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Abstract 26 

It is discussed whether associations between accelerometer-derived physical activity intensities and 27 

outcomes should be analyzed as absolute or relative data. The aim of the present study was to 28 

compare interpretation of association patterns of spectrum physical activity descriptions with 29 

outcome using raw, normalized, log-transformed, or compositional data. We used two datasets 30 

including 1) 841 schoolchildren and a cardiometabolic health outcome and 2) 1081 preschool 31 

children and a locomotor skill outcome. Accelerometry (ActiGraph GT3X+) data were described using 32 

multiple variables across the intensity spectrum. We varied the binning of variables to examine 33 

sensitivity of the compositional analyses to changes in the distribution center. We used multivariate 34 

pattern analysis for all analyses and interpretations of data. Analyses of absolute (i.e., non-35 

compositional) data showed weak associations for lower intensities and strongest associations with 36 

cardiometabolic health and locomotor skills for vigorous intensities. The same association patterns 37 

were partly observed for the compositional data, but association patterns were in some cases 38 

conflicting. The binning of variables had a major influence on associations for compositional data, but 39 

not for absolute data, meaning that conclusions depend on the operationalization of compositional 40 

data. These differences challenge and confuse interpretation of association patterns derived from 41 

the different approaches. 42 

Keywords Multivariate pattern analysis; Compositional data analysis; Multicollinearity; Singularity, 43 
Log-transform, Log-ratio; Children; Accelerometer 44 

  45 
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Background 46 

Accelerometers capture movement on an absolute scale, from which time spent in different 47 

intensities is commonly derived. If defining a measurement period as finite, for example the wear 48 

period or the 24 hours of a day, movement behaviors can be considered compositional. According to 49 

this view, each behavior only contains information relative to the whole composition [1, 2]. Thus, 50 

within a fixed period, varying time spent in different activities will substitute each other and be 51 

reallocated, for example along the physical activity (PA) intensity spectrum. This feature of “closure” 52 

has recently stimulated discussion about the best way to handle and analyze accelerometer-derived 53 

PA data described by multiple correlated variables [3]. Both isotemporal substitution models [4] and 54 

compositional analysis [1, 2] have been suggested as possible approaches to handle this closure or 55 

constant-sum constraint (see Aadland et al [3] for a brief review of the methods). However, both 56 

approaches commonly rely on linear least squares regression analysis as their statistical 57 

underpinning. Thus, although these approaches theoretically treat PA data as compositional, and 58 

thus solve the closure problem with respect to reallocation of time across variables, linear regression 59 

cannot handle the much greater challenge of strong multicollinearity resulting from activity patterns 60 

inducing correlation patterns among PA variables. This multicollinearity makes linear regression 61 

analysis inappropriate for analysis of such data [5, 3], already with few explanatory variables.  62 

The deficiency of linear regression is further exaggerated by the use of more detailed PA descriptions 63 

as compared to traditional blunt descriptions typically using 3–4 variables [3], for example sedentary 64 

time (SED), light PA (LPA), moderate-to-vigorous PA (MVPA), and/or sleep. In line with recent 65 

suggestions for an improved use of accelerometer data [6-8], Aadland et al recently showed that the 66 

inclusion of the entire intensity spectrum and using an improved resolution of the PA description 67 

greatly increased information derived from accelerometry, and thus knowledge about associations 68 

between PA and cardiometabolic health, in children [9, 10]. These findings show the unexploited 69 

potential of accelerometry when moving from summary measures to more detailed descriptions of 70 
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PA. Yet, such data requires statistical methods that are able to handle this type of highly correlated 71 

data. Therefore, Aadland et al introduced multivariate pattern analysis to analyze associations 72 

between the multicollinear explanatory PA variables and the cardiometabolic health outcomes [9, 73 

10]. Multivariate pattern analysis is widely applied in other fields of research with the objective of 74 

revealing patterns of important biomarkers among hundreds or thousands of highly interrelated 75 

variables [11-13], and can handle completely collinear explanatory variables using latent variable 76 

modelling [14, 15]. Since multivariate pattern analysis can handle multicollinear data, Aadland et al 77 

