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Abstract
Background: Globally most children do not engage in enough physical activity. Day length and weather
conditions have been identified as determinants of physical activity, although how they may be overcome as
barriers is not clear. We aim to examine if and how relationships between children’s physical activity and weather
and day length vary between countries and identify settings in which children were better able to maintain activity
levels given the weather conditions they experienced.
Methods: In this repeated measures study, we used data from 23,451 participants in the International Children’s
Accelerometry Database (ICAD). Daily accelerometer-measured physical activity (counts per minute; cpm) was
matched to local weather conditions and the relationships assessed using multilevel regression models. Multilevel
models accounted for clustering of days within occasions within children within study-cities, and allowed us to
explore if and how the relationships between weather variables and physical activity differ by setting.
Results: Increased precipitation and wind speed were associated with decreased cpm while better visibility and
more hours of daylight were associated with increased cpm. Models indicated that increases in these variables
resulted in average changes in mean cpm of 7.6/h of day length, −13.2/cm precipitation, 10.3/10 km visibility and
−10.3/10kph wind speed (all p < 0.01). Temperature showed a cubic relationship with cpm, although between 0
and 20 degrees C the relationship was broadly linear. Age showed interactions with temperature and precipitation,
with the associations larger among younger children. In terms of geographic trends, participants from Northern
European countries and Melbourne, Australia were the most active, and also better maintained their activity levels
given the weather conditions they experienced compared to those in the US and Western Europe.
Conclusions: We found variation in the relationship between weather conditions and physical activity between ICAD
studies and settings. Children in Northern Europe and Melbourne, Australia were not only more active on average, but
also more active given the weather conditions they experienced. Future work should consider strategies to mitigate
the impacts of weather conditions, especially among young children, and interventions involving changes to the
physical environment should consider how they will operate in different weather conditions.
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Background
Physical inactivity increases the risk of many noncommunicable diseases and has been recognised as a
major contributor to the global burden of ill health [1].
It is therefore worrying that in many high-income settings average time spent in moderate to vigorous physical activity (MVPA) is well below the recommendation
of 60 min per day [2]. A recent study in the UK, for
example found that only 51% of 7 year olds met this
target [3]. Understanding the barriers and drivers of
physical activity in children is key to developing sustainable and successful interventions to increase activity
levels. It has been consistently observed that children’s
activity levels exhibit a seasonal pattern. This has been
reported in many settings including Europe [4–12], the
USA [13–15] and Australia [16]. Activity levels are
generally lowest in the winter, when dark evenings and
cool, wet weather is thought to inhibit activity [17].
Understanding how day length and weather influence
physical activity is therefore a useful step in the development of sustainable interventions to maintain activity
levels throughout the year.
Several studies have found relationships between different weather variables and children’s physical activity.
Rainfall has been associated with decreased activity
[18–22]. For example, Harrison and colleagues analysed
a sample of 1794 9–10 year old English children and
found they undertook almost 15 min less MVPA on the
wettest days compared to days with no rain [20]. Conversely, temperature has shown a positive association
with physical activity, with small to moderate increases
in step counts associated with a 10 °C increase in
temperature in studies in New Zealand (n = 1115) [21]
and Canada (n = 1293) [18]. In addition to these relatively simple associations, there are suggestions that
certain combinations of weather variables may have different associations with physical activity in adults [23],
and that the relationships seen between weather conditions and physical activity may vary with age [20]. However, studies examining weather and physical activity
have tended to be confined to small areas, often a single city or state, which limits variability in exposure
measures. Although the weather varies daily within a
single location, heterogeneity of weather exposures is
often low in single site studies within a limited time
frame. Further, the different means by which both physical activity and weather can be measured makes it
difficult to compare their relationships with physical
activity across different settings and populations. This
is problematic because understanding if and how children in different settings respond to similar weather
conditions might help us to identify potential adaptive
strategies. For example, there may be settings where
the physical environment supports outdoor active play
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in wet weather, or where the cultural environment promotes activity even in the cold. The fact that seasonal patterns in physical activity [24] and association with day
length [25] are not consistently observed in all settings
suggests that there may be some cultural adaptations to
the markers of seasons; weather and day length.
The pooling of objectively measured physical activity
from studies conducted around the world in the International Children’s Accelerometry Database (ICAD)
provides the opportunity to explore the relationships
between weather and physical activity over a wide range
of exposures, and understand if and how these relationships differ by setting (e.g. the city/country in which
studies are located) and participants.
Using the ICAD data, this paper aims to answer the
following questions:
1. What is the relationship between day length,
weather conditions and physical activity,
including potential interactions between
weather variables?
2. How do the relationships between day length,
weather conditions and physical activity vary
between settings?
3. In which settings do children appear to best
maintain their physical activity levels given the
weather conditions they are exposed to?

Methods
Study design and participants

ICAD pooled physical activity and demographic data
from studies worldwide. ICAD’s methods are explained
in full elsewhere [26], and so are only briefly described
here. Between 2008 and 2010, raw accelerometery files
were obtained from 21 studies that had measured physical activity with Actigraph accelerometers. The ICAD
studies included cross-sectional, longitudinal, and intervention designs. Participants ranged in age from 3 to
18 years, and the dates of the studies ranged from 1997
to 2009. Details of the study characteristics are given in
Table 1. Physical activity and demographic data were
standardised and reduced using consistent methods,
providing a sample of 34,201 individual participants
from 10 countries. However, not all participants in
ICAD were eligible for this study. Specifically those
taking part in a study that did not collect date and location data and follow-up samples from intervention studies were not eligible, leaving an eligible sample of 25,792
individuals (see Fig. 1). Participant age, sex, height, and
weight were available from all participating studies. Body
mass index was derived from height and weight measurements and was used to classify participants as normal weight or overweight/obese based on international
age and sex specific cut points [27].
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Table 1 Characteristics of study participants
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Fig. 1 Flow chart of the study sample selection

