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Abstract

Background: Physical activity is associated with improved physical and mental health among children. However,
physical activity declines and sedentary time increases with age, and large proportions of older children do not meet
the recommended hour per day of moderate-to-vigorous-intensity physical activity (MVPA). The aim of this paper is to
identify profiles of children based on the complex relationship between physical activity and sedentary time at ages 6
and 9 and explore how those profiles are associated with other covariates and how they change over time.

Methods: Valid accelerometer data were collected for 1132 children aged 6 and 1121 at age 9, with 565 children with
data at both ages. We calculated the proportions of total wear time spent in sedentary, light and MVPA activity on
both weekdays and weekends. Latent profile (class) analysis was applied separately to the two age groups to identify
activity profiles. We then used latent transition analysis to explore transitions between profiles at the two time points.

Results: We identified five profiles of activity at age 6 and six profiles at age 9. Although profiles were not directly
equivalent, five classes captured similar patterns at both ages and ranged from very active to inactive. At both ages,
active profiles, where the majority achieved the recommended MVPA guidelines, were more likely to be active at
weekends than on weekdays. There was substantial movement between classes, with strongest patterns of movement
to classes with no change or a decrease in MVPA. Transition between classes was associated with sex, BMI z-score,
screen-viewing and participation in out-of-school activities.

Conclusions: This paper is the first to apply latent profile analysis to the physical activity of UK children as they move
through primary school. Profiles were identified at ages 6 and 9, reflecting different weekday and weekend patterns of
physical activity and sedentary time. There was substantial movement between profiles between ages 6 and 9, mostly
to no change or less active profiles. Weekend differences suggest that greater focus on how weekend activity
contributes to an average of 60 min per day of MVPA across the week may be warranted.
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Background
Physical activity is associated with improved physical and
mental wellbeing among children and young people [1].
There is also some evidence that sedentary behaviour is
associated with adverse health outcomes among children
and young people but there is currently some debate as to
whether these associations are independent of physical

activity [2, 3]. The amount of physical activity in which
children engage declines as they move through childhood
and into adulthood, with large proportions of older chil-
dren and adolescents not engaging in the recommended
hour per day of moderate-to-vigorous-intensity physical
activity (MVPA) [4, 5]. Conversely, large-scale inter-
national studies have shown that sedentary behaviour in-
creases as children age [4]. Increasing physical activity [6]
and reducing sedentary time [7] are both issues of global
importance but attempts to increase children’s physical
activity and reduce sedentary time have had limited
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impact, suggesting that new ways of helping children to
be more active and less sedentary are required [8].
The relationship between physical activity and seden-

tary behaviour is complex [9]. While sedentary behav-
iour is often defined (academically) as not simply a state
of physical inactivity, but a separate and distinct behav-
iour, parents often view reducing sedentary behaviour as
key to increasing their child’s physical activity and vice
versa [10]. Several international bodies have suggested
that movement behaviours should be considered that in-
tegrate physical activity and sedentary time across the
day rather than focusing on just one behaviour [11, 12].
Furthermore, several studies have suggested that
re-allocating sedentary time to light intensity physical
activity would elicit reductions in the risk factor profile
of children and adults [13, 14]. Thus, there is a need to
consider overall movement behaviour profiles of chil-
dren to identify if there are patterns of behaviour that: a)
may be associated with reduced health risk; b) show a
less steep decline in overall physical activity from child-
hood to adolescence; and c) offer insights into how to
help children reach and maintain sufficient levels of ac-
tivity to promote health.
Cluster analysis [15] and latent class analysis [16] are

methods used to identify groups of people who share
similar characteristics. These methods are especially use-
ful when characteristics combine in complex ways and
therefore applying these to children’s physical activity
and sedentary behaviours could help to increase our un-
derstanding of these behaviours. Evidence-based cluster
analysis may define groups based on health-related
cut-points, whereas more data-driven methods use the
data themselves to determine appropriate clusters.
Unlike cluster analysis, latent class analysis uses an
underlying probabilistic model which means that the
uncertainty in class membership can be estimated and
included in standard statistical techniques [16]. Trad-
itionally, latent class analysis (LCA) refers to the situ-
ation where these variables are categorical, and latent
profile analysis (LPA) when they are continuous al-
though, in practice, there is not such a clear distinction
and it is possible to combine categorical and continuous
variables [17]. Latent class analysis has been used in
other public health applications such as substance use,
smoking, exercise and dietary behaviour [18–21], but
has been less common in studies of physical activity, es-
pecially among children. A recent review [22] found that
the majority of studies in the physical activity context
used cluster analysis. These cluster analyses were mainly
cross-sectional studies involving older children (> 9 years)
or adolescents, and consistently found girls identified
within clusters characterised by low physical activity.
Among studies applying LCA, one cross-sectional study
used objective accelerometer data to measure physical