[3] were able to circumvent the limitations of linear regression and directly compare association 78 

patterns between raw (min/day) and compositional PA data with cardiometabolic health. Both a 79 

traditional description reducing the PA profiles to four variables (SED, LPA, moderate PA (MPA), and 80 

vigorous PA (VPA)) and a spectrum description of 23 variables were used. With both descriptions we 81 

found apparently differing association patterns with cardiometabolic health using raw or 82 

compositional data. We also found that models using compositional data lead to higher explained 83 

variances than models using raw data, which could be attributed to reduction of noise due to log-84 

transformation [16]. However, it was not examined whether the improved model fit resulted from 85 

the log-transformation or from the centering of data. Thus, it should be examined whether the 86 

improved model fit is a favorable feature of compositional data compared to raw and/or log-87 

transformed data.  88 

We did not provide a comprehensive elaboration on interpretation of the findings from raw or 89 

compositional data in the previous paper [3], which is crucial to fully understand the results and thus 90 

inform PA guidelines and provide direction for future research. Thus, a broader exploration and 91 

discussion of the interpretation of the absolute (raw, normalized, and log-transformed data) and 92 

relative (compositional data) nature of these association patterns are needed. The aim of this paper 93 

is therefore to extend our previous analysis [3] on comparison of results and interpretation of 94 

associations using raw, normalized, log-transformed, and compositional PA data. For improved 95 
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generalization, we will analyze two large datasets (in preschool- and schoolchildren) and two 96 

different outcomes (cardiometabolic health and locomotor skills) in this work.   97 

 98 

Methods 99 

We have previously published the PA signature associated with cardiometabolic health in the Active 100 

Smarter Kids (ASK) study [9, 10, 3] and the PA signature associated with locomotor skills in The Sogn 101 

og Fjordane Preschool Physical Activity Study (PRESPAS) [17]. The aim of the present study is limited 102 

to compare association patterns using raw and compositional data within these datasets. We refer 103 

readers to previously published descriptions of sampling and children’s characteristics, study 104 

protocols, instruments, and procedures of the ASK study [9, 10, 3, 18] and the PRESPAS study [19, 17] 105 

for detailed study information. Thus, we provide below only a brief overview of the most relevant 106 

information to provide sufficient context to support the study aim of comparing association patterns 107 

between models relying on different treatment of the explanatory data matrix.  108 

 109 

Participants 110 

The ASK study was conducted in western Norway during 2014–2015 and included 841 10-year old 111 

schoolchildren providing relevant explanatory (PA) and outcome (cardiometabolic health) data [9, 10, 112 

3, 18]. The PRESPAS study was conducted in western Norway during 2015–2016 and included 1081 3-113 

6-year old preschool children providing relevant explanatory (PA) and outcome (locomotor skills) 114 

data [19]. Procedures and methods in both studies conform to ethical guidelines defined by the 115 

World Medical Association’s Declaration of Helsinki and its subsequent revisions. . The Norwegian 116 

South-East Regional Committee for Medical Research Ethics and the Norwegian Centre for Research 117 

Data approved the study protocols. We obtained written informed consent from each child’s parents 118 

or legal guardians and from the responsible preschool and school authorities prior to all testing.  119 
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 120 

Procedures 121 

Physical activity 122 

PA was measured using the ActiGraph GT3X+ accelerometer (Pensacola, FL, USA) [20] worn at the 123 

waist over seven (ASK) and 14 (PRESPAS) consecutive days, except during water activities (swimming, 124 

showering) or while sleeping. Units were initialized at a sampling rate of 30 Hz and files were 125 

analyzed restricted to hours 06:00 to 23:59 using 1-second epochs to capture low and high intensity 126 

PA [21] using the KineSoft analytical software version 3.3.80 (KineSoft, Loughborough, UK). We 127 

applied wear time requirements of ≥ 8 hours/day and ≥ 4 days/week to constitute a valid 128 

measurement [22, 23]. 129 

As described previously, we applied “spectrum descriptions” of PA to obtain a better and more 130 

nuanced picture of associations between PA and the outcomes compared to traditional blunt 131 

descriptions of data. We have previously used descriptions of 23 variables (from 0–99, 100–249, 132 

500–999, 1000–1499, … 9500–9999, to ≥ 10000 cpm) in the ASK dataset [3] and 33 variables (from 0–133 

99, 100–249, 500–999, 1000–1499, … 14500–14999, to ≥ 15000 cpm) in the PRESPAS dataset [17], 134 

obtained from the vertical axis, to capture movement in narrow intensity intervals across the 135 

intensity spectrum. Thus, except for the two lowest bins and the highest bin, intervals of 500 cpm 136 

were used in the original studies. For simplicity, we created new bins with intervals of 1000 cpm for 137 

both datasets herein. Thus, the ASK data was described using 12 bins (from 0–99, 100–999, 1000–138 

1999, 2000–2999, … 9000–9999, to ≥ 10000 cpm) and the PRESPAS data was described using 17 bins 139 

(from 0–99, 100–999, 1000–1999, 2000–2999, … 14000–14999, to ≥ 15000 cpm). These descriptions 140 

performed similarly to previously published models using higher resolution (explained variances = 141 