Physical activity measurements

All studies within ICAD used waist-worn uniaxial accelerometers made by Actigraph; either the 7164 or the
GTM1 models. Accelerometer sampling frequency
ranged from 5 to 60 s, and so all were re-integrated to
60 s. Non-wear time was defined as a period of 60 min
of consecutive zeros allowing for 2 minutes of nonzeros, and a valid measurement day was defined as one
on which at least 500 min of wear time were recorded,
in line with previous work [19, 20, 25]. Physical activity
measurements were taken over up to seven consecutive
days at each measurement occasion. For the longitudinal
and intervention studies, there were up to four measurement occasions per child. The outcome measure for
these analyses was daily mean daytime (7 am-9 pm)
counts per minute (cpm), a measure of overall physical
activity. We chose cpm as an outcome rather than
time spent in MVPA in order to capture physical activity across a full range of intensities. We did perform some sensitivity testing, finding similar results
when repeating our main analysis with time spend in
MVPA (≥3000 cpm [28]) as an outcome.
Exposure measures

Weather data were obtained from the National Oceanic
and Atmospheric Administration’s Global Summary of the
Day (GSOD) [29] station data. GSOD provides daily summaries of temperature (°C), precipitation (mm), wind
speed (kph), visibility (km) and snow depth (mm) along
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with individual stations’ reporting practices. The information on reporting practices indicated where a zero value
could be separated from missing data. Temperature,
precipitation, wind speed and snow depth have all been
associated with children’s physical activity in past work
[18–22, 30]. Visibility is a measure of how far a human
can see given that day’s conditions. It is estimated automatically by a sensor which determines the distance a
beam of light can travel before its luminous flux is
reduced to prescribed value (typically 5% of its original
value). The visibility on a given day is determined by a
number of climatic factors including sunshine, cloud
cover and haze [31], which have also been associated with
physical activity [21, 32]. Each day of physical activity
measurement was linked to the nearest GSOD weather
station reporting weather data for that day. If there was no
weather station within 50 km of the study location reporting on a given day, then that day’s physical activity measurements in the study were excluded from the analysis.
The GSOD stations used ranged from 1.3 km to 37 km
from the study locations (mean 9 km). Day length was
defined as the time between sunrise and sunset. This is
mathematically derived based on the date and geographic
location. We obtained day lengths for each measurement
day/location from https://www.timeanddate.com/sun//,
based on physical activity measurement dates and the location of each study.
Inclusion/exclusion criteria

A number of ICAD participants were excluded from
these analyses due to the non-availability of physical
activity data and weather data. Figure 1 details the
numbers excluded and reasons for their exclusion. The
analyses presented in this paper were conducted at the
day level rather than being aggregated to participant
means, because weather varies from 1 day to the next.
Measurement days with ≥500 mins wear time (a threshold in line with previous work [20, 25, 33]) were
excluded (n = 68,534 days). Measurement days were
dropped where they could not be matched to reliable
weather data. Reliability of weather data was deemed
insufficient where the differences between zero and ‘no
data’ could not be determined based on the reporting
information recorded in GSOD. Unfortunately, this
included all measurements from the Pelotas study. The
final sample included in these analyses therefore comprised 158,824 measurement days from 23,451 participants in 17 studies. Within this sample measurements
were taken throughout the year.
Statistical analysis

A multilevel modelling approach was used to explore
the associations between weather conditions and cpm.
The structure of ICAD is strongly hierarchical with days
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clustered within occasions within children. The participants themselves were then nested within both studies
and cities. Three cities each hosted two studies, and one
study was located across six different cities. The top
level in the hierarchy was therefore modelled as studycity pairs (‘settings’, N = 22). In all models, the outcome
(cpm) was log transformed to improve normality.
As both the outcome (cpm) and exposure measures
(weather and day length) were temporally auto-correlated,
multilevel mixed-effects linear regression was specified
with an auto-correlated residual structure based on date.
In addition, one-day lag terms for the weather variables
were included in all models. The previous day’s weather
may impact physical activity on the current day either via
compensation (e.g. children unable to play outdoors
because of wet weather 1 day being more active the next),
or via the impact on environmental conditions (e.g. wet
surfaces inhibiting outdoor play).
To examine the relationships between the weather variables and cpm, we built a model including all of the weather variables and day length along with the demographic
and measurement covariates: wear time, age, sex, weight
status, and weekend vs weekday. The shape of the relationships between each weather variable and physical activity was explored by plotting the residuals from a model
containing only the covariates against each of the weather
variables and day length, and where indicated non-linear
terms were fitted. Models were run with paired interactions between each combination of the following six variables: age, day length, temperature, precipitation, visibility
and wind speed. Where interactions were statistically significant (p < 0.01), stratified models were run. Age was included as a potential effect modifier given the differences
we have previously observed in the impact of rainfall on
physical activity as children age [20].
To explore if and how the relationships between weather variables and physical activity differ by setting, the
weather variables were added one at a time to the
random part of the model at the setting level. Estimates
of the random effects were used to plot the slopes and
intercepts of the relationships by setting. To explore
differences in the effect of weather on physical activity
by setting, the random effects (intercepts) at the setting
level of the main model were examined to see which
settings appeared to have more active children compared
to what would be expected based on the participant
characteristics, weather conditions and day length.

Results
Table 1 shows the characteristics of the participants
included in these analyses. Overall there were more
female than male participants in these analyses (as well
as in ICAD generally), due largely to the inclusion of the
all-female Project TAAG. Figure 2 shows mean weather
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conditions on measurement days at the included cities.
It shows that the cities included experience a wide range
of weather conditions, including cold and snowy (Tartu/
Oslo), hot and dry (Tucson), hot and wet (New Orleans),
and a group of cities with a mean temperature around
11 °C and mean precipitation of 2–2.5 mm (Antwerp / Des
Moines / Norwich / Bristol).
QU1) what is the relationship between physical activity
and day length/weather, including potential interactions?