activity in children under 11 [23], and MVPA and seden-
tary time were analysed separately thus not including in-
teractions between different types of activity. To date,
longitudinal studies have used the same fixed classes at
different time points, and thus not considered how clas-
ses might have changed over time. A large cohort ana-
lysis [24] using self-report physical activity data in
adolescents aged 11–21 reported overall changes in the
distribution of classes but did not look at movement be-
tween classes. A much smaller study [25] used acceler-
ometer data in children 5–6 and 10–12 and reported
change between profiles, but sample sizes were small
and did not allow any investigation of factors associated
with transitions. There are no studies in younger chil-
dren using accelerometer-measured MVPA and seden-
tary time that look at whether the activity profiles
change over time or seek to identify factors that are as-
sociated with movement between profiles.
The aim of this paper is to identify profiles of children

based on the complex relationship between physical ac-
tivity and sedentary time at ages 6 and 9 and explore
how those profiles may change over time and how chil-
dren move between them. In addition, we aim to explore
how these profiles and transitions are associated with
factors such as sex, BMI, deprivation and activities.

Methods
Data are from the B-PROACT1V study, a longitudinal
study that aimed to examine the physical activity and
sedentary behaviours of primary school children aged 5–
11 years, and their parents [5, 26, 27]. The study re-
ceived ethical approval from the School of Policy Studies
Ethics Committee at the University of Bristol, UK, and
written parental consent was received for all participants
[28]. In Phase 1, all children in Year 1 of primary school
(aged 5–6 years) from 57 schools in and around Bristol
were invited to participate, with data collection taking
place between January 2012 and July 2013. In Phase 2,
when the children were in Year 4 (aged 8–9 years), all
schools from Phase 1 were invited to participate, with 47
schools agreeing. All children were eligible to participate
regardless of whether they had participated in Phase 1,
and data collection took place between March 2015 and
July 2016. Data were collected for 1299 children in Year
1 and 1223 children in Year 4, with 685 children in-
cluded in both phases.

Accelerometer data
Children wore a waist-worn ActiGraph wGT3X-BT
accelerometer for 5 days, including two weekend days.
Accelerometer data were processed using Kinesoft
(v3.3.75; Kinesoft, Saskatchewan, Canada) and analysis
was restricted to those children who provided at least 2
days of valid weekday data and one valid weekend day to
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provide a compromise between a typical day and maxi-
mising the sample size. A valid day was defined as at
least 500 min of data, after excluding intervals of
≥60 min of zero counts allowing up to 2 min of inter-
ruptions [4]. Valid data were available for 1132 children
at age 6, 1121 at age 9 and 565 at both ages. Data were
recorded at 10 s intervals and characterised as sedentary,
light or MVPA using Evenson population-specific cut
points for children [29]. The average number of MVPA
and sedentary minutes per day were derived for each
child, and average minutes for weekday and weekend
were calculated. Wear times differed between children,
depending on the time of year of data collection and be-
tween ages 6 and 9. To avoid wear-time related bias in
the latent classes, we used the proportion of total wear
time spent in sedentary, light and MVPA activity.

Other measurements
Child height and weight were measured, and body mass
index (BMI) was calculated and converted to an age-
and sex-specific standard deviation score based on UK
reference curves [30, 31]. Indices of Multiple
Deprivation (IMD) scores, based on the English Indices
of Deprivation (http://data.gov.uk/dataset/index-of-mul
tiple-deprivation), were assigned to each child based on
their reported home postcode. Higher IMD scores indi-
cate a greater level of deprivation.
To understand the contribution of specific domains of

physical activity and sedentary behaviour to different
physical activity profiles, further details of screen-viewing
and activity were obtained. In both years, parents were
asked about the number of hours their child typically
spent in various screen-viewing activities on weekdays and
at weekends (e.g. TV, tablets & games consoles, coded
from 0 = ‘None’ to 5 = ‘4 h or more’) and these were com-
bined to give a total number of average hours spent in
screen-viewing on weekdays and weekends. Children
completed a short questionnaire, in which they were asked
about the frequency (coded from 0 = ‘Never’ to 3 = ‘5 days
per week’) with which they engaged in different forms of
activity outside school hours: sport or exercise club at
school, sport or exercise club elsewhere, playing outdoors
in their neighbourhood, and playing outdoors at home
[32]. These were combined to form three variables: a score
0–6 representing participation in structured activity
(clubs), a score 0–6 representing unstructured activity
(playing) and a total activity participation score from 0 to
12. In all cases, a higher value indicates a higher frequency
of participation in activities outside school. This activity
participation variable provides information on the type of
activity rather than intensity, and has been shown to be an
important predictor of activity with patterns that differ
between girls and boys [32].