17.02% for 500 cpm intervals and 15.69% for 1000 cpm intervals in the ASK dataset and 6.70% for 142 

500 cpm intervals and 6.84% for 1000 cpm intervals in the PRESPAS dataset). In addition, we used 143 

the original descriptions of 23 and 33 bins in the ASK and PRESPAS datasets, respectively, as a basis 144 



7 
 

for examining the sensitivity of the analyses to different resolution of the data across the intensity 145 

spectrum. Specifically, in each dataset, we constructed descriptions that were condensed to 1) three 146 

bins below 4000 cpm (0–99, 100–1999, and 2000–3999), where the original bins above 4000 cpm 147 

were retained, and 2) three bins above 4000 cpm (4000–5999, 6000–7999, and ≥ 8000 cpm in the 148 

ASK dataset; 4000–7999, 8000–11999, and ≥ 12000 cpm in the PRESPAS dataset), where the original 149 

bins below 4000 cpm were retained.  150 

We used the Evenson et al [24, 25] intensity cut points of 0–99, 100–2295, 2296–4011, and ≥ 4012 151 

cpm as a guidance for interpreting intensities across the spectrum as SED, LPA, MPA, and VPA post 152 

hoc. 153 

 154 

Outcomes 155 

The outcome in the ASK study was a cardiometabolic composite score [26] calculated as the mean of 156 

six variables (systolic blood pressure, triglycerides, total:high-density lipoprotein cholesterol, 157 

homeostasis model assessment of insulin resistance, waist:height ratio, and the inverse Andersen 158 

aerobic fitness test) using standardized scores after adjustment for sex and age using residuals from 159 

linear regression. A higher score indicates poorer cardiometabolic health.  160 

The outcome in the PRESPAS study was a sum score of three locomotor movement tasks (run, 161 

horizontal jump, hop) guided by the Test of Gross Motor Development 3 test battery [27, 28]. A 162 

higher score indicates better locomotor skills. Children were scored quantitatively based on whether 163 

they did or did not demonstrate specific criteria for each skill based on the original scoring 164 

procedures. The criteria scores were averaged for each task and the total locomotor score. The score 165 

was standardized after adjustment for sex, age, body mass index, preschool, and assessor of motor 166 

skills using residuals from linear regression prior to analysis. 167 

 168 
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Statistical analyses 169 

We analyzed PA profiles as raw data (i.e., min/day), normalized data (proportion of wear time), log-170 

transformed data, and as compositional data. Compositional transformation was performed using 171 

the centered log-ratio (clr) method as described by Hinkle and Rayens [29] and by constructing log-172 

ratios according to SED (i.e., 0–99 cpm, SED log-ratio (SEDlr)), LPA (i.e., 1000–1999 cpm, LPAlr), MPA 173 

(i.e., 3000–3999 cpm, MPAlr), and VPA (i.e., the variable strongest associated with the outcome using 174 

absolute data = 7000–7999 cpm in the ASK dataset and 5000–5999 cpm in the PRESPAS dataset, 175 

VPAlr). Because multivariate pattern analysis can handle any degree of multicollinearity, the use of 176 

the isometric log-ratio [30] was not necessary (the isometric log-ratio technically provides an open 177 

dataset and makes it possible to analyze data by linear regression in the absence of other sources of 178 

multicollinearity than closure, i.e., a correlation of -1 spread over the explanatory variables). 179 

Moreover, the isometric log-ratio transform does not allow for determination of the association 180 

pattern from one joint interpretable model (i.e., separate models has to be performed for each 181 

intensity bin). Centred log-ratios were made by 1) normalization of the PA intensity profile for each 182 

individual, that is, calculation of proportions where all explanatory variables sum to 1, prior to 2) 183 

making natural log-transformations of each variable, and 3) centering the explanatory variables for 184 

each object to the mean logarithm of all explanatory variables (clr) [31]. Construction of other log-185 

ratios (SEDlr, LPAlr, MPAlr, VPAlr) followed steps 1 and 2, but used the selected PA bins (SED, LPA, 186 

MPA, and VPA) as the denominator.  187 

Multivariate pattern analysis. Partial least squares (PLS) regression analysis [14] was used to 188 

determine the multivariate association patterns of raw and compositional PA data (explanatory 189 

variables) with cardiometabolic health (ASK dataset) and locomotor skills (PRESPAS dataset) 190 