Table 2 shows the results of the models of log cpm between 7 am and 9 pm. The adjusted univariate models
show statistically significant associations between all of
the weather variables/day length and log cpm. Increased
precipitation and wind speed were associated with decreased cpm while better visibility and longer days were
associated with increased cpm. Examination of the residuals
from the models with covariates only indicated mostly
linear trends, but a more complex, cubic relationship
between cpm and temperature. Most of the weather variables showed low to moderate correlation between each
other with correlation coefficients ranging from −0.17 to
0.24. Day length and temperature were more strongly
correlated (r = 0.56). One-day lag terms for most of the
weather variables were also statistically significant in these
models, and showed improved fit. For temperature and
precipitation measurements on the previous day showed
associations in the same direction as values for the current
day. For visibility, current day and one-day lag values
showed associations in different directions.
The fully adjusted model shows largely the same relationships between cpm and all the weather/season variables as the univariate models. However, after adjustment
for temperature and precipitation, the coefficient for the
presence of snow is no longer statistically significant. The
inclusion of the autocorrelated residual structure in the
multilevel model improved the model fit based on a
likelihood-ratio test (p < 0.05). Residual correlation for
measurements taken 1 day apart for the same person on
the same measurement occasion were estimated to be
0.115 (95% CI 0.107–0.123). To aid the interpretation of
these model outputs, Fig. 3 plots adjusted mean cpm at
centiles of each of the weather variables.
Of the 15 pairs of interactions examined (each pairwise combination of the four weather variables, day
length, and age), four were statistically significant; Visibility/Temperature, Visibility/Day length, Precipitation/
Age and Temperature/Age. Figure 4 shows predicted
cpm at mean values of all covariates from stratified
models for each of these interaction pairs. Visibility
showed a positive relationship with cpm across all bands
of temperature (Fig. 4a) and day length (Fig. 4b), except
for temperatures below 0 °C where the relationship was
not statistically significant. The association appears to be
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Fig. 2 Summary of weather conditions over the data collection period by city. Variables shown are mean daily Temperature (°C; ), mean daily wind
speed (kph; +), mean daily visibility (km; ), % of measurement days with snow lying on the ground (○), and mean daily precipitation (mm; ◆)

Table 2 Results of multilevel model of log cpm 7 am-9 pm
Univariate associationsa
β

Fully adjusted model
β

lower

upper

p

Wear time 7 am-9 pm (hours)

0.021

0.020

0.023

<0.001

Age (years)

−0.054

−0.056

−0.053

<0.001

Sex (Female)

−0.174

−0.183

−0.165

<0.001

Overweight/obese (vs normal weight)

−0.051

−0.060

−0.042

<0.001

Weekend (vs weekday)

−0.038

−0.043

−0.034

<0.001

lower

upper

p

Day length (hours)

0.021

0.019

0.022

<0.001

0.015

0.014

0.017

<0.001

Temperature (10 deg. C)

0.060

0.046

0.073

<0.001

0.057

0.043

0.071

<0.001

0.020

0.012

0.028

<0.001

0.013

0.004

0.021

0.004

−0.009

−0.013

−0.006

<0.001

−0.009

−0.013

−0.006

<0.001

Temperature

2

Temperature 3
One day lag Temperature

0.013

0.000

0.027

0.057

−0.012

−0.026

0.002

0.100

One day lag Temperature 2

0.013

0.005

0.022

0.002

0.010

0.001

0.018

0.031

−0.010

−0.013

−0.007

<0.001

−0.006

−0.009

−0.002

0.002

−0.034

−0.038

−0.031

<0.001

−0.027

−0.031

−0.023

<0.001

−0.007

−0.010

−0.003

0.001

−0.007

−0.011

−0.003

0.001

0.024

0.021

0.027

<0.001

0.021

0.018

0.024

<0.001

−0.004

−0.007

−0.001

0.006

−0.008

−0.011

−0.005

<0.001

−0.022

−0.026

−0.019

<0.001

−0.021

−0.025

−0.018

<0.001

0.002

−0.001

0.005

0.264

0.003

0.000

0.007

0.084

−0.034

−0.052

−0.017

<0.001

−0.003

−0.021

0.016

0.788

−0.017

−0.035

0.000

0.052

−0.011

−0.029

0.008

0.259

One day lag Temperature

3

Precipitation (cm)
One day lag Precipitation
Visibility (10 km)
One day lag Visibility
Wind speed (10 kph)
One day lag Wind speed
Snow lying on ground? (vs none)
One day lag Snow lying on ground?
a

Univariate associations all adjusted for individual level variables: wear time, age, sex, weight status and weekend/weekday.
For all p values, bold font indicates p < 0.01, regular font indicates p < 0.05, and italic font indicates p > 0.05.
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Fig. 3 Adjusted mean cpm 7 am-9 pm at centiles (1st-99th) of day length and weather variables. Adjusted for wear time, age, sex, weight status,
weekend/weekday, and all other weather/day length variables

larger (steeper slope) on warmer and longer days. The
relationship between precipitation and cpm differed by
age group (Fig. 4c). It was positive among 3–5 year olds
whereby more precipitation was associated with higher
cpm, whilst the relationship was negative for both the
older age groups. The effect was greater, with a steeper
decline, among 6–12 year olds than 13–18 year olds.
The effect of temperature appears to be greatest
amongst the youngest children (Fig. 4d) with progressively smaller effects in the older age groups.
QU2) how do the relationships between day length,
weather conditions and physical activity vary between
countries?