Statistical analysis
Latent profile and latent transition analysis
Latent class analysis is a latent variable model that can be
used to identify underlying homogenous subgroups in a
population, based on one or more observed variables
which may be categorical or continuous; in the latter case
the analysis is often called latent profile analysis [17] or fi-
nite mixture modelling [33]. Individuals are assumed to
belong to one of a set of mutually exclusive latent (unob-
served) classes, and in latent profile analysis the observed
variables are assumed to be normally-distributed within
these classes. As the underlying model is probabilistic, la-
tent profile analysis estimates the parameters of the
within-class distributions, and probabilities of class
membership for participants. This probabilistic assign-
ment of participants into classes enables uncertainty in
class-membership to be appropriately modelled and repre-
sents a benefit of the latent approach over methods such
as cluster analysis. Latent class analysis allows participants
to be included in analyses as long as they have one meas-
ure (i.e. they can have partial missing data) through the
use of Maximum Likelihood estimation under the as-
sumption that data are missing at random.
Latent transition analysis [16] is a longitudinal exten-

sion of latent class/profile analysis requiring the estima-
tion of a latent class model at two or more time-points.
Transitions between these time points are modelled via
a transition matrix that describes the movement between
states through time. With a standard latent class ana-
lysis, the focus is typically on the use of explanatory vari-
ables to predict class membership (handled via a
multinomial regression model). With latent transition
analysis, both class membership (time 1 and time 2) and
also the transition probabilities may depend on explana-
tory variables (for instance, a baseline predictor may in-
crease the probability of a participants moving from a
high- to low-activity state). All analysis was performed
using Mplus v8 [34].

Cross-sectional models
We fitted cross-sectional latent profile analysis models
for age 6 and 9 separately, using as class variables the
proportions of time spent in MVPA and sedentary time
for weekdays and weekends (light activity is implicitly in-
cluded as all three proportions must sum to one). We
assumed that the weekday and weekend sedentary pro-
portion variances were the same within a class (and like-
wise for the MVPA variances) but allowed sedentary
variances to differ from the MVPA variances, and both
to differ across classes. Latent profile models usually as-
sume conditional independence which is theoretically vi-
olated here as the proportions are correlated. To
account for this, we allowed a residual covariance be-
tween weekday sedentary and MVPA proportions and
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the same for weekend proportions. We explored a few
alternative specifications to assess the sensitivity of the
final models to these assumptions, especially concerning
the variance.
There is no single commonly-accepted criterion to de-

termine the number of classes [35], so we used a mix-
ture of statistical criteria, interpretability and parsimony.
We initially fit latent profile models for 2–10 classes,
and reported the Bayesian Information Criterion [36]
(BIC), where a lower value indicated better model fit,
and the Lo-Mendell-Rubin (LMR) [37] and bootstrapped
likelihood ratio (BLRT) tests [33]. These tests both com-
pare a k-1 versus a k-class model, with a low p-value
rejecting the k-1 class model in favour of the k class
model. These criteria have been shown to perform well
at identifying an appropriate number of classes [35, 38].
We also reported the relative entropy, an overall meas-
ure of classification on a scale of 0 (random) to 1 (per-
fect classification) [39] and the smallest class size, to
identify problematic models with very small class sizes.
We considered the interpretability of the final classes in
terms of physical activity behaviour and chose a smaller
number of classes when all other considerations are
equal. Latent variable models were rerun with multiple
start values to ensure that the maximum log-likelihood
value was replicated.
Once the number of classes was chosen based on the

steps outlined above, we applied descriptive labels to
each class based on the estimated profile of sedentary/
light/MVPA proportions within each class. Finally, to aid
interpretation, we also estimated the expected propor-
tion in each class meeting physical activity guidelines
(MVPA> 60 min, based on average wear-time) based on
the estimated parameters in each class. Once the classes
had been identified we examined whether there were dif-
ferences between them in terms of sex, standardised
BMI z-score, IMD, number of hours of screen viewing
and participation in out-of-school activities (for age 9
only) with a Wald test using the BCH method, which in-
cludes the classification error and is robust to assump-
tion violations [40].

Longitudinal model
A latent transition model [41–43] was used to examine
change in class membership for the 565 children who
have valid data at both time points. This process com-
bines a cross-sectional estimate of the latent classes at
age 6 with a longitudinal description of change over time
between ages 6 and 9. Constraining the latent classes to
be the same at both time points (measurement invari-
ance) would aid interpretation, so we fit both measure-
ment invariance and non-invariance models to explore
whether this assumption is valid. We used a 3-step ap-
proach [42, 43] to investigate relationships between the

latent classes and explanatory variables. This separates
the estimation of the latent classes from the larger struc-
tural equation model and ensures that the latent classes
do not change when including transitions and/or covari-
ates, whilst still accounting for the measurement error
in class assignment. Transition probabilities were mod-
elled as a function of each covariate individually.

