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ABSTRACT 
 
Objectives: Describe the trajectories of body mass index (BMI), waist circumference, and 
aerobic fitness in children and identify different outcomes of guideline-recommended PA in a 
subset of active children. 
 
Methods: We recruited students from 10 public primary schools and obtained repeated measures 
of BMI, waist circumference, and aerobic fitness over 30 months. Aerobic fitness was measured 
with the Andersen test. We objectively measured physical activity behaviour with accelerometers 
and classified children as ‘physically active’ when they achieved ≥60 minutes of moderate-to-
vigorous PA per day (guideline concordance). Univariate trajectories of BMI, waist 
circumference, and aerobic fitness were calculated for all children, and we constructed a multi-
trajectory model comprising all outcomes in the subgroup of physically active children. The 
construct validity of all models was investigated by examining for between-group differences in 
cardiovascular disease risk factors obtained from fasting blood samples. 
 
Results: Data from 1208 children (53% female) with a mean ±SD age of 8.4 ±1.4 years were 
included. The univariate trajectory models identified three distinct trajectories for BMI, waist 
circumference, and aerobic fitness. The multi-trajectory model classified 9.1% of physically 
active children as following an ‘overweight/obese/low fitness’ trajectory. There were moderate-
to-large differences in cardiovascular risk factors between all trajectory groups (p < .001; d = .4 
to 1.20). 
 
Conclusion: We identified distinct developmental trajectories of BMI, waist circumference, and 
aerobic fitness in children. Nearly one in 10 children who met PA guideline recommendations 
followed an unfavourable health trajectory. Health-related PA recommendations may be 
insufficient for some children.  
 
 
Key Points 

• Children follow distinct developmental trajectories of BMI, waist circumference, and 
aerobic fitness.  
 

• Nearly one in 10 children meeting guidelines for health-related physical activity follow 
an unfavourable health trajectory. 
 

• Guideline recommendations for health-related PA may be insufficient for some children.  
 

 
 
  



1 INTRODUCTION 

Increasing health-related physical activity (PA) is an effective strategy to prevent twenty-six 

chronic diseases including obesity, non-alcoholic fatty liver disease, cardiovascular diseases, 

hypertension, and Type 2 diabetes [1]. Although the benefits of PA are established at the 

population level, the global prevalence of insufficient PA in adults is 27.5%, with inactivity 

twice as common in high-income (36.8%) compared to low-income countries (16.2%) [2]. 

Unfortunately, global estimates of PA in children (4–11 yr old) suggest a similar pattern to 

adults, with children engaged in only 22 to 45 min of daily moderate-to-vigorous intensity PA 

(MVPA) on average [3], well below the 60 min of daily MVPA recommended by PA guidelines 

[4, 5]. Insufficient PA imposes a large socioeconomic burden, with physical inactivity costing 

the European economy an estimated €80 billion annually [6]. A 20% reduction in physical 

inactivity could save the European economy €16.1 billion per year [6].  

Heterogeneity in the individual response to PA, and limitations in previous studies 

challenge the interpretation of current evidence. There are large inter-individual differences in 

PA responses, with some people demonstrating negligible changes in aerobic capacity, 

anthropometrics, or disease risk-markers, even when adhering to PA recommendations [7-12]. 

These individuals, often characterized as PA non-responders [7-17], may require a greater 

volume or intensity of activity, beyond general recommendations [7, 16, 18, 19], or may fail to 

respond to specific PA programs altogether [19]. This understanding of PA responsiveness is 

based on research in adults, with only a few small (n = 11 to 73) studies suggesting a similar 

patterns of PA non-responders in children [9, 10, 17]. Whether the inter-individual variability in 

PA response in children parallels that seen in adults remains to be established.  



Understanding PA responsiveness is further complicated by the lack of a universal 

definition of ‘responders’ and ‘non-responders’. Our group has previously used tertile[10], 

quartile [20], or percentile [9] cut-points for PA non-response, while others have used clinical 

meaningful changes [8], or technical error [21]. Importantly, past research efforts have focused 

on exercise training and not habitual health-related PA behaviour. A better understanding of 

these concepts is fundamental to adoption of PA recommendations in preventive treatment and 

personalized medicine [22].  

Accordingly, identifying patterns in the individual-changes in health-related outcomes 

from longitudinal studies would be beneficial. Therefore, the objectives of this study were to: 1) 

describe the individual, developmental trajectories of body mass index (BMI), waist 

circumference, and aerobic fitness in children, 2) identify classes of response to guideline-

recommended PA by estimating multivariate trajectories of BMI, waist circumference, and 

aerobic fitness in a subset of active children, and 3) examine the construct validity of the 

trajectory groups by testing for differences in cardiovascular risk factors.  