(outcomes) (please see Aadland et al [3, 32] for a brief overview of this statistical approach as applied 191 

to PA accelerometry data). PLS regression decomposes the explanatory variables into orthogonal 192 

linear combinations (PLS components), while simultaneously maximizing the covariance with the 193 
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outcome variable. Thus, PLS regression is able to handle completely collinear variables through the 194 

use of latent variable modelling [14]. The procedure differs from that of factor analysis or principal 195 

component analysis by creating components that maximize the covariation with the outcome, not 196 

internally among the explanatory variables. Prior to PLS regression, all variables were centered and 197 

standardized to unit variance. Models were cross-validated using Monte Carlo resampling with 1000 198 

repetitions by repeatedly and randomly keeping 50% of the subjects as an external validation set 199 

when estimating the models to determine the number of PLS components [33]. Validation is an 200 

integrated part of the procedure to avoid overfitting due to inclusion of minor PLS components 201 

representing noise. For each validated PLS regression model, a single predictive component was 202 

subsequently calculated by means of target projection [15, 11] to express all the predictive variance 203 

in the PA intensity spectrum related to cardiometabolic health in a single intensity vector. Selectivity 204 

ratios (SRs) with 95% CIs were obtained as the ratio of this explained predictive variance to the total 205 

variance for each PA intensity variable [32, 34, 35]. Thus, the SRs provide the explained variance of 206 

each variable with the predicted outcome in the multivariate space, while retaining their direction of 207 

association. The procedure for obtaining the multivariate patterns is completely data-driven, with no 208 

assumptions on variable distributions or degree of collinearity among variables. These analyses were 209 

performed by means of the commercial software Sirius version 11.0 (Pattern Recognition Systems 210 

AS, Bergen, Norway).  211 

Geometric means were calculated for the mean logarithm of all explanatory variables to compare the 212 

center of different clr models. Pearson’s correlation was used to compare association patterns for 213 

raw, normalized, and log-transformed data.  214 

 215 

Results 216 

We included 841 schoolchildren (mean (SD) 10.2 (0.3) years old, 50% boys) and 1081 preschool 217 

children (4.7 (0.9) years old, 52% boys) who provided valid data on all relevant variables.  218 
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Figures 1 and 2 show the multivariate association patterns between PA and cardiometabolic health 219 

(ASK dataset) and between PA and locomotor skills (PRESPAS dataset), respectively, using raw 220 

(min/day), normalized (proportion of wear time), log-transformed, and compositional data. Within 221 

both datasets, explained variances were similar for raw and normalized data, but improved for log-222 

transformed and compositional data. Still, association patterns were similar for models using 223 

absolute (i.e., raw, normalized, and log-transformed) data (ASK: r ≥ 0.99; PRESPAS: r ≥ 0.93). In the 224 

ASK dataset, the strongest association with cardiometabolic health was found for 7000–7999 cpm 225 

when using absolute data. Consistent with this finding, the compositional data also showed 226 

reallocating time from lower intensities to 7000–7999 cpm was most favorable. In contrast, while 227 

5000–5999 cpm was strongest associated with locomotor skills in the PRESPAS dataset when using 228 

absolute data, compositional data showed reallocating time from lower intensities to 12000–12999 229 

cpm was most favorable. The centers (geometric means) of the compositional data were 0.0163 and 230 

0.0070 in the ASK and PRESPAS datasets (Supplemental Figure 1), respectively, having corresponding 231 

turning points for favorable/unfavorable reallocation of time around 4000–4999 and 7000–7999 cpm 232 

(Figures 1 and 2). 233 

To further explore the possible impact of including higher intensities and having a higher number of 234 

variables in the PRESPAS dataset (0–99 to ≥ 15000 cpm; 17 variables) than in the ASK dataset (0–99 235 

to ≥ 10000 cpm; 12 variables), we tested association patterns using datasets with different resolution 236 

of data across the intensity spectrum. In both the ASK dataset (Figure 3) and the PRESPAS dataset 237 

(Figure 4), varying the resolution had a clear impact on geometric means and association patterns 238 

using compositional data. In the ASK dataset, the turning points (for which time should be 239 

reallocated around) were 5500–5999 (geometric mean = 0.0060) and 3000–3499 cpm (geometric 240 

mean = 0.0249) when using datasets that were condensed below and above 4000 cpm, respectively. 241 

This difference was more pronounced in the PRESPAS dataset, for which corresponding turning 242 

points of 9500–9999 (geometric mean = 0.0023) and 2500–2999 cpm (geometric mean = 0.0270) 243 

were found.  244 
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In addition to using the data-driven centered log-ratio (which use the geometric mean composition 245 

as its reference for constructing log-ratios), we explored how the use of alternative log-ratios (SEDlr, 246 

