity is a mediating factor for the 
association between the parameters of rest–activity rhythm and 
BMI z-score. If so, promoting daytime physical activity could be 
an effective strategy to boost rest–activity rhythm and help pre-
vent excess weight gain in school-aged children. Our results are 
also consistent with our previous study in adolescents showing 
that intradaily variability positively associated with obesity, al-
though only waking hours activity was available to derive the 
metrics in that study [30]. Moreover, the current study is fo-
cused on a younger pediatric population (7–12 years old) while 
both previous studies included adolescents (11–17.5 years old). 
Adolescents are especially susceptible to disruption in rest–ac-
tivity rhythm due to the dramatic pubertal transformation 
in body composition and a biologically-mediated tendency 
to eveningness [46–48]. Our results indicate that children at a 
younger age may already face the deleterious metabolic conse-
quences of a weak rest–activity rhythm, pointing out a need to 
start behavioral interventions early in life.

As far as we are aware, this is the first study investigating the 
association between the rest–activity rhythm characteristics and 
inflammatory markers in a pediatric population of school-age 
children. In a subset of 118 children, we found that a lower rela-
tive amplitude was associated with higher salivary CRP levels, 
independent of sleep duration, daytime activity, and BMI z-score. 
Circulating CRP is a sensitive marker for low-grade systemic in-
flammation that has been shown to be a powerful predictor for 
the development of type 2 diabetes and cardiovascular diseases 
in apparently healthy adults [49–51]. Elevated CRP concentrations 
have been associated with higher adiposity and lower aerobic fit-
ness in children [52, 53]. Since salivary CRP has shown to have a 
moderate-to-strong correlation with plasma CRP, its determin-
ation in saliva has been proposed as a noninvasive alternative 
method to assess subclinical systemic inflammation [32, 54].

The observed associations cannot determine causality. 
However, our results suggest that a weakened rest–activity 
rhythm may contribute to low-grade inflammation in children, 
which could increase the risk of metabolic syndromes in later 

life [55]. Similarly, in a smaller subset, salivary IL8 and IL1b in-
creased with later sleep timing (L5 midpoint) an indicator of 
whether a person goes to bed earlier or later in the day. These 
associations were independent of sleep duration, daytime ac-
tivity level, and BMI z-score. MCP1, is a chemokine which plays 
a pivotal role in the development of atherosclerosis [56]. Our 
results in school-age children show that salivary MCP1 level 
was negatively associated with the 24-h average activity level 
(mesor) and the regularity and fragmentation of the rest–ac-
tivity rhythms. Such results were consistent with previous find-
ings from randomized controlled studies demonstrating that 
increased physical activity can reduce MCP1 levels in human 
[57, 58]. Overall, our results revealed that different character-
istics of the rest–activity rhythms were associated with spe-
cific pro-inflammatory markers in children. These associations 
cannot be fully explained by sleep duration, daytime activity 
and BMI z-score, thus pointing out an independent contribu-
tion of the rest–activity rhythms characteristics.

A potential explanation to these findings could be that 
weakened rest–activity rhythms lead to increased BMI z-score 
and pro-inflammatory markers, although the reverse caus-
ation could be also true (higher BMI z-score leads to weakened 
rhythms). Previous literature has shown that circadian dis-
ruption results in dysregulation of energy metabolism and in-
flammatory responses, independently from sleep duration as 
demonstrated by highly-controlled human in-laboratory proto-
cols [10, 11, 14–16, 59–62] which is consistent with our findings. 
However, these in-laboratory studies often represented dramatic 
forms of circadian disruption including arrhythmic locomotor 
activity in animals or inverted behavioral cycles in human. Our 
results indicate that even mild-to-moderate disruption in rest–
activity rhythms, as shown in the current school-age children 
population, is associated with adverse metabolic consequences.

This research has multiple strengths: first, our observations 
in a unique, large, school-aged pediatric population under the 
real-life setting identified the inverse association of relative 
amplitude of rest–activity rhythms with BMI z-score and sal-
ivary CRP levels, which supports the utility of wearable devices 
as a tool for large pediatric cohorts to measure exposures related 
to daily rest–activity rhythms. Second, we used both parametric 
and nonparametric methods to quantify different domains of 
the rest–activity rhythms and tested their associations with 
health outcomes such as BMI z-score. Such approach provides 
insights into which rhythm parameters may be the strongest 
biomarkers for certain health outcomes in children. Third, for 
the first time, we revealed that the strength and regularity of 
the rest–activity rhythms are inversely associated with pro-
inflammatory markers, highlighting the potential of salivary 
biomarkers to be an easy and non-invasive alternative method 
to blood samples in children.