Figure 5 shows the random slopes and intercepts for day
length, precipitation, temperature and visibility by setting.
There are some settings in which day length (Fig. 5a)
shows a stronger association with cpm (i.e. a steeper
slope) than others, and there is one setting (EYHS
Portugal) where the trend is in the opposite direction;
cpm increases as hours of daylight decrease.
For precipitation (Fig. 5b) the lines tend to fan in so
that those with the higher intercepts (higher mean cpm
when there is no rain) show the steepest declines in cpm
with increasing rainfall. This observation is also indicated by the negative covariance between slope and
intercept terms (−0.0002, p = 0.03). Settings with lower
intercepts show flatter, or even positive associations
between cpm and precipitation. The temperature plot

(Fig. 5c) fits with the cubic relationship seen in the main
model; settings with higher temperature ranges show
flatter or negative associations.
For visibility (Fig. 5d) and wind speed (not shown), the
plots show broadly similar associations across the settings
in terms of direction of association, with some variability
in the slope. The exception to this is one Northern
European study (EYHS Denmark, Copenhagen) where the
visibility association is steeply negative. In terms of
regional trends across these figures, the two Australian
studies show broadly similar patterns, and the TAAG
cities (plotted individually here) are generally clustered
towards the bottom, but there do not otherwise seem to
be particular regional differences.
QU3) in which countries do children appear to most
maintain their physical activity levels given the weather
conditions they are exposed to?

Figure 6 shows the setting level random effects on log
cpm for the model shown in Table 2. This figure indicates the difference in intercepts between the different
study cities, so that values greater than zero indicate
higher average log cpm after adjustment, and values less
than zero indicate lower average log cpm. Figure 6
includes the rank of studies by random effect for three
iterations of the model; the null model with no explanatory variables, a partially adjusted model with the individual characteristics, and the full model with all
explanatory variables as presented in Table 2. Looking at
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Fig. 4 Graphic illustration of interactions between weather variables and demographic factors. All figures show adjusted mean cpm 7 am-9 pm
at centiles (1st-99th) of (a) Visibility stratified by temperature, (b) Visibility stratified by day length, (c) Precipitation stratified by age, and (d)
Temperature stratified by age. All models adjusted for wear time, age, sex, weight status, weekend/weekday, weather variables and day length.
p values are for regression coefficients in stratified models

the rankings for Model 1, all the TAAG sites are clustered at the bottom (i.e. lower log cpm than the average
setting) and the studies in young children (Magic,
Belgium pre-school, Ballabeina) are near the top (higher
log cpm than the average setting). Adding the individual
level covariates (Model 2) moves some of the TAAG
sites up closer to the average (especially Tucson and San
Diego) while Belgium pre-school, Ballabeina and Magic
drop. In the fully adjusted model (Model 3, and plotted
values), it is the two Australian studies (HEAPS and
CLAN; both located in Melbourne), EYHS Estonia and
CoSCIS Copenhagen that do best. Children in these
studies have the highest mean log cpm given the day
length and weather conditions they experience, considerably higher than the average setting.

Discussion
This work was prompted in part by the observation that
the seasonal patterns in children’s physical activity
clearly visible in the UK are not necessarily replicated
elsewhere [24]. Our analyses have shown that the

relationships between weather conditions and physical
activity vary between settings. It appears that children
from Melbourne, Australia and Northern Europe that
have higher activity levels given the weather conditions
they experience compared to those in Western Europe
and USA.
The use of a pooled dataset from around the world
allowed us to get a clear picture of the relationship
between physical activity and different weather variables.
Temperature, precipitation, wind speed and visibility are
all significantly associated with children’s physical activity across a wide range of exposures. While most weather conditions show broadly linear relationships with
physical activity, temperature exhibits a more complex
relationship, being associated with increased activity in
the range 0–20 °C and decreased activity at higher
temperatures. Past studies undertaken in temperate locations have typically reported a straightforward linear
relationship [18, 21, 22] of increased temperature associated with increased physical activity. Our results suggest that where mean temperatures sit within the range
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Fig. 5 Random slopes and intercepts for (a) Day length, (b) Precipitation, (c) Temperature, (d) Visibility, by Setting. Lines are shaded by region
Northern Europe,
Australia,
Western Europe, and
USA). All lines are plotted between 5th and 95th centile values of
(
the independent variables by setting

of 0–20 °C that this is a reasonable assumption. However, we found that mean daily temperatures below 0 °C
showed a flatter relationship with physical activity, and
those higher than 20 °C were associated with a decline
in physical activity. The latter association is similar to
that seen in southeast Australia [34] and is likely to be a
contributory factor to the reduced activity levels levels
seen during high summer in another recent Australian
study [35].
In addition to investigating the main effects of different weather conditions, we set out to establish if and
how these factors interact with each other. Past research
has associated overall climatic conditions with varying
physical activity levels in adults [23]. However, we found
relatively few significant interactions between the weather conditions, suggesting that combinations of conditions may generally be additive rather than interactive.
Of the six interactions between the weather variables,
only one was statistically significant (temperature and
visibility), and there was one statistically significant
interaction between weather and day length (visibility).

Age showed an interaction with two of the four
weather variables. This included a significant interaction
between age and precipitation. Among pre-school aged
children the relationship appeared to be positive, with
high rainfall associated with increased physical activity.
Few studies have examined the relationships between
weather conditions and physical activity among preschool aged children. Where these associations have
been studied, results are inconclusive [36], although
there is some evidence that rainfall is associated with
decreased physical activity [37]. This age group represents a small proportion of the ICAD sample, and is
drawn from a small number of ICAD studies (eight of
the 22 settings), so care must be taken in interpreting
these findings, but it is suggestive that the impact of
weather conditions in younger children’s physical activity
may be different to that in older children and adolescents, and that these associations should be investigated further. It may also be instructive for future work
to consider other non-climatic effect modifiers. Previous
work in the UK has found an interaction between

Harrison et al. International Journal of Behavioral Nutrition and Physical Activity (2017) 14:74