LPAlr, MPAlr, and VPAlr) performed. In the ASK dataset (Figure 5), reallocating time from SED (0–99 247 

cpm) and LPA (2000–2999 cpm) to all other intensities were favorable, whereas the findings for MPA 248 

(3000–3999 cpm) were mixed (i.e., favorable to reallocate time from lower intensities to MPA and 249 

unfavorable to reallocate time from higher intensities to MPA). Reallocating time from VPA (i.e., the 250 

intensity strongest associated with cardiometabolic health using absolute data; 7000–7999 cpm) to 251 

all other intensities were unfavorable. In the PRESPAS dataset (Figure 6), the association patterns 252 

were rather similar to those found in the ASK dataset. However, when using VPAlr (i.e., the intensity 253 

strongest associated with locomotor skills using absolute data (5000–5999 cpm) as the denominator 254 

for constructing compositions), the results showed reallocating time from 5000–5999 cpm to higher 255 

intensities was favorable, and thus similar to findings for clr, but in conflict with the interpretation 256 

using absolute data. 257 

 258 

Discussion 259 

In the present study we used two large datasets including children of different age to explore 260 

association patterns between two different outcomes and spectrum descriptions of PA using raw, 261 

normalized, log-transformed, and compositional data. Our findings provide a good basis for 262 

elaboration on interpretation of different models, and show some similarities, but also highlight 263 

some challenges and dissimilar interpretations. Briefly, while all findings show that intensities in the 264 

vigorous range is strongest associated with the outcomes in both datasets, the relative nature of the 265 

compositional data leads to some counterintuitive findings and differences in interpretation caused 266 

by the operationalisation of PA data. These findings challenge and confuse interpretation of 267 

association patterns derived from the different approaches. Our findings therefore suggest future 268 
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studies using accelerometry-derived PA data apply multivariate pattern analysis with raw data, or 269 

possibly log-transformed data, to avoid confusion in developing the field of PA epidemiology. 270 

While associations for raw, normalized, and log-transformed data are absolute (i.e., associations are 271 

given as each variable’s importance for the predicted outcome in a multivariate space), associations 272 

for compositional data are relative (i.e., associations for all variables are relative to other variables). 273 

Thus, although the association patterns in Figures 1 and 2 appear different, the interpretation of the 274 

patterns are partly equivalent. For the ASK dataset (Figure 1), the use of absolute data shows 275 

vigorous intensities are strongly associated with cardiometabolic health, whereas associations for 276 

lower intensities are weak. For comparison, the compositional data shows that reallocating time 277 

from lower intensities to vigorous intensity is favourable. This interpretation can also be made from 278 

the absolute data; since spending more time in VPA is favourable, spending less time in VPA – and 279 

thus more time in lower intensities – is unfavourable. However, the results from the compositional 280 

data presents three major challenges for interpretation.  281 

First, since associations are relative, it is not possible to determine how each variable is associated 282 

with the outcome. This challenge also, to some extent, applies to interpretation of isotemporal 283 

substitution models. For example, if it is favourable to reallocate time from SED to VPA, it will by 284 

definition also be unfavourable to reallocate time from VPA to SED, but does that mean spending 285 

more time in VPA is favourable or more time in SED in unfavourable (or both)? The compositional 286 

data in Figure 1 clearly suggests spending time in SED, LPA, and MPA are as detrimental to 287 

cardiometabolic health as VPA is favourable, because the associations are mirrored around a turning 288 

point, that is, the centre of the distribution (the geometric mean composition). In essence, this 289 

approach reduces findings to the trivial interpretation that one should substitute all PA activities with 290 

an intensity below the centre point to activities with an intensity above this point, because it is not 291 

possible to determine the intensities’ absolute relation to the outcome. This point is also 292 

underpinned by constructing alternative log-ratios (Figures 5 and 6), of which nearly all provide the 293 
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hypothesized association patterns. For example, while the SEDlr shows reallocating time from SED to 294 

higher intensities is favourable, the VPAlr shows reallocating time from VPA to lower intensities is 295 

unfavourable. Still, similar to the clr, the VPAlr would easily be misinterpreted and taken as evidence 296 

of an unfavourable association between low intensities (up to 6999 cpm) and cardiometabolic health, 297 

though this association pattern is relative and trivial. 298 

Second, all findings using compositional data suggest it is more unfavourable to substitute time in 299 

higher intensities with time in LPA than in SED. This finding contradict current evidence indicating a 300 

possible favourable association between LPA and cardiometabolic health [6] but no association for 301 

SED and cardiometabolic health [36], and our raw data showing a weak unfavourable association for 302 