 

2 METHODS 

2.1 Study design and participants 

This prospective cohort study was nested in the Childhood Health, Activity and Motor 

Performance School (CHAMPS-DK) study. The CHAMPS-DK study is an ongoing quasi-

experimental trial evaluating the effects of physical education in primary school students. The 

study sample and procedures have been described in detail previously [23, 24]. Briefly, all public 

primary schools within the municipality of Svendborg, Denmark (N=19) were invited, and ten 

schools participated in the study. Students attending four schools received the traditional quantity 



of physical education (90 minutes/week) while students in six schools underwent an extended 

physical education program totaling 270 minutes per week.  

 In the current analysis, we included data from baseline through the 30-month follow-up, 

and combined data across the two treatment arms into a common cohort. Anthropometric 

variables were measured at baseline, and after 6, 12, 18, 24, and 30 months. We measured 

aerobic fitness at baseline, 6 months, and 12, 18, and 30 months. Blood testing was performed at 

baseline and the 24-month follow up, while physical activity behaviour was measured at 12 and 

22 months. 

 The study was performed in accordance with the Declaration of Helsinki, approved by 

the Regional Scientific Ethical Committee of Southern Denmark (ID S-20080047), and 

registered with the Danish Data Protection Agency (J.nr. 2008-41-2240). All children gave 

verbal assent and all parents provided written informed consent to participate before study 

enrollment.  

 

2.2 Physical activity 

We measured PA behaviour using the Actigraph GT3X accelerometer (Actigraph, Pensacola 

Florida) during 2 measurement periods, one year apart. Trained research staff instructed children 

and parents regarding appropriate use, and fit the accelerometers to each child’s right hip with a 

customized elastic belt. Children were instructed to wear the device from waking in the morning 

until they went to bed, except when bathing or swimming.  

 A customized software program (Propero, version 1.0.18, University of Southern 

Denmark, Odense, Denmark) processed all accelerometry data. Accelerations were recorded 

every 2 seconds and subsequently collapsed into 10-second epochs. Digitalized accelerometer 



signals were filtered with 0.25–2.5 HZ band limits to help eliminate accelerations not associated 

with human movement (e.g., vibration). To distinguish inactivity from periods of non-wear, we 

interpreted readings of zero activity lasting at least 30 consecutive minutes as ‘accelerometer 

non-worn’. We included physical activity data when the child’s wear time was at least 10 hours 

per day on 4 or more days. 

 We estimated daily time spent in MVPA intensities using established cut-points [25]. 

This information was used to classify children as meeting recommended levels of health-related 

PA (at least 60 minutes of MVPA). Children were classified as ‘physically active’ when they 

averaged a minimum of 60 minutes of daily MVPA (i.e., guideline concordance) at both 

measurement periods.  

 

2.3 Anthropometrics and Aerobic Fitness 

Height and weight were measured with children wearing light clothes and barefoot. We 

measured height to the nearest .5 cm with a portable stadiometer (SECA 214, Seca Corporation, 

Hanover, MD, USA), and weight to the nearest .1 kg using a calibrated Tanita BWB-800S digital 

scale (Tanita Corporation, Tokyo, Japan).  We calculated BMI as weight(kg)/height(m)2, and 

classified outcomes as normal weight, overweight, or with obesity according to criteria from the 

International Obesity Task Force [26]. 

 Waist circumference was measured with a tape measure at the level of the umbilicus, to 

the nearest 0.5 centimetre (cm), following normal expiration. The measure was then repeated. If 

differences greater than 1 cm were identified, a third measure was obtained. We used the mean 

of the two closest measures. Waist circumference outcomes were used to classify children as 

normal weight, overweight, or with obesity using sex and age-adjusted criteria [27]. 



 

Cardiorespiratory fitness was measured with the Andersen test, a maximal running test 

developed for children [28]. Tests were conducted on an indoor court with wood flooring and 20-

meter running lanes marked out with cones and lines at each end of the lane. Children ran as fast 

as possible down the lane, touched behind the line with one hand, and turned and ran back in the 

opposite direction. After 15 seconds, children stopped immediately when hearing a whistle. 

Following 15 seconds of rest, the process repeated, with children attempting to cover the greatest 

distance possible. The test outcome was total distance run by each child in 10 minutes, and this 

was monitored by trained research staff. This test has good test–retest reliability and concurrent 

validity when compared with direct VO2max testing in a similar sample of children [29]. 