Missing data
A total of 1690 children with valid accelerometer data at
at least one time point were included. The model for age
6 was based on 1087 weekday accelerometer measure-
ments and 980 weekend measurements, and the model
for age 9 was based on 1059 weekday and 942 weekend
measurements. Missing covariate information (Additional
file 1: Table S1) varied from < 1% (z-BMI score at age 9)
to 18% (activity participation score at age 9), with a total
of 964 participants (80%) at age 6 and 922 cases (79%) at
age 9 having complete data, and 449 (66%) with complete
data at both time points.
Although there are missing outcome and covariable data

in this study it was not possible to use standard multiple
imputation techniques [44] as the latent structure of the
classes is unknown and as such each imputation could
produce different classes. Instead, we used full information
maximum likelihood, which uses available information
from all participants and handles missing data within the
analysis model, assuming that data is missing at random.
This has been shown to produce unbiased parameter esti-
mates and standard errors in structural equation models
when data are missing at random [45].

Results
Participant characteristics of the data at ages 6 and 9 are
summarised in Additional file 1: Table S1. Average
MVPA on weekdays decreased by 5.3 mins (95% CI: 3.4
to 7.2 mins) between age 6 and 9 and average weekday
sedentary time increased by 73.2 mins (95% CI: 67.2 to
79.3 mins). There are similar differences in weekend ac-
tivity with an average decrease of 3.4 mins (95% CI: 0.1
to 6.6 mins) and increase of 64.6 mins (95% CI: 55.3 to
73.9 mins) for MVPA and sedentary time respectively.

Age 6 cross-sectional latent profiles
Additional file 1: Table S2 reports indicators of model fit
for 2–10 classes. The 6-class model had the lowest BIC
but identified one very small class (1%) of very
high-sedentary low-MVPA outliers. These outliers ap-
pear to be heavily influencing the classes in some
models, so we excluded them (n = 4) in a sensitivity ana-
lysis and found a 5-class model fitted best, with class
profiles very similar to the remaining 5 classes from the
full data. This suggested that the main influence of the
outliers was the formation of the extra class. As this
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class was too small for further analysis and caused identifi-
cation and interpretation problems in further analyses, we
have reported the 5-class model without outliers in the re-
mainder of the paper (n = 1128). The full 6-class model
that included the outliers is described in Additional file 1:
Table S3 for comparison. We explored several alternative
model specifications and found that, while the exact num-
ber of classes differed, similar types of profile kept arising,
providing support for the 5-class model.

Latent profiles at age 6
The weekday and weekend profiles for each class are
shown in Fig. 1, and the estimated proportions of chil-
dren in each class are shown in Fig. 3 (left panel; see also
Additional file 1: Table S3).
To aid interpretation we have organised the classes ap-

proximately in order from most active (highest MVPA)
to least active (MVPA). The five classes were identified
as follows:

� Highly active (9%): High and very high levels of
MVPA, especially at weekends, combined with low
sedentary proportion. Nearly all meet the
recommended level of MVPA of 60+ mins/day (92%
on weekdays and 100% on weekends).

� Active/light (29%): Higher MVPA than average and
average to low sedentary proportion; a large
proportion of non-sedentary time is light activity.
Most meet the recommended MVPA (77% on week-
days and 87% on weekends).

� Active/sed (19%): Higher MVPA than average
(similar to Active/light) but above average sedentary
proportion. Most meet the recommended MVPA
(77% and 86%).

� Inactive/light (15%): Low MVPA combined with
average sedentary proportion; a large proportion of
non-sedentary time is light activity. A minority met
the recommended MVPA (33% on weekdays and
19% on weekends)

� Inactive/sed (28%): Low MVPA (similar to Inactive/
Light) but combined with high sedentary proportion.
A minority met the recommended MVPA (33% on
weekdays and 20% on weekends).

Most classes captured similar patterns of physical ac-
tivity and sedentary behaviour on weekdays and week-
ends, apart from the Highly active classes which
contained children who are more active and less seden-
tary at the weekend than during the week. The two
Active classes were similar in terms of MVPA but dif-
fered in time spent in sedentary and light activity, and
likewise for the two Inactive classes. In the Highly active
and Active classes, the majority met the recommenda-
tion of 60+ mins of MVPA, with more achieving the
guidelines at weekends than on weekdays. Only a minor-
ity of those in the Inactive classes achieved the recom-
mended MVPA levels, with this proportion higher on
weekdays than weekends.

Associations with class membership
The Highly active classes were predominantly boys (88%),
while the Inactive/sed class comprised 60% girls (Table 1).
There were similar proportions of girls and boys in the
other classes. The Inactive/light class had a higher level of
deprivation (IMD score = 18.9 95% CI: 15.7, 22.2) than
other classes. BMI z-score at ages 6 or 9 and average
hours of screen viewing were similar across the classes
(Table 1).