Page 10 of 13

Fig. 6 Setting level (random intercept) effects (with 95% CI) on log cpm for fully adjusted 4-level models (as presented in Table 2). Ranks of
random effects given for: Model 1 = Null model (no explanatory variables), Model 2 = model with individual level covariates only (wear time, age,
sex, weight status, weekday vs weekend day), and Model 3 = Fully Adjusted model (as plotted) with covariates, all weather variables and day
length. Markers indicate study location in: ◆ Northern Europe, ► Western Europe, ■ USA, × Australia

accelerometer-measured physical activity and week/
weekend day whereby seasonal patterns are stronger on
weekends [12]
Given the large size of our data set, it is perhaps
unsurprising that most of the variables we included in
our models show a statistically significant relationship
with physical activity. But, importantly, the magnitude of
the effect of these variables was comparable to that of
established correlates of physical activity behaviour in
these analyses. Using the fully adjusted model as given
in Table 2 to predict cpm across the full ranges of the
independent variables shows that a 2 cm increase in
rainfall is associated with a slightly larger decrease in
cpm (−26.4 cpm) than that associated with being overweight or obese relative to healthy weight (−24.4 cpm),
or a year’s increase in age (−25.9 cpm).
Looking at the setting level random effects shows that
some settings have higher average cpm after adjustment
for individual level covariates and weather variables. In
terms of regional trends, studies set in Northern Europe
and Melbourne, Australia appear to better than average
given the weather conditions they experience. Children
in these regions are apparently more active on average

(see Figs. 2 and 5), and when exposed to adverse weather
conditions (Figs. 5 and 6). The six TAAG sites are all clustered towards the bottom of Fig. 6, indicating lower than
average cpm given the characteristics of the participants
and the weather conditions experienced. This could indicate a country level effect, the sites being spread across
the United States, with potential cultural response to the
weather. However, the Iowa Bone Development study,
based in Des Moines, sits much further up the Figure.
It is perhaps particularly instructive to compare estimates for settings that appear to have similar weather
conditions. Bristol, Norwich, Des Moines and Antwerp
all had similar mean temperatures and rainfall, but are
ranked quite differently in Fig. 6, with Bristol and Des
Moines having higher than average (Bristol-ALSPAC
and Des Moines), and average (Bristol-PEACH) cpm
given the weather conditions they experience, and
Norwich and Antwerp being below average. It could be
that children in Bristol and Des Moines are better adapted
in some way to these conditions, although differences in
the effect between the two Bristol studies (ALSPAC and
PEACH) suggest that these differences could be due to
the differing samples rather than settings.
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Our results have methodological implications for the
collection of physical activity data and the comparison
of such data between studies and places. Weather conditions are associated with children’s physical activity, and
the associations differ between settings. Adjustment
should therefore be made for both season and weather
when comparing physical activity across settings, and
over time. Although it has been suggested that weather
and season need not be a concern in all settings in adult
populations [38], our findings show that for children,
especially pre-school and primary school-aged children,
they should both be considered in all settings. The
nature of their relationships with children’s physical
activity may vary with setting and exposure range, but
their impact should be locally investigated before they
are ruled out as determinants of behaviour.
This study has a number of strengths and limitations. We
were able to use a large, international dataset for which
physical activity was measured objectively. The pooling of
data within ICAD provided consistent accelerometer processing protocols and weather data were extracted from a
similarly standardised data source. The international scope
of both datasets allowed the examination of weather and
physical activity relationships across a range of locations
and therefore a large range of exposures.
In terms of limitations, weather data for each day in
each setting were derived from a single weather station
and the link between physical activity and weather had
to be made on the basis of overall study location rather
than participant home location. Although this is a
method used in many studies investigating relationships
between weather and behaviour [18–22, 25, 39], it limits
the precision of weather exposure estimates, and may
lead to some attenuation of associations with physical
activity. The ICAD data were recorded in a wide range
of weather conditions. However the different study samples, and the different times of year over which they
were collected, meant that these exposures were not
equally distributed across different ages and sexes, and
that in some locations measurements were taken over
smaller portions of the year than others. For example,
some of the warmer study locations were centres in the
TAAG study, which investigated physical activity in
adolescent girls only. Although our multilevel modelling
approach adjusts for these differences to some extent,
some of the setting level differences we observe may
reflect differences between samples rather than locations. Some studies were based in schools, and we were
not able to account for potential school and class level
clustering, for example.
Although accelerometers provide an objective measure
of physical activity they are not without their limitations.
They have a limited ability to assess activity while the
wearer is cycling [40], and the units used in ICAD must
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be removed altogether during aquatic activities. This
may have impacted the associations we observed if children’s propensity to undertake these types of activity is
associated with weather conditions. Finally, the studies
included in these analyses all come from high-income
countries, meaning our findings may not be applicable
in other countries.