 

2.4 Cardiovascular risk factors 

Trained research staff obtained fasting morning blood samples from children at each primary 

school, wherein fasting status was confirmed with immediate plasma-glucose measures. We 

immediately stored the samples on ice and transported them to a lab where they were pipetted, 

centrifuged, and stored at -80°C within 4 hours. All analyzes were performed in a certified 

laboratory at the University of Vienna using a Roche/Hitachi cobas c system (Roche, Mannheim, 

Germany). Cholesterol, triglycerides, and glucose were analyzed using enzymatic, colorimetric 

methods. Insulin was analyzed with a solid phase enzyme-labeled chemiluminescent 

immunometric assay. We calculated homeostasis assessment model-estimated insulin resistance 

(HOMA-IR) scores using the following formula: HOMA-IR= insulin (µU/mL) × glucose 

(mmol/L)/22.5.[30]  



 We measured systolic blood pressure at the left arm using an automated blood pressure 

monitor [Welch Allyn® (New York, USA) vital signs monitor 300 series with FlexiPortTM]. 

Before assessing blood pressure, participants sat quietly for 5 minutes with flat feet on the floor. 

Blood pressure was then measured at 1-minute intervals, until 3 stable measures, or 5 total 

measures were obtained. The mean of the last 3 measures was used for analysis. 

 We combined several cardiovascular risk factors into a clustered cardiovascular risk 

score. Clustered scores may be preferable to single risk factors to estimate cardiovascular health 

in children,[31] and clustered risk tracks into young adulthood [32]. Recent research 

recommends the use of combined continuous risk factors to estimate the cardiometabolic risk in 

children.[33] We calculated clustered cardiovascular risk scores by summing the standardized 

scores of total cholesterol:HDL ratio, log triglycerides, log HOMA-IR, and systolic blood 

pressure [34, 35], and converting scores to positive values. Larger scores represent higher levels 

of cardiovascular disease risk.  

 

2.5 Statistical Analyses 

We modeled univariate and multivariate trajectories, in two steps, using group-based trajectory 

and group-based multi-trajectory models. These person-centered statistical approaches identify 

clusters of individuals who follow similar patterns of change (i.e., trajectories) over time [36]. A 

specialized application of finite mixture modeling, group-based trajectory modeling can identify 

meaningful subgroups based on trajectory group membership [37, 38]. Multi-trajectory modeling 

further allows for the identification of latent clusters of individuals who follow similar 

trajectories across multiple outcomes of interest [39]. Group-based trajectory and multi-

trajectory models use maximum likelihood estimation to approximate trajectory distributions and 



do not assume that a population comprises distinct groups; features that distinguish this approach 

from growth mixture modeling [37]. 

 We excluded participants with less than three repeated measures, and modeled 

trajectories as a function of age. Group-based trajectory and multi-trajectory models handle 

missing data with maximum likelihood estimation, resulting in asymptotically unbiased 

parameter estimates when data are missing at random [37]. Step one of the analysis (aim 1) 

involved univariate modeling of data from all participants to estimate trajectories for each 

outcome (BMI, waist circumference, aerobic fitness) independently. We first constructed single 

class models applying a censored normal distribution and increased the number of classes and 

complexity of the polynomial distributions (e.g., linear, quadratic, cubic) until optimal models 

were identified. In step two (aim 2), we used data from the subgroup of physically active 

children who met guideline recommendations for health-related PA. We similarly constructed 

multi-trajectory models to represent the multivariate longitudinal courses of BMI, waist 

circumference, and aerobic fitness together as a function of age.  

 Initial judgements of optimal model specification were made using the Bayesian 

information criterion. However, decisions of model fit cannot be reduced to a single metric [37]. 

Our modeling decisions were also based on a combination of statistical and clinical judgments, 

and we subsequently tested the models using four a priori diagnostic criteria: 1) a minimum 

average posterior probability of group membership of 0.7; 2) close correspondence between the 

estimated group membership probability and the proportion of participants assigned to each 

group based on the posterior probability; 3) minimum odds of correct classification greater than 

five;  and 4) precise confidence intervals around estimations of  group membership probabilities 

[37, 38]. 



 To explore the construct validity of the trajectory groups identified in the multi-trajectory 

model (aim 3), we generated descriptive statistics for clustered cardiovascular risk, stratified by 

trajectory class. Between-group differences between trajectory classes were examined with 

analysis of variance and standardized mean differences estimated with Cohen’s d statistics. 