Age 9 cross-sectional latent profiles
The BIC for the data (Additional file 1: Table S2) indi-
cated either a 6 or 7-class model, with the LMR test giv-
ing support to a 6-class model. The 7-class model has a
slightly lower BIC but produced one very small class
(1%) of highly sedentary and inactive children, similar to
that observed for the age 6 data, and we encountered
problems with model identifiability due to the small
numbers. As the remaining six classes had very similar
profiles to the 6-class model, we chose this model, con-
sistent with our approach for the age 6 data.
When labelling the Age 9 classes, we used some of the

Age 6 labels to reflect similar profiles. However, these
classes are not directly equivalent as nearly all classes
are more sedentary at age 9 than at age 6. Instead we
have defined ‘similar’ in terms of patterns of high and
low activity and sedentary proportions, when compared
to the overall year average levels. This means, for ex-
ample, that the Inactive/sed class is always defined as

Fig. 1 Class profiles for Age 6. Proportions of time spent in
sedentary (red), light (yellow) and MVPA (green) at weekdays and
weekends for the 5 classes identified at age 6. Classes are ordered
roughly from most active to least active
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being less active and more sedentary than average, how-
ever the actual proportion of time spent in sedentary behav-
iour in this class is higher at age 9 than at age 6 while
MVPA remains similar. We have highlighted differences in
interpretation of classes below, and the reader is encouraged
to keep these differences in mind when making compari-
sons. The class profiles are summarised in Additional file 1:
Table S3 and Fig. 2, and were given the following labels:

� Highly active (7%): Very similar to the Age 6
Highly active class. High and very high levels of
MVPA, especially at weekends, combined with low
sedentary time. Nearly all meet the recommended
MVPA (90% on weekdays and 100% on weekends)

� Active/light (6%): Similar to the Age 6 Active/light
class, but with slightly lower sedentary proportions.
Higher MVPA than average and average to low
sedentary – more so at weekends. A large proportion
of non-sedentary time is spent in light activity rather

than MVPA. Most meet the recommended MVPA
(68% on weekdays and 78% on weekends)

� Active/sed (11%): Very similar to the Active/sed
class at age 6. Higher MVPA than average (similar
to Active/light), but above average sedentary times –
more so at weekends. Most meet the recommended
MVPA (72% on weekdays and 91% on weekends)

� Average (33%): No corresponding class at age 6.
Average levels of sedentary and MVPA; slightly
more active and less sedentary at weekends. The
majority met the recommended MVPA (59% on
weekdays and 73% on weekends).

� Inactive/light (22%): Similar pattern to the Age 6
Inactive/light class, but MVPA is much lower. Very
low MVPA combined with average sedentary; a large
proportion of non-sedentary time is spent in light
activity. A minority meet the recommended MVPA
(11% on weekdays and 11% on weekends)

� Inactive/sed (21%): Similar to the Age 6 Inactive/
sed class. Low/ very low MVPA (similar to Inactive/
light) but combined with very high sedentary
proportions. A minority meet the recommended
MVPA (42% on weekdays and 14% on weekends)

In contrast to the classes at age 6, we saw slightly stron-
ger differences in weekday/weekend patterns of physical
activity and sedentary time within the classes, with all
classes except Inactive/sed exhibiting lower sedentary pro-
portions at weekends. The majority of children in the
Highly Active, Active/light, Active/sed and Average classes
met the recommended levels of MVPA, especially at
weekends. Only a minority of those in the two Inactive
classes met the recommended MVPA levels, with this pro-
portion higher on weekdays than weekends.

Associations with class membership
At age 9, all covariates differ between classes. Most par-
ticipants in the Highly active class were boys (93%)
whereas most in the Inactive/light class were girls (75%;
Table 2). Differences in BMI z-score are driven by the
high value for the Active/light class and low value for

Table 1 Age 6: Model-based estimates of covariate means and test for differences across classes

Female BMI z-score (age 6) IMD score (age 6) Total screen viewing (hrs)

% Mean 95% CI Mean 95% CI Mean 95% CI

OVERALL 47.6% 0.23 14.6 2.36

Highly active 12.1% 0.27 (−0.04, 0.57) 12.8 (9.47, 16.13) 2.14 (1.85, 2.42)

Active/ light 48.9% 0.45 (0.22, 0.67) 14.5 (12.38, 16.67) 2.37 (2.14, 2.59)

Active/ sed 46.2% −0.12 (−0.41, 0.18) 13.2 (10.88, 15.55) 2.67 (2.41, 2.94)

Inactive/light 53.3% 0.36 (0.02, 0.70) 18.9 (15.66, 22.22) 2.25 (2.00, 2.49)

Inactive/sed 60.1% 0.33 (0.11, 0.54) 13.8 (11.77, 15.79) 2.30 (2.09, 2.51)

P-valuea < 0.0005 0.052 0.034 0.110
aWald test for differences in means across latent classes

Fig. 2 Class profiles for Age 9. Proportions of time spent in sedentary
(red), light (yellow) and MVPA (green) at weekdays and weekends for
the 6 classes identified at age 9. Classes are ordered roughly from most
active to least active. While class labels are similar to those used for
age 6, there are some differences – see text for details
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Active/sed. The Active/light class has a higher IMD
score, and so contains more individuals with higher
deprivation scores than other classes. Average hours of
screen viewing differed between classes, and this was
mainly due to differences in weekend screen viewing
(Additional file 1: Table S4); higher levels of weekend
screen viewing were seen in the two Inactive classes, and
also in the Highly active class. These average approxi-
mately 4 h of screen-viewing at weekends, compared to
3–3.5 h for the other classes. There was a strong associ-
ation between class membership and activity participa-
tion, with a difference between the lowest activity in the
Inactive/sed class and the highest in the Highly active
class of 2.4, which corresponds approximately to an
extra four to five sessions of activity per week. When the
type of activity was further separated into participation
in structured (clubs) and unstructured (playing out-
doors) activities (Additional file 1: Table S4) we saw a
different pattern in the two Active classes, with Active/
sed higher in structured activity and Active/light higher
in unstructured. Those in the Highly active class score
high on both.