SED, but no association for LPA. We simply suggest this finding is a statistical artefact resulting from 303 

the great alteration of the correlation structure of the explanatory data matrix [3]. This enforced 304 

correlation structure might also result in the major shift in the intensities that are most favourably 305 

associated with locomotor skills in the PRESPAS dataset (Figure 2). While the strongest association is 306 

found for 5000–5999 cpm using absolute data, the analysis of compositional data suggest it is most 307 

favourable to spend time in 12000–12999 cpm. We suggest these differing findings result from the 308 

nature of the compositional transformation; since associations are relative, associations are not 309 

favourable or unfavourable, but rather more favourable or less favourable, which leads to a biphasic 310 

association pattern around the geometric mean composition. This turning point will inherently be in 311 

the middle of the distribution, which is where we (accidentally) find the strongest absolute 312 

association in the PRESPAS dataset. A similar pattern is seen for the VPAlr (Figure 6); since the 313 

variable showing the strongest association with locomotor skills was used for constructing the log-314 

ratio, we would expect reallocating time from this intensity to all others intensities would be 315 

unfavourable. In contrast, reallocating time to higher intensities seems favourable. These findings 316 

result from the enforced biphasic association pattern, driven by the nature of the log-ratio. 317 

Interestingly, the geometric mean composition essentially provide the same information as the 318 

intensity gradient, introduced by Rowlands et al [37], as both measures capture and condense the 319 
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distribution of time spent across the intensity spectrum to a single variable (r between intensity 320 

gradient and geometric mean = 0.96 in the ASK dataset and 0.97 in the PRESPAS dataset, results not 321 

reported). A higher geometric mean means more time is spent in higher intensities, which means the 322 

slope across the intensity spectrum is less steep. Thus, a higher geometric mean means the intensity 323 

distribution is moved upwards, resulting in lower intensities being negatively related to the mean 324 

and higher intensities being positively related to the mean using compositional data. This biphasic 325 

pattern, suggesting it is favourable to reallocate time from lower to higher intensities, is also seen 326 

when restricting the spectrum in PRESPAS to intensities above 5000 cpm (results not shown), for 327 

which weaker associations are seen for increasing intensities using absolute data (Figure 2). Thus, 328 

these approaches result in directly conflicting findings.       329 

Third, another challenge for interpretation of compositional data is the major influence on findings 330 

resulting from different operationalisation or binning of PA data. As shown in Figures 3 and 4, 331 

different binning – of the same data – result in largely different interpretations. We hypothesized the 332 

clr would be vulnerable to the operationalisation of data, because the number of variables and their 333 

compositions would affect the geometric mean and thus the centre of the distribution. While the 334 

influence was moderate in the ASK dataset (the centre was found for 3000–3499 cpm versus 5500–335 

5999 cpm for the datasets condensed above and below 4000 cpm, respectively), a major influence 336 

was found in the PRESPAS dataset (the centre was found for 2500–2999 cpm versus 9500–9999 cpm 337 

for the datasets condensed above and below 4000 cpm, respectively) for which a higher number of 338 

higher intensity variables was included. Thus, more or less arbitrary choices in variable selection or 339 

binning may lead to substantial differences in interpretation, which may confuse conclusions and 340 

hamper comparability between studies.  341 

An assumption underlying the possible need for a compositional transformation of data, which, to 342 

the best of our knowledge, has not been discussed previously, is how PA variables across the 343 

intensity spectrum are associated with the outcome. The general idea behind constructing a closed 344 
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dataset is that time needs to be reallocated among activities or intensities, that is, time cannot be 345 

added to some intensities without detracting from other intensities. However, most of the time over 346 

a day is spent sedentary or in low intensity, which is not important to health and developmental 347 

outcomes in children [9, 3, 17, 36]. Thus, there is arguably abundant time that that can be added to 348 

the higher intensities without influencing the association model. In the included datasets, 719 out of 349 

795 minutes/day (ASK) and 627 out of 702 minutes/day (PRESPAS) (89–90% of the time) is 350 

accumulated in SED and LPA [3, 17], for which associations with the outcomes are very weak. Thus, it 351 

does not matter if some minutes are taken from the lower intensities to increase time in higher 352 

intensities. This point challenges the foundational assumption of compositional analysis and support 353 

the use of absolute data for analysis. 354 

We have previously shown a great improvement of association models between PA and 355 

cardiometabolic health when using a more detailed PA description compared to traditional 356 

descriptions [9, 10]. This improved resolution and higher number of variables have several important 357 

implications for analysis. First, if using a blunt description of only two variables, for example SED and 358 

non-SED PA, given a constant sum of these variables (i.e., total wear time), they will be perfectly 359 

negatively correlated and thus singular (the imposed correlation of the explanatory data matrix is -1). 360 