Conclusions
We find variation in the relationship between weather
conditions and physical activity between ICAD studies
and settings. There is evidence that children in Northern
Europe and Melbourne, Australia are not only more
active on average, but also more active given the weather
conditions they experience. Further investigations into
the nature of physical activity in these regions may
therefore be useful to develop strategies to promote sustainable physical activity increases elsewhere. Weather
conditions undoubtedly appear to present a barrier to
physical activity, particularly among young children.
Future work should therefore consider strategies to mitigate such impacts, and interventions involving changes
to the physical environment should consider how they
will operate in different weather conditions.
Abbreviations
°C: degrees Celsius; cpm: counts per minute; GSOD: Global summary of the
day; ICAD: International children’s accelerometry database; km: kilometre;
kph: kilometres per hour; mm: millimetre; MVPA: Moderate to vigorous
physical activity
Acknowledgements
The ICAD Collaborators include: Prof LB Andersen, Faculty of Teacher
Education and Sport, Sogn og Fjordane University College, Sogndal, Norway
(Copenhagen School Child Intervention Study (CoSCIS)); Prof S Anderssen,
Norwegian School for Sport Science, Oslo, Norway (European Youth Heart
Study (EYHS), Norway); Prof G Cardon, Department of Movement and Sports
Sciences, Ghent University, Belgium (Belgium Pre-School Study); Centers for
Disease Control and Prevention (CDC), National Center for Health Statistics
(NCHS), Hyattsville, MD USA (National Health and Nutrition Examination
Survey (NHANES)); Prof A Cooper, Centre for Exercise, Nutrition and Health
Sciences, University of Bristol, UK (Personal and Environmental Associations
with Children’s Health (PEACH)); Dr. R Davey, Centre for Research and Action
in Public Health, University of Canberra, Australia (Children’s Health and
Activity Monitoring for Schools (CHAMPS)); Prof U Ekelund, Norwegian
School of Sport Sciences, Oslo, Norway & MRC Epidemiology Unit, University
of Cambridge, UK; Dr. DW Esliger, School of Sports, Exercise and Health
Sciences, Loughborough University, UK; Dr. K Froberg, University of Southern
Denmark, Odense, Denmark (European Youth Heart Study (EYHS), Denmark);
Dr. P Hallal, Postgraduate Program in Epidemiology, Federal University of
Pelotas, Brazil (1993 Pelotas Birth Cohort); Prof KF Janz, Department of Health
and Human Physiology, Department of Epidemiology, University of Iowa,
Iowa City, US (Iowa Bone Development Study); Dr. K Kordas, School of Social
and Community Medicine, University of Bristol, UK (Avon Longitudinal Study
of Parents and Children (ALSPAC)); Prof S Kriemler, Epidemiology, Biostatistics
and Prevention Institute, University of Zürich, Switzerland (Kinder-Sportstudie
(KISS)); Dr. A Page, Centre for Exercise, Nutrition and Health Sciences,
University of Bristol, UK; Prof R Pate, Department of Exercise Science,
University of South Carolina, Columbia, US (Physical Activity in Pre-school
Children (CHAMPS-US) and Project Trial of Activity for Adolescent Girls
(Project TAAG)); Dr. JJ Puder, Service of Endocrinology, Diabetes and
Metabolism, Centre Hospitalier Universitaire Vaudois, University of Lausanne,
Switzerland (Ballabeina Study); Prof J Reilly, Physical Activity for Health Group,
School of Psychological Sciences and Health, University of Strathclyde,

Harrison et al. International Journal of Behavioral Nutrition and Physical Activity (2017) 14:74

Glasgow, UK (Movement and Activity Glasgow Intervention in Children
(MAGIC)); Prof. J Salmon, School of Exercise and Nutrition Sciences, Deakin
University, Melbourne, Australia (Children Living in Active Neigbourhoods
(CLAN)); Prof LB Sardinha, Exercise and Health Laboratory, Faculty of Human
Movement, Technical University of Lisbon, Portugal (European Youth Heart
Study (EYHS), Portugal); Dr. LB Sherar, School of Sports, Exercise and Health
Sciences, Loughborough University, UK; Dr. A Timperio, Centre for Physical
Activity and Nutrition Research, Deakin University Melbourne, Australia
(Healthy Eating and Play Study (HEAPS)); Dr. EMF van Sluijs, MRC Epidemiology Unit, University of Cambridge, UK (Sport, Physical activity and Eating
behaviour: Environmental Determinants in Young people (SPEEDY)). We
would like to thank all participants and funders of the original studies that
contributed data to ICAD.
Funding
The pooling of the data was funded through a grant from the
National Prevention Research Initiative (Grant Number: G0701877) (http://
www.mrc.ac.uk/research/initiatives/national-prevention-research-initiative-npri/).
The funding partners relevant to this award are: British Heart Foundation;
Cancer Research UK; Department of Health; Diabetes UK; Economic and Social
Research Council; Medical Research Council; Research and Development Office
for the Northern Ireland Health and Social Services; Chief Scientist Office;
Scottish Executive Health Department; The Stroke Association; Welsh Assembly
Government and World Cancer Research Fund. This work was additionally
supported by the Medical Research Council [MC_UU_12015/3; MC_UU_12015/
7], Bristol University, Loughborough University and Norwegian School of Sport
Sciences. We also gratefully acknowledge the contribution of Professor Chris
Riddoch, Professor Ken Judge and Dr. Pippa Griew to the development of ICAD.
The UK Medical Research Council and the Wellcome Trust (Grant ref.: 102,215/2/
13/2) and the University of Bristol provide core support for ALSPAC. The CLAN
study was funded by Financial Markets Foundation for Children (baseline);
follow-ups were funded by the National Health and Medical Research Council
(274309). The HEAPS study was funded by VicHealth (baseline); follow-ups were
funded by the Australian Research Council (DP0664206). The work of Flo
Harrison and Esther M F van Sluijs was supported, wholly or in part, by the
Centre for Diet and Activity Research (CEDAR), a UKCRC Public Health Research
Centre of Excellence (RES-590-28-0002). Funding from the British Heart
Foundation, Department of Health, Economic and Social Research Council,
Medical Research Council, and the Wellcome Trust, under the auspices of the
UK Clinical Research Collaboration, is gratefully acknowledged. The work of
Esther MF van Sluijs was supported by the Medical Research Council
(MC_UU_12015/7). Anna Goodman’s contribution was supported by an
National Institute for Health Research (NIHR) post-doctoral fellowship
(PDF-2010-03-130). Anna Timperio’s contribution was supported by a National
Heart Foundation of Australia Future Leader Fellowship (Award 10,046). The
views and opinions expressed herein are those of the authors and do not
necessarily reflect those of any study funders.
Availability of data and materials
The data that support the findings of this study are available from MRC
Epidemiology Unit, Cambridge but restrictions apply to the availability of
these data, which were used under license for the current study, and so
are not publicly available. Data are however available from the authors
upon reasonable request and with permission of MRC Epidemiology
Unit, Cambridge.
Authors’ contributions
FH conceived the study, performed the analyses and drafted the manuscript;
AG compiled and linked day length data; EvS, LBA, GC, RD, KFJ, SK, LM, ASP,
RP, JJP, LBS, AT, and NW organized and managed the physical activity data
collection; and all authors contributed writing and data interpretation. All
authors approved the final version of the manuscript.
Competing interests
The authors declare that they have no competing interests.
Consent for publication
Not applicable.