Changes between profiles at age 6 and age 9
Comparison of age 6 and age 9 profiles
Figure 3 shows the prevalence of the different classes at
age 6 and age 9, side by side. Fewer children at age 9 are
members of the Active classes than at age 6, especially
the Active/light, and the new class, Average, is the most
commonly occurring class. The proportion of children
in the two Inactive classes is approximately the same,
but the Inactive/sed class has reduced and Inactive/light
increased. MVPA was much lower in the Age 9 Inactive/
light class than either of the Age 6 Inactive classes.

Transition between ages 6 and 9
We investigated fixing the same latent classes at both
time points (measurement invariance model), but this
did not fit the data well. This is supported by the

cross-sectional findings, which found a different number
of latent classes at each age and differences in the class
definitions, in particular with higher sedentary propor-
tions at age 9. The results presented here are based on a
non-invariance model (classes differ), with latent class
profiles fixed to be the same as those found in the
cross-sectional analyses.
Figure 4 shows how children moved between Age 6

classes and Age 9 classes using the model-based esti-
mates of the transition probabilities (Additional file 1:
Table S5). There was substantial movement between
classes between ages 6 and 9, with around 30%
remaining in the similar class. Note that with the excep-
tion of the Active/light class, all Age 9 classes were more
sedentary than their Age 6 counterparts, and so children
who move to a more active class may still become more
sedentary. The most common patterns of movement
were to classes with either no change or a decrease in
MVPA (84%), and children in active classes at age 6

Table 2 Age 9: Model-based estimates of covariate means and test for differences across classes

% female BMI z-score (age 9) IMD score (age 9) Total screen viewing (hrs) Activity participation

% Mean 95% CI Mean 95% CI Mean 95% CI Mean 95% CI

OVERALL 55.2% 0.32 15.6 2.89 5.87

Highly active 7.1% 0.22 (−0.02, 0.46) 15.3 (11.5, 19.1) 2.90 (2.46, 3.34) 7.53 (6.91, 8.14)

Active/ light 44.2% 0.81 (0.42, 1.19) 21.8 (15.5, 28.1) 2.33 (1.78, 2.88) 6.25 (5.45, 7.04)

Active/ sed 44.6% −0.18 (−0.43, 0.07) 11.8 (9.1, 14.5) 2.72 (2.35, 3.10) 6.14 (5.56, 6.72)

Average 56.2% 0.27 (0.13, 0.42) 15.5 (13.4, 17.5) 2.70 (2.46, 2.93) 6.11 (5.78, 6.44)

Inactive/light 75.1% 0.56 (0.36, 0.75) 17.8 (15.2, 20.5) 3.03 (2.71, 3.35) 5.38 (5.00, 5.77)

Inactive/sed 55.2% 0.36 (0.16, 0.56) 14.6 (12.2, 17.0) 3.28 (3.00, 3.55) 5.13 (4.74, 5.52)

P-valuea < 0.0005 < 0.0005 0.007 0.007 < 0.0005
aWald test for differences in means across latent classes

Fig. 3 Comparison of class prevalence between ages 6 (left) and 9
(right). Classes with similar labels show similar patterns at ages 6 and
9, but there are some differences; see text for details. Remaining
classes are seen only in the given year
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were more likely to remain in active classes at age 9
(45%) than children in inactive classes at age 6 were to
move to active classes at age 9 (12%). Children who
move from Active to Inactive classes tended to keep the
same light/sedentary behaviour, while children who
moved away from Highly active tended to move to the
light rather sedentary classes.
The transition probabilities between classes were associ-

ated with all the characteristics that we compared, except
deprivation score. Girls had higher probability of moving
to classes with lower MVPA than boys (Additional file 1:
Table S5). Additional file 1: Figures S1-S3 show how the
transition probabilities depend on BMI z-score at age 6,
activity participation score and hours of weekend screen
viewing. Higher BMI z-score at age 6 was associated with
lower probabilities of moving to more active classes and
higher probabilities of moving to less active classes. For
example, overall, children in the Active/sed class at age 6
had a 43% probability of staying in the similar Age 9 class
and 30% probability of moving to Inactive/sed. For chil-
dren with a BMI z-score of 1 (corresponding roughly to a
definition of ‘Overweight’ [31]) these transitions are esti-
mated at 29% and 38%.
The probability of remaining in the Highly active class