In this situation, spending more time in one variable will lead to an equivalent reduction in time 361 

spent in the other, so time will be fully reallocated across these variables. In situations with few 362 

variables, this reallocation might be a concern. However, when analyzing an explanatory data matrix 363 

comprising a higher number of variables, reallocation of time will be spread over many variables and 364 

thus be less important when estimating associations [3, 32]. This feature makes the transformation 365 

to compositional data less relevant in this situation than for traditional descriptions of data (for 366 

example SED, LPA, and MVPA, or different types of movement). Also with few variables, though, 367 

whether raw or compositional, data will be correlated, which leaves linear regression less suited for 368 

analysis [3, 5]. Importantly, if using multivariate pattern analysis, the construction of compositions is 369 

not needed, since the model can handle singular data. Interestingly, though, log-transformation of 370 
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data (centered or not) lead to improved model fit in both datasets, as also demonstrated for 371 

compositional data using both a traditional and spectrum description previously [3]. This finding 372 

suggests log-transformation reduces noise in the accelerometer data. It is well-known that count 373 

data produces heteroscedastic noise, which means that noise increases with the number of counts 374 

[16]. This source of noise is largest for SED and LPA. At the other end of the intensity spectrum, the 375 

number of counts is much lower, but the distributions are typically positively skewed. Skewed data 376 

may lead to a problem for modelling since validation and optimization of model selection (i.e., the 377 

number of PLS components included) is based on repeated Monte-Carlo resampling. The procedure 378 

use half of the sample for modelling and half of the sample for prediction, randomly partitioned for 379 

each repetition. Skewed distributions at the higher end of the PA intensity spectrum means that 380 

several PLS components that are weakly associated with the predicted outcome are needed to 381 

accommodate this variation between participants. The use of log-transformed data makes the 382 

distributions for these higher PA intensities less skewed, and thus more stable to resampling, which 383 

ultimately leads to simpler and more robust descriptions of data. This effect was most evident in the 384 

PRESPAS dataset for which we used the most detailed description of the highest intensities (up to ≥ 385 

15000 cpm) (Figure 2). 386 

 387 

Strengths and limitations 388 

The main strength of the present study is the direct comparison of different analytic approaches to 389 

analyze associations between PA and two different outcomes in two large datasets. The use of these 390 

different datasets allowed for robust comparisons across the statistical approaches, and provided a 391 

nuanced picture of the findings beyond what would be possible with only one dataset. Importantly, 392 

we included two spectrum descriptions of PA, which, compared to traditional blunt descriptions, 393 

provide a better opportunity to reveal how the different handling of data affect the interpretation. 394 

Importantly, the same challenges as revealed herein apply to fewer variables, although less apparent. 395 
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Nevertheless, while a spectrum description may provide a substantially improved picture of 396 

association patterns than traditional description with fewer variables [9, 10], a simpler description 397 

might be needed for translation of findings into PA guidelines [32]. 398 

The cross-sectional designs limits our ability to draw conclusions about causality. It should also be 399 

kept in mind that use of other cohorts, for example spanning other age groups, and the use of other 400 

outcomes, could lead to other findings due to different correlation structures among the explanatory 401 

PA variables and/or different association patterns between PA intensities and outcomes. Further 402 

studies are therefore warranted to explore these analytic issues and extend our findings. Finally, we 403 

do not know the “true” association pattern between PA intensities and cardiometabolic health and 404 

motor skills. Thus, our conclusions of which approach provide the best results need to be interpreted 405 

with this issue in mind. 406 

 407 

Conclusion 408 

Interpretation of associations between accelerometer-derived PA spectra and cardiometabolic health 409 

and motor skills in two different samples of children differed when analyzing absolute (raw, 410 

normalized, and log-transformed) and relative (compositional) data. While we find interpretation of 411 

association patterns for absolute data meaningful, we find interpretation of association patterns for 412 

compositional data challenging and partly in conflict with results from absolute data. Moreover, our 413 

findings show that the relative nature of compositional data makes interpretation of association 414 

patterns susceptible to change according to how the explanatory data matrix is operationalized. 415 

Consistent with a previous study [3], we therefore recommend future studies using accelerometry-416 

derived PA data apply multivariate pattern analysis with raw data, or possibly log-transformed data, 417 

to avoid confusion in developing the field of PA epidemiology. Finally, we find the use of absolute 418 

data more meaningful for development and messaging of PA guidelines, as results can be interpreted 419 

directly according to the strength of association between the PA variables and the outcome, and 420 
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directly in minutes of PA spent in given intensities of activity, although this is complicated by the 421 

correlated data structure [32].   422 
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Figure Legends 555 