Alpha was 5% for all inferential analyses. 

 

3 RESULTS 

Data from 1207 children were used in the BMI and waist circumference trajectory analyses, 

while 1145 children contributed data to the aerobic fitness analysis. We classified 522 children 

as ‘physically active’ based on achieving at least 60 minutes of daily MVPA during both 

measurement periods. The baseline characteristics of physically active children and the entire 

sample are presented in Table 1. The group-based trajectory and group-based multi-trajectory 

models achieved adequate performance according to our predefined criteria; all posterior 

probability values were >.90, and odds of correct classification were >9 (Table 2).  

 

3.1 Univariate trajectories of all children  

The BMI, waist circumference, and aerobic fitness models all identified three distinct trajectory 

groups with linear or quadratic polynomial distributions that increased as a function of age 

(Figure 1a–c). We categorized the trajectory groups according to their relative distributions or 

overweight/obese status. BMI and waist circumference trajectory groups were labeled as ‘low’ 

(BMI: 50.2%; waist circumference: 55.9% of children), ‘moderate’ (BMI: 39.3%; waist 

circumference: 35.6% of children), or overweight/obese (BMI: 10.5%; waist circumference: 



8.5% of children). Aerobic fitness trajectory groups were labeled as ‘low’ (14.8% of children), 

‘moderate’ (49.1% of children) or ‘high’ (36.2% of children).  

 

3.2 Multivariate trajectories of physically active children 

The multi-trajectory model identified three distinct linear or quadratic trajectory groups of 

children who met PA guideline recommendations. We categorized the trajectory groups 

according to their relative distributions or overweight/obese status (Figure 2). Trajectory groups 

were labeled as normal weight/high fitness (48.4% of children), normal weight/moderate fitness 

(42.5% of children), and overweight/obese/low fitness (9.1% of children). Children in the 

overweight/obese/low fitness trajectory group tended to be overweight or with obesity according 

to BMI and waist circumference criteria and lower aerobic fitness compared to children in the 

other groups.  

 

3.3 Construct validity 

Mean differences in clustered cardiovascular risk scores between the trajectory groups are 

presented in Table 3. In the BMI and waist circumference models, we identified moderate-to-

large (d range = .67 to 1.20) increases in clustered cardiovascular risk scores between the 

overweight/obese trajectory group and the ‘low’ and ‘moderate’ groups (p < .001). Similarly, the 

low aerobic fitness trajectory group had greater clustered cardiovascular risk than children in the 

moderate fitness (p < .001; d = .40) or high fitness (p < .001; d = .78) trajectory groups. In the 

multi-trajectory analysis, children assigned to the overweight/obese/low fitness trajectory group 

had increased clustered cardiovascular risk scores compared to children following normal 



weight/moderate fitness (p < .001; d = .79) and normal weight/high fitness (p < .001; d = 1.04) 

trajectories. 

 

4 DISCUSSION 

The main findings of the study were the identification of i) discrete developmental trajectories of 

BMI, waist circumference, and aerobic fitness in a general cohort of children; and ii) in 

physically active children, the classification of subgroups defined by different courses of BMI, 

waist circumference, and aerobic fitness identified by a multi-trajectory model. These subgroups 

may represent distinct phenotypes resulting from different responses to guideline-concordant PA 

behaviour. The construct validity of the trajectory groups in both the general and physically 

active cohorts was supported by moderate-to-large between-group differences in a clustered 

cardiovascular risk factor score.  

 The univariate analyses identified three distinct trajectory subgroups increasing as a 

function of age across each outcome measure. Noteworthy here, however, are the distinct 

trajectories identified within the cohort, which may at least in part explain the previously 

identified individual-variability in longitudinal BMI trends in children [40, 41]. The increase in 

BMI approximated 0.2-0.4 kg/m2 per annum for the low- to high-trajectory groups, which 

accords with the expected median (~0.4kg/m2) BMI-for-age trajectory estimated from a Danish 

cohort [42].  

 Corresponding with the univariate analyses, the multi-trajectory model identified three 

distinct trajectory subgroups within the cohort of physically active children. Using the 60-min of 

daily MVPA criteria, we identified 522 guideline-concordant children. Within this cohort, 

approximately half (48.4%) of the children followed a ‘normal weight/high fitness’ trajectory, 



indicated by lower increments in BMI and WC and higher increments in aerobic fitness with 

increasing age. Conversely, nearly one in 10 (9.1%) physically active children were identified as 

members of the ‘overweight/obese/low fitness’ subgroup indicated by higher increments in BMI 

and waist circumference, as well as lower increments in aerobic fitness over time. This 

observation is concerning as it suggests that a relatively large proportion of children who adhere 

to guideline recommendations for health-related physical activity continue to experience 

overweight/obesity and relatively low aerobic fitness.  