between ages 6 and 9 is strongly associated with higher
activity participation. A child in the Highly active class
at age 6 with a participation score at the average of 6
has a 32% probability of remaining in the Highly active
class, increasing by approximately 8 percentage points
for every extra activity session per week (one unit in-
crease in participation score). A higher participation
score is also associated with an increase in the probabil-
ity of moving into the Highly active class at age 9 from

other classes. Activity participation was also associated
with moving from Inactive classes to Active classes, al-
though the numbers of children transitioning between
these two was small. Patterns were similar for associa-
tions with structured and unstructured activity (not
shown), but with high levels of unstructured activity and
low levels of structured activity associated with a move
to the Active/light class, and high levels of structured ac-
tivity associated with movement to the Active/sed class.
Transition probabilities were associated with the aver-

age number of hours spent screen viewing at weekends
but not on weekdays. The strongest patterns were for
the Active/sed and Inactive/sed classes at age 6 where
more hours spent screen viewing increased the probabil-
ity of transitioning to the Inactive/sed class at age 9.
These probabilities are 31% for Active/sed and 47% for
Inactive/sed for an average screen viewing of 3.8 h at
weekends, increasing to 41% and 58% for an extra 2 h.
In the Highly active class, the opposite pattern was seen,
with very high screen-viewing associated with remaining
in the Highly active class.

Discussion
The data presented in this paper have shown that five
different classes described the physical activity and sed-
entary behaviour of pupils at age 6 and six classes at age
9. The profiles range from very active to inactive with
differentiation between subgroups in terms of sedentary
and light behaviour. Five classes were found to be simi-
lar between the 2 years, in terms of general patterns,
with the addition of a substantial extra class of ‘average’
children at age 9 who fell between the more extreme ac-
tive and inactive classes seen at age 6. This suggests that
the classes are relatively stable, although the proportions
in each class change, with the active classes decreasing
in prevalence. It is important to note that consistent
with a previous study using similar methods applied to
physical activity data from several countries [4], all clas-
ses were more sedentary at age 9 than at age 6 and that
the classes picked up important differences between
weekday and weekend physical activity which would not
have been apparent by comparing average time in
MVPA. Of relevance is that the active classes tended to
engage in the recommended 60 min of MVPA at the
weekend, more so than during the week, while inactive
classes were unlikely to meet this guideline at either
weekends or week days. Recent research has shown that
adults who engage in high levels of physical activity at
the weekend but are less active on weekdays (i.e., week-
end warriors) have reduced risk of cardiovascular disease
and all-cause mortality [46], suggesting that weekend ac-
tivity may be important for health outcomes in adults.
Some studies have assessed weekday and weekend differ-
ences in children [47], but none have looked at the

Fig. 4 Transition between classes at age 6 and 9. All classes at age 9
are more sedentary than their similarly-named counterparts at age 6;
see text for details. Small transitions (< 2%) have been omitted for clarity
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contribution weekend activity makes towards over-
all MVPA recommendations. Our results suggest that
the contribution of weekend activity to an average of
60 min per day of MVPA across the week [48] among
children may warrant further investigation.
All Age 9 classes were more sedentary than their Age

6 counterparts. There was substantial movement be-
tween classes between age 6 and 9 with less than a third
of pupils remaining in the similar class across the two
time points. Across this time, the strongest patterns of
movement were to profiles with either no change or a
decrease in MVPA, and even where children moved to a
more active class they typically become more sedentary.
This highlights a need to understand the factors that are
associated with change in activity profile from age 6 to 9
and how to mitigate movement to less active profiles.
The most robust finding from previous studies is an

association between girls and low-activity clusters [22]
and this is supported by our findings. Specifically, the
Highly active class is predominantly boys at both ages,
with the proportion of boys increasing from 88 to 93%.
Likewise, at the other end of the scale the Inactive clas-
ses have a higher proportion of girls. Gender is also
strongly associated with movement between classes with
girls more likely to move to less active classes and boys
more likely to move to more active classes. Unfortu-
nately, sample sizes were too small to produce separate
profiles for boys and girls, especially to look at change
over time or associations with covariates. However, the
findings do suggest that girls may particularly be at risk
of moving to less active profiles.
Participants’ body mass-index (z-score), screen-viewing

behaviour and the extent to which they engaged in activ-
ities were associated with movement between classes.
These characteristics were not strongly associated with
class membership at age 6 but showed much stronger
links with classes at age 9. Movement to more active clas-
ses was associated with a lower BMI z-score at age 6 and
higher activity participation, with the latter strongly asso-
ciated with movement into the Highly active class. This in-
dicates that both structured and unstructured activities
may contribute to children’s overall physical activity levels
and maintained engagement in such activities may
mitigate some of the age-related decline in activity.
Conversely, screen-viewing was associated with becoming
more sedentary, rather than becoming less active. For ex-
ample, in the Highly active class, more screen-viewing was
associated with remaining Highly active, suggesting that
for this class, screen-viewing occurs in addition to, rather
than instead of, being active. This is consistent with a male
‘techno-active’ group commonly identified in cluster ana-
lyses [49]. Collectively, these changes in class membership
highlight how screen-viewing, body mass and the types of
activities in which children engage can affect their overall