Figure 1. Association patterns between physical activity intensities and a composite 556 

cardiometabolic health score (ASK dataset) using raw data (min/day), normalized data 557 

(proportions of wear time), log-transformed data, and compositional data (clr). The models 558 

included 4, 4, 4, and 3 PLS components, respectively. Selectivity ratios are calculated as explained to 559 

total variance on the predictive (target projected) component, while retaining the direction of 560 

association for each variable 561 

Figure 2. Association patterns between physical activity intensities and locomotor skills (PRESPAS 562 

dataset) using raw data (min/day), normalized data (proportions of wear time), log-transformed 563 

data, and compositional data (clr). All models included 3 PLS components. Selectivity ratios are 564 

calculated as explained to total variance on the predictive (target projected) component, while 565 

retaining the direction of association for each variable. 566 

Figure 3. Association patterns between physical activity intensities and a composite 567 

cardiometabolic health score (ASK dataset) using two different descriptions of physical activity 568 

across the intensity spectrum. The data (originally described using 23 bins, from 0–99, 100–249, 569 

500–999, 1000–1499, … 9500–9999, to ≥ 10000 cpm, [3]) were condensed to three bins below 4000 570 

cpm (left panel) and three bins above 4000 cpm (right panel). Raw data (upper panel), compositional 571 

data (clr) (lower panel). Explained variances were 14.34% (3 components) for raw data and 18.37% (3 572 

components) for compositional data when the data was condensed below 4000 cpm, and 16.98% (5 573 

components) for raw data and 20.76% (5 components) for compositional data when the data was 574 

condensed above 4000 cpm. Selectivity ratios are calculated as explained to total variance on the 575 

predictive (target projected) component, while retaining the direction of association for each 576 

variable. 577 

 578 
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Figure 4. Association patterns between physical activity intensities and locomotor skills (PRESPAS 579 

dataset) using two different descriptions of physical activity across the intensity spectrum. The 580 

data (originally described using 33 bins, from 0–99, 100–249, 500–999, 1000–1499, … 14500–14999, 581 

to ≥ 15000 cpm, [17]) were condensed to three bins below 4000 cpm (left panel) and three bins 582 

above 4000 cpm (right panel). Raw data (upper panel), compositional data (clr) (lower panel). 583 

Explained variances were 5.67% (1 components) for raw data and 7.99% (3 components) for 584 

compositional data when the data was condensed below 4000 cpm, and 6.35% (2 components) for 585 

raw data and 7.96% (2 components) for compositional data when the data was condensed above 586 

4000 cpm. Selectivity ratios are calculated as explained to total variance on the predictive (target 587 

projected) component, while retaining the direction of association for each variable. 588 

 589 

Figure 5. Association patterns between physical activity intensities and a composite 590 

cardiometabolic health score (ASK dataset) using four different log-ratios of physical activity across 591 

the intensity spectrum. SEDlr: reference = 0–99 cpm, explained variance = 20.01% (5 components) 592 

(upper left panel); LPAlr: reference = 1000–1999 cpm, explained variance = 20.75% (4 components) 593 

(upper right panel); MPAlr: reference = 3000–3999 cpm, explained variance = 18.49% (2 594 

components) (lower left panel); VPAlr: reference = 7000–7999 cpm (i.e., the intensity strongest 595 

associated with cardiometabolic health using raw data), explained variance = 19.90% (5 components) 596 

(lower right panel). Selectivity ratios are calculated as explained to total variance on the predictive 597 

(target projected) component, while retaining the direction of association for each variable. 598 

 599 

Figure 6. Association patterns between physical activity intensities and locomotor skills (PRESPAS 600 

dataset) using four different log-ratios of physical activity across the intensity spectrum. SEDlr: 601 

reference = 0–99 cpm, explained variance = 7.94% (3 components) (upper left panel); LPAlr: 602 

reference = 1000–1999 cpm, explained variance = 7.60% (1 components) (upper right panel); MPAlr: 603 
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reference = 3000–3999 cpm, explained variance = 8.37% (2 components) (lower left panel); VPAlr: 604 

reference = 5000–5999 cpm (i.e., the intensity strongest associated with cardiometabolic health 605 

using raw data), explained variance = 8.09% (3 components) (lower right panel). Selectivity ratios are 606 

calculated as explained to total variance on the predictive (target projected) component, while 607 

retaining the direction of association for each variable. 608 

 609 

Supplemental Figure 1. Proportions of wear time spent in different PA intensities in the ASK 610 

dataset (left panel) and PRESPAS dataset (right panel). Horizontal lines shows the geometric mean 611 

composition. 612 
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