Page 12 of 13

Ethics approval and consent to participate
All the studies pooled within the International Children’s Accelerometry
Database obtained relevant ethical approval.
Author details
1
Norwich Medical School, University of East Anglia, Norwich, UK. 2Faculty of
Epidemiology and Public Health, London School of Hygiene and Tropical
Medicine, Keppel Street, London, UK. 3MRC Epidemiology Unit, University of
Cambridge School of Clinical Medicine, Box 285 Institute of Metabolic
Science, Cambridge Biomedical Campus, Cambridge CB2 0QQ, UK. 4UKCRC
Centre for Diet and Activity Research, University of Cambridge School of
Clinical Medicine, Institute of Metabolic Science, Cambridge, UK. 5Norwegian
School of Sport Science, Oslo, Norway, and Faculty of Teacher Education and
Sport, Sogn og Fjordane University College, Førde, Norway. 6Department of
Movement and Sports Sciences, Ghent University, 9000 Ghent, Belgium.
7
Centre for Research & Action in Public Health, Health Research Institute,
University of Canberra, Canberra, Australia. 8Department of Health and
Human Physiology, University of Iowa, Iowa City, USA. 9Epidemiology,
Biostatistics and Public Health Institute, University of Zürich, Zürich,
Switzerland. 10School of Social and Community Medicine, University of
Bristol, Bristol, UK. 11Centre for Exercise, Nutrition and Health Sciences,
University of Bristol, Bristol, UK. 12Department of Exercise Science, University
of South Carolina, Columbia, USA. 13Service of Endocrinology, Diabetes and
Metabolism & Division of Pediatric Endocrinology, Diabetes and Obesity,
Centre Hospitalier Universitaire Vaudois, University of Lausanne, Lausanne,
Switzerland. 14Exercise and Health Laboratory, Department of Sports and
Health, CIPER, Faculdade de Motricidade Humana, Universidade de Lisboa,
Cruz-Quebrada, Lisbon, Portugal. 15Centre for Physical Activity and Nutrition
Research, Deakin University, Melbourne, Australia. 16University of Southern
Denmark, Odense, Denmark.
Received: 18 October 2016 Accepted: 22 May 2017

References
1. Lee I-M, Shiroma EJ, Lobelo F, Puska P, Blair SN, Katzmarzyk PT. For the
Lancet physical activity series working group: effect of physical inactivity on
major non-communicable diseases worldwide: an analysis of burden of
disease and life expectancy. Lancet. 2012;380:219–29.
2. Hallal PC, Andersen LB, Bull FC, Guthold R, Haskell W, Ekelund U. For the
Lancet physical activity series working group: global physical activity levels:
surveillance progress, pitfalls, and prospects. Lancet. 2012;380:247–57.
3. Griffiths LJ, Cortina-Borja M, Sera F, Pouliou T, Geraci M, Rich C, et al. How
active are our children? Findings from the millennium cohort study. BMJ
Open. 2013;3:e002893.
4. Bitar A, Fellmann N, Vernet J, Coudert J, Vermorel M. Variations and
determinants of energy expenditure as measured by whole- body
indirect calorimetry during puberty and adolescence. Am J Clin Nutr.
1999;69(6):1209–16.
5. Fisher A, Reilly JJ, Montgomery C, Kelly LA, Williamson A, Jackson DM, et al.
Seasonality in physical activity and sedentary behavior in young children.
Pediatr Exerc Sci. 2005;17(1):31–40.
6. Loucaides CA, Chedzoy SM, Bennett N. Differences in physical activity levels
between urban and rural school children in Cyprus. Health Educ Res. 2004;
19(2):138–47.
7. Riddoch CJ, Mattocks C, Deere K, Saunders J, Kirkby J, Tilling K, et al.
Objective measurement of levels and patterns of physical activity. Arch Dis
Child. 2007;92(11):963–9.
8. Hjorth MF, Chaput J, Michaelsen K, Astrup A, Tetens I, Sjödin A: Seasonal variation
in objectively measured physical activity, sedentary time, cardio-respiratory fitness
and sleep duration among 8–11 year-old Danish children: a repeated-measures
study. BMC Public Health. 2013;13(808).
9. Gracia-Marco L, Ortega FB, Ruiz JR, Williams CA, Hagströmer M,
Manios Y, et al. Seasonal variation in physical activity and sedentary
time in different European regions. The HELENA study. J Sports Sci.
2013;31(16):1831–40.
10. Kolle E, Steene-Johannessen J, Andersen LB, Anderssen SA. Seasonal
variation in objectively assessed physical activity among children and
adolescents in Norway: A cross-sectional study. Int J Behav Nutr Phys Act.
2009;6:36.

Harrison et al. International Journal of Behavioral Nutrition and Physical Activity (2017) 14:74