physical activity profile. There is strong evidence that sed-
entary behaviour tracks from childhood to adulthood [50]
and that sedentary behaviour is associated with adverse
health impacts in adults [7]. The findings therefore sug-
gest that gaining a detailed understanding of the nature of
these associations may be important for developing more
effective behaviour change programs.
A key finding from this study was that children who

are active are more likely to remain active than inactive
children to become active. For example, children in the
Active/light and Active/sed classes at age 6 have similar
MVPA but have distinct patterns of movement. Most of
the Active/light class move to the new Average class at
age 9; their proportion of non-sedentary time spend in
MVPA remains the same but as sedentary time in-
creases, the total MVPA decreases. Meanwhile, children
in the Active/sed class are most likely to either remain in
Active/sed (more sedentary time, but similar MVPA) or
move to Inactive/sed (more sedentary time and less
MPVA). In both cases, those who move to Inactive clas-
ses tend to keep the same light/sedentary behaviour.
This suggests that sedentary patterns reflect underlying
behaviour preferences which are independent of how
much activity children engage in. This finding suggests
that early physical activity behaviours may contribute to
physical activity throughout childhood and developing
strategies to engage children in physical activity early
and then keep them active are likely to be very import-
ant. Research that examines this possibility is therefore
essential for the advancement of the field.
The differences in movement from the Active/light

and Active/sed classes may be due to changes in the
amount of structured versus unstructured activity, with
parents reporting a decrease in free play between age 6
and 9 [51]. While an activity participation score is not
available at age 6, if we assume the classes have similar
activity profiles as at age 9, a key difference between
Active/light and Active/sed is that the former class en-
gage in predominantly unstructured activity while the
latter in structured activity. A gradual decline in the
amount of unstructured activity, when not replaced by
structured activities results in a decline in activity levels
(i.e., Active/light to the Average class). Conversely, those
in the Active/sed class may either continue their club ac-
tivity and remain in Active/sed, or experience a sudden
drop in MVPA when they stop the activity and they
transition to the Inactive/sed class. In addition, we note
that both Active/sed and Inactive/sed are more likely at
age 9 to meet the recommended 60 min of MVPA than
their light counterparts, despite having similar MVPA
and engaging in more sedentary time. This suggests that
unstructured activities may be more variable in the in-
tensity of activity (perhaps more often dipping into light
rather than moderate activity), whereas structured
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activity may enable children to more consistently meet
MVPA guidelines. This highlights the potential import-
ant role of structured activities, such as after-school ac-
tivity clubs, in promoting and maintaining physical
activity in childhood, and if unstructured activity con-
tinues to decline may indicate that those in the Average
and Active/light classes are at risk of becoming more in-
active in the future.

Strengths and limitations
The major strength of this study is the use of objective
physical activity and sedentary behaviour data to exam-
ine how physical activity profiles change from Year 1
(age 6) to Year 4 (age 9) of primary school. By applying
latent profile analysis to a contextually rich dataset we
have provided new information which provides some
insights into the change in profiles and the potentially
important role of weekend physical activity. The study
does however have several limitations that need to be
considered. Although the data are from a relatively
large cohort, the sample is from a single UK city and
some of the transitions are based on a relatively small
number of cases. As a result, we are unable to conduct
separate analyses for boys and girls, despite the strong
associations between gender and latent classes. The
class grouping was relatively consistent between the
two time points, which suggests a degree of robustness,
but the latent class approach is data driven which
makes comparisons between studies more difficult. Fi-
nally, it is also important to recognise that the move
from Year 1 to Year 4 is a key period of change in chil-
dren’s lives when their motor skills develop, they get in-
creased licence to be physically active and there are
numerous other social changes, such as going to bed
later and increased homework, which can all impact on
physical activity and sedentary time [51]. These broader
factors may be associated with the profiles detected at
the two time points and, aside from the reasons dis-
cussed, may help to explain movement in classes across
the two timepoints.

Conclusions
Five profiles were identified at ages 6 and six profiles at
age 9, reflecting different patterns of physical activity
and sedentary time, and differences between weekdays
and weekends. There was substantial movement between
profiles between ages 6 and 9, with transitions associated
with sex, BMI z-score, screen-viewing and participation
in out-of-school activities. Our results highlight the im-
portance of engaging children in physical activity early
and the potential important role of structured activities,
such as after-school activity clubs, in promoting and
maintaining physical activity in childhood. Weekend dif-
ferences suggest that greater focus on how weekend

activity contributes to an average of 60 min per day of
MVPA across the week may be warranted.
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