It has long been acknowledged that the PA response is dependent on the parameters of 

training including exercise duration, mode, intensity and frequency [12, 16]. Children identified 

as potential ‘low-responders’ likely require additional PA ‘dosages’ or alternate variations in 

training-parameters to achieve health benefits from PA participation. It is important to note 

however, that the outcomes in this study (BMI, waist circumference, aerobic fitness) are 

influenced by several additional factors such as energy intake [43-45], genetics [46-50], and 

environmental stressors [51, 52]. Consequently, the PA responses identified in this study were 

likely affected by these factors. Reflecting on this reality, future health guideline 

recommendations for young people should consider a comprehensive perspective and include 

multifaceted health recommendations of key health behaviours such as physical activity, 

sedentary behaviour, and nutrition. Efforts to construct more comprehensive physical activity 

guidelines with recommendations for activity intensity, mode, and frequency [53], as well as 

other health behaviours [54] are now appearing and should be encouraged moving forward. 

This study had a number of strengths including the large sample size, modeling of 

univariate and multivariate trajectories, objective measures of physical activity behaviour, and 

the ability to validate the model result against cardiovascular disease risk factors. While prior 



studies of exercise response have focused on changes in solitary outcomes from exercise training 

in adults, the current study estimated multiple concurrent outcomes associated with habitual 

health-related physical activity in children using a novel multi-trajectory approach.  

Despite these strengths, there were also a number of study limitations.  We were unable 

to account for all factors with potential to influence the study outcomes. In particular, the lack of 

energy intake information is a potential source of residual confounding in the analysis. The 

measurement of energy intake in epidemiological studies is challenging [55], especially in 

children [56]. Energy intake information would likely provide a more balanced perspective on 

developmental trajectories of BMI, waist circumference, and aerobic fitness and better explain 

the variability in PA response. Despite the relatively large sample size, we were unable to 

examine for sex-based difference. This may be particularly relevant with the older children in the 

cohort (~9-11y.o) where sex-differences in both anthropometry [42] and PA participation [35] 

are more likely to emerge.  

Inherent limitations of hip-mounted accelerometry include the inability to quantify some 

movements such as cycling and swimming. It is, therefore, possible that we underestimated the 

number of children meeting PA guideline recommendations and our classification of physically 

active children may have been overly conservative. The episodic measurement of PA often 

requires the assumption that outcomes represent typical behaviour, which can be difficult to 

establish. However, objective measures of PA are preferred over self-reported approaches, and 

we followed best practices for accelerometry and applied established cut-points to distinguish 

between different PA intensities. Moreover, our ‘physically active’ classification required 

children to achieve at least 60 min of MVPA during two measurement periods 10 months apart, 

thus increasing confidence in the validity of the judgements. 



 In conclusion, the findings of this study revealed distinct developmental trajectories in 

BMI, waist circumference, and aerobic fitness in children. Among children meeting health-

related PA guideline recommendations, nearly one in 10 children followed an 

‘overweight/obese/low fitness’ trajectory; this may indicate that the responsiveness to guideline-

recommended PA is low in some children. We observed moderate-to-large differences in a 

clustered cardiovascular risk score between all trajectory groups. These findings demonstrate that 

individual responses to PA may be established at a young age and as such, can pose a challenge 

for health practitioners involved in educating children and parents. Importantly, these results also 

suggest that current health-related PA recommendations may be insufficient for some children. 

Future studies should seek to identify modifiable factors associated with low PA response and 

examine the effects of alternatives to traditional PA guideline recommendations, including 

different PA interventions and the role of dietary regimes. 
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Figure  Legends 
 
Figure 1. Developmental univariate trajectories of a) body mass index, b) waist circumference, 
and c) aerobic fitness for all children from age 6 to 12.5 years with prevalence estimates. Point 
estimates are average scores, shaded regions indicate 95% confidence intervals. Dashed lines 
show cut-points for overweight classification. 
 
Figure 2. Developmental multivariate trajectories of body mass index, waist circumference, and 
aerobic fitness for physical activity guideline concordant children from age 6 to 12.5 years 
showing three multi-trajectory classes with prevalence estimates. Point estimates are average 
scores, shaded regions indicate 95% confidence intervals. Dashed lines show cut-points for 
overweight  
 