Our study also has several limitations. Due to the 
cross-sectional design, causal inferences cannot be made. 
Future studies are needed to test the prospective relationship 
between the rest–activity rhythm and health outcomes in chil-
dren as well as the multiple potential mechanisms of these 
associations. In addition, while the rest–activity rhythm is par-
tially under the regulation of the circadian system, it is not a 
direct assessment of the circadian rhythm. However, previous 
research has found that rest–activity rhythms associate with 
the timing of light exposure (the strongest Zeitgeber of the cir-
cadian system) and amplitude of melatonin secretion (classical 
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circadian phase marker) [63, 64]. These results suggested that al-
tered rest–activity rhythms do, to some degree, reflect circadian 
disruption, thus can be used as a relevant biological sign for cir-
cadian function. Another potential limitation could be that we 
did not correct for multiple comparisons considering that many 
exposures and outcomes were correlated with each other. While 
this may increase the likelihood of type 1 error, it is consistent 
with many other prior similar studies [23–25, 29, 65]. Future 
studies are needed to confirm our findings. It is also pointed 
out that the current methods used to measure sleep duration 
has not been validated with polysomnography in children. 
However, the results were consistent with results obtained by 
sleep diaries, supporting the validity of this objective measure. 
Last, we recognize that wrist-worn device is not as accurate as 
hip-worn device in estimating physical activity.

Conclusion
We found that disrupted rest–activity rhythms associate with 
higher BMI z-score and salivary pro-inflammatory markers in 
school-aged children. Such associations with BMI z-score seem to 
be independent of sleep duration, those with pro-inflammatory 
markers further independent of daytime motor activity levels. 
Among different metrics of the rest–activity rhythms, relative 
amplitude, the rhythm strength adjusted for total 24-h activity 
level, showed strong independent associations with both BMI 
z-score and salivary CRP levels, and thus may be a potential target 
for intervention. Future research should examine the underlying 
mechanisms of these associations and develop effective coun-
termeasures to improve the strength of the rest–activity rhythms 
in order to prevent childhood obesity and related inflammation.
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Table 4.  Percentage change of inflammatory marker concentration per 1 standard deviation increase in rest–activity parameters

 IgA (n = 121) CRP (n = 118) IL8 (n = 57) IL1b (n = 60) TNFα (n = 59) MCP1 (n = 60)

Mesor –24 (–40.7, –2.7) –4.5 (–31.9, 33.9) 10.8 (–13.8, 42.5) –10 (–36.6, 27.8) 6.6 (–14.5, 32.8) –31.5 (–44.6, –15.3)
p < 0.05 b, d p = 0.79 p = 0.42 p = 0.55 p = 0.56 p < 0.01a, c

Acrophase 7.6 (–15.9, 37.7) –10 (–35, 24.8) –6.1 (–28.1, 22.7) –5.2 (–33.4, 35) –3.5 (–23.4, 21.5) –14.9 (–32.6, 7.5)
p = 0.56 p = 0.52 p = 0.64 p = 0.76 p = 0.76 p = 0.17

Relative amplitude 2.9 (–15.8, 25.6) –32.6 (–47.8, –12.9) 6.5 (–12.3, 29.4) 16.1 (–11, 51.6) –0.7 (–16.3, 17.7) 3.2 (–13.8, 23.6)
p = 0.78 p < 0.02 a, b, c, d p = 0.52 p = 0.26 p = 0.93 p = 0.73

Interdaily stability 6.2 (–17.3, 36.6) 0.2 (–28.4, 40.1) 0.9 (–27.9, 41.3) –11.9 (–44.5, 39.8) –17.8 (–38.4, 9.7) –33.3 (–50.1, –10.7)
p = 0.63 p = 0.99 p = 0.96 p = 0.58 p = 0.18 p < 0.01 a, c

Intradaily variability –9.7 (–27.3, 12.2) 19.7 (–10.7, 60.4) –9.9 (–28.3, 13.3) –6.6 (–32.2, 28.6) –8.6 (–25.1, 11.6) –22 (–36.4, –4.4)
p = 0.35 p = 0.23 p = 0.37 p = 0.67 p = 0.37 p < 0.05 a, b, c, d

M10 midpoint –3.2 (–21.8, 19.7) –16.1 (–36.6, 11.1) 5.4 (–16.7, 33.5) –13.8 (–37.1, 18.3) 0.7 (–18, 23.7) –8.3 (–25.9, 13.3)
p = 0.76 p = 0.22 p = 0.65 p = 0.35 p = 0.95 p = 0.41

L5 midpoint 10.1 (–11.7, 37.1) 14.8 (–14.6, 54.3) 30.8 (3.6, 65.2) 43.4 (5.6, 94.9) 11.5 (–9, 36.6) 16.3 (–5.9, 43.7)
p = 0.39 p = 0.36 p < 0.05 a, b, c, d p < 0.05 a, b, c, d p = 0.29 p = 0.16

CFI 8.5 (–14.1, 37.1) –23.7 (–44.1, 4.1) 8.8 (–16.3, 41.5) 8 (–24.7, 55) –5.4 (–24.7, 19) –5.9 (–26.1, 19.9)
p = 0.49 p = 0.09 p = 0.52 p = 0.67 p = 0.63 p = 0.62

Data are expressed as mean (95 CI). Unit is %. (Model 1) the default model is adjusted for age, sex, grade, and school (school for IgA and CRP only). If significance 

was found in the default model, further adjustments were made as following: a(Model 2) Model 1 + total sleep duration. b(Model 3) Model 1 + daytime motor activity. 
c(Model 4) Model 2 + BMI z-score. d(Model 5) Model 3 + BMI z-score. 

M10 midpoint, timing of most active 10-h episode; L5 midpoint, timing of the least active 5 h episode; CFI, circadian function index.
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