11. Kristensen PL, Korsholm L, Møller NC, Wedderkopp N, Andersen LB, Froberg
K. Sources of variation in habitual physical activity of children and
adolescents: the European youth heart study. Scand J Med Sci Sports. 2008;
18(3):298–308.
12. Atkin AJ, Sharp SJ, Harrison F, Brage S, van Sluijs EMF. Seasonal variation in
Children's physical activity and sedentary time. Med Sci Sports Exerc. 2016;
48(3):449–56.
13. Beighle A, Alderman B, Morgan CF, Masurier GL. Seasonality in
children's pedometer-measured physical activity levels. Res Q Exerc
Sport. 2008;79(2):256–60.
14. Goran MI, Nagy TR, Gower BA, Mazariegos M, Solomons N, Hood V, et al.
Influence of sex, seasonality, ethnicity, and geographic location on the
components of total energy expenditure in young children: implications for
energy requirements. Am J Clin Nutr. 1998;68(3):675–82.
15. Vadiveloo M, Zhu L, Quatromoni PA. Diet and physical activity patterns of
school-aged children. J Am Diet Assoc. 2009;109(1):145–51.
16. Cleland V, Crawford D, Baur LA, Hume C, Timperio A, Salmon J. A
prospective examination of children's time spent outdoors, objectively
measured physical activity and overweight. Int J Obes. 2008;32(11):
1685–93.
17. Chan CB, Ryan DA. Assessing the effects of weather conditions on physical
activity participation using objective measures. Int J Environ Res Public
Health. 2009;6(10):2639–54.
18. Bélanger M, Gray-Donald K, O'Loughlin J, Paradis G, Hanley J. Influence of
weather conditions and season on physical activity in adolescents. Ann
Epidemiol. 2009;19:180–6.
19. Harrison F, Jones AP, Bentham G, van Sluijs EMF, Cassidy A, Griffin SJ: The
impact of rainfall and school break time policies on physical activity in 9–10
year old British children: a repeated measures study. Int J Behav Nutr Phys
Act. 2011;8(47).
20. Harrison F, van Sluijs EMF, Corder K, Ekelund U, Jones AP: The changing
relationship between rainfall and children’s physical activity in spring and
summer: a longitudinal study. Int J Behav Nutr Phys Act. 2015;12(41).
21. Duncan JS, Hopkins WG, Schofield G, Duncan EK. Effects of weather on
pedometer-determined physical activity in children. Med Sci Sports Exerc.
2008;40(8):1432–8.
22. Goodman A, Paskins J, Mackett RL. Day length and weather effects on
children's physical activity and participation in play, sports and active travel.
J Phys Act Health. 2012;9(8):1105–16.
23. Merrill RM, Shields EC, White GL, Druce D. Climate conditions and physical
activity in the United States. Am J Health Behav. 2005;29(4):371–81.
24. Rich C, Griffiths LJ, Dezateux C. Seasonal variation in accelerometerdetermined sedentary behaviour and physical activity in children: a review.
Int J Behav Nutr Phys Act. 2012;9:49.
25. Goodman A, Page AS, Cooper AR, Collaborators ftICsADI: Daylight saving
time as a potential public health intervention: an observational study of
evening daylight and objectively-measured physical activity among 23,000
children from 9 countries. Int J Behav Nutr Phys Act. 2014; 11(84).
26. Sherar LB, Griew P, Esliger DW, Cooper AR, Ekelund U, Judge K, Riddoch C:
International children’s accelerometry database (ICAD): Design and
methods. BMC Public Health. 2011;11(485).
27. Cole TJ, Bellizzi MC, Flegal KM, Dietz WH. Establishing a standard definition
for child overweight and obesity worldwide: international survey. Br Med J.
2000;320:1240.
28. Treuth MS, Schmitz K, Catellier DJ, McMurray RG, Murray DM, Almeida MJ,
Going S, Norman JE, Pate R. Defining accelerometer thresholds for activity
intensities in adolescent girls. Med Sci Sports Exerc. 2004;36(7):1259-66.
29. Global Surface Summary of the Day - GSOD [https://data.noaa.gov/dataset/
global-surface-summary-of-the-day-gsod]. Accessed 02/03/2015.
30. Edwards NM, Myer GD, Kalkwarf HJ, Woo JG, Khoury PR, Hewett TE, Daniels
SR. Outdoor temperature, precipitation, and wind speed affect physical
activity levels in children: A longitudinal cohort study. J Phys Act Health.
2015;12(8):1074-81.
31. Malm WC. Introduction to visibility. Fort Collins, CO: Colorado State
University; 1999.
32. Matthews CE, Freedson PS, Hebert JR, Stanek Iii EJ, Merriam PA, Rosal MC,
et al. Seasonal variation in household, occupational, and leisure time
physical activity: longitudinal analyses from the seasonal variation of blood
cholesterol study. Am J Epidemiol. 2001;153(2):172–83.
33. Corder K, Sharp SJ, Atkin AJ, Andersenb LB, Cardon G, Page A, Davey D,
Grøntved A, Hallal PC, Janz KF, et al. Age-related patterns of vigorous-

34.

35.

36.
37.

38.

39.

40.

Page 13 of 13

intensity physical activity in youth: The International Children's
Accelerometry Database. Prev Med Rep. 2016;4:17-22.
Remmers T, Thijs C, Timperio A, Salmon JO, Veitch J, Kremers SPJ, et al. Daily
weather and Children's physical activity patterns. Med Sci Sports Exerc.
2017;49(5):922–9.
Ridgers ND, Salmon J, Timperio A. Too hot to move? Objectively assessed
seasonal changes in Australian children’s physical activity. Int J Behav Nutr
Phys Act. 2015;12:77.
Hinkley T, Crawford D, Salmon J, Okely AD, Hesketh K. Preschool children and
physical activity: a review of correlates. Am J Prev Med. 2008;34(5):435–41.
Li Y-C, Kwan MYW, King-Dowling S, Cairney J: Determinants of physical
activity during early childhood: A systematic review. Adv Phys Ed. 2015;
5116–127.
Badland HM, Christian H, Giles-Corti B, Knuiman M. Seasonality in
physical activity: should this be a concern in all settings? Health Place.
2011;17(5):1084–9.
Oliver M, Badland H, Mavoa S, Ellaway A, Kearns R, Witten K, Hinckson E,
Mackay L, Schluter P. Environmental and social influences on children’s
active transport to school: A cross-sectional investigation from the URBAN
Study. Int J Behav Med Phys Activity. 2014;11:70.
Sirard JR, Pate RR: Physical Activity Assessment in Children and Adolescents.
Sports Med. 2001;31439–454.

Submit your next manuscript to BioMed Central
and we will help you at every step:
• We accept pre-submission inquiries
• Our selector tool helps you to find the most relevant journal
• We provide round the clock customer support
• Convenient online submission
• Thorough peer review
• Inclusion in PubMed and all major indexing services
• Maximum visibility for your research
Submit your manuscript at
www.biomedcentral.com/submit

