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Abstract

Data on the use of time in different exposures, behaviors, and work tasks are common in occupa-
tional research. Such data are most often expressed in hours, minutes, or percentage of work time. 
Thus, they are constrained or ‘compositional’, in that they add up to a finite sum (e.g. 8 h of work 
or 100% work time). Due to their properties, compositional data need to be processed and analyzed 
using specifically adapted methods. Compositional data analysis (CoDA) has become a particularly 
established framework to handle such data in various scientific fields such as nutritional epidemi-
ology, geology, and chemistry, but has only recently gained attention in public and occupational 
health sciences. In this paper, we introduce the reader to CoDA by explaining why CoDA should be 
used when dealing with compositional time-use data, showing how to perform CoDA, including a 
worked example, and pointing at some remaining challenges in CoDA. The paper concludes by em-
phasizing that CoDA in occupational research is still in its infancy, and stresses the need for further 
development and experience in the use of CoDA for time-based occupational exposures. We hope 
that the paper will encourage researchers to adopt and apply CoDA in studies of work exposures and 
health.
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Time use in occupational research

Occupational research and practice has a long-standing 
interest in the use of time (Bauman et  al., 2019). 
Examples of exposures include time spent in different 
work tasks (Mathiassen et al., 2005; Svendsen et al., 
2005; Lewné et al., 2017; Notø et al., 2017; Pulido 
et al., 2017), in hazardous environments (Fruin et al., 
2004; Stewart et al., 2010), on different physical activ-
ities (Thorp et al., 2012; Rasmussen et al., 2018; Gupta 
et al., 2019), and in specific postures (Mathiassen et al., 
2014; Wahlström et al., 2016; Palm et al., 2018).

Such time-based occupational exposures are often ex-
pressed in terms of minutes (e.g. per day), hours (e.g. per 
week), or percentages (e.g. of total working time). Thus, 
they are compositional: they form parts of a finite total 
such as a whole day, a whole week, or 100% working 
time. Therefore, any exposure part, such as time spent in 
a particular work task, will necessarily range between 0 
and 100%, and correlate with time spent in other expos-
ures that are also parts of the total 100%.

Already in 1896, Pearson issued a warning of using 
standard statistical techniques when handling data 
adding up to a whole (Pearson, 1896). Since then, dif-
ferent approaches have been suggested on how to 
manage compositional data. Examples include multi-
variate pattern analysis (Aadland et al., 2019), fractional 
multinomial models (Murteira and Ramalho, 2016), 
isotemporal substitution models (Mekary et al., 2009), 
modified hierarchical regression (Jansen et al., 2001), 
and compositional data analysis (CoDA) (Aitchison, 
1982). The present paper focuses on the latter, i.e. 
CoDA, which has received particular attention lately.

The landmark statistical basis of CoDA was devel-
oped in the early 1980s (Aitchison, 1982). Since then, 
CoDA has become an established framework of how 
to handle compositional data in, e.g. nutritional epi-
demiology (Leite, 2016), geology (Tolosana-Delgado 
and von Eynatten, 2009), and chemistry (Buccianti and 
Pawlowsky-Glahn, 2005). However, in public and oc-
cupational health sciences, CoDA has gained attention 
only recently (Pedišić, 2014; Chastin et al., 2015; Pedisic 
et al., 2017; Dumuid et al., 2018b; Foley et al., 2018; 
Bauman et al., 2019), with few papers devoted to ex-
posures at work (Gupta et al., 2018a, 2019; Rasmussen 
et al., 2018; Hallman et al., 2019; Coenen et al., 2020).

In this paper, we institute CoDA by, (i) explaining 
why time-based data need to be analyzed using CoDA, 
(ii) showing how data are processed and analyzed 
within a CoDA framework, and (iii) pointing at some 
remaining methodological challenges in CoDA, empha-
sizing the need for continued development. In giving 

this introduction to CoDA, we hope that readers will be 
inspired to adopt and apply CoDA when dealing with 
time-based occupational exposures.

The whys of CoDA

As emphasized above, data on time spent in various ex-
posures, behaviors, or tasks during work are often com-
positional. Thus, Fig. 1A illustrates a cleaner spending 
72, 9, 6, and 13% of the working hours on two different 
cleaning tasks, other work tasks, and breaks, respect-
ively. These compositional ‘parts’ add up to 100% work 
time. Similarly, Fig. 1B and C illustrates the distributions 
of 100% working time in different postures for a con-
struction worker (Fig. 1B) and in different physical be-
haviors for an office worker (Fig. 1C).

Because the composition is a finite total, changing the 
time spent in one part will inevitably lead to a change 
in time for at least one of the remaining parts. For ex-
ample, for the office worker in Fig. 1C, reducing time 
in long sitting bouts will increase time spent in at least 
one of the remaining behaviors, i.e. short sitting bouts, 
standing, or moving. Notably, parts in the composition 
will still be dependent even if one or more are left out. 
Thus, even if only time in long sitting bouts (cf. Fig. 1C) 
is considered of interest in a particular study, it needs 
to be treated as part of a full composition including the 
other behaviors. The inevitable presence of those other 
behaviors also contribute in determining the possible ef-
fects of long sitting bouts.

Previous occupational research dealing with com-
positional data has predominantly made the error of 
assuming that one part of a composition influences 
health independent of other parts in that composition. 
This may result in misleading inferences (e.g. Chastin 
et al., 2015; Gupta et al., 2018b; Dumuid et al., 2019). 
As an example, times spent in sedentary behavior and 
physical activity are very often treated as separate vari-
ables in epidemiology, even though they are compli-
mentary parts of a composition (Dumuid et al., 2018b). 
Negative health effects claimed to result from extensive 
sitting may, therefore, actually be due to the complimen-
tary behavior, i.e. too little non-sitting (van der Ploeg 
and Hillsdon, 2017; Stamatakis et al., 2019). Analyzing 
compositional data using standard methods may even 
in some cases lead to absurd results, such as confidence 
intervals (CIs) including values less than 0% or more 
than 100% time (Coenen et al., 2020).

Similarly, in occupational practice, compositional 
data are often understood using a standard approach 
focusing on a single risk factor within the composition 
of multiple factors. For example, a recent guideline for 
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nurses focused on reducing time spent standing without 
considering which other compositional parts (e.g. walking 
or sitting) should then be increased (Waters and Dick, 
2015). This approach of addressing only isolated parts 
of a composition in research and practice needs to be re-
visited, and CoDA offers a suitable tool for that purpose.

The ‘hows’ of CoDA

Since the first comprehensive proposal of how to deal 
with compositional data in 1982, several extensive and 
excellent textbooks have presented CoDA procedures 
(e.g. Pawlowsky-Glahn et al., 2015). Also, a number of 
recent papers have, in detail, reviewed and described 
basic issues in CoDA implementation (Chastin et al., 
2015; Dumuid et al., 2018b, 2019, 2020).

CoDA generally comprises a series of steps:

	1.	 Log-ratio transformation of compositional parts. 
The point of departure of CoDA is the notion that 
the information contained in a part of a composition 

can only be correctly understood if it is expressed 
relative to information about other part(s). Thus, in 
a first step of processing data, ratios are formed be-
tween compositional parts. Ratios of non-negative 
numbers can, however, only take non-negative values, 
and are still constrained. Therefore, in a second step, 
the ratios are log-transformed in order to arrive at 
numbers that can vary freely on the entire scale from 
minus to plus infinity. This two-step log-ratio trans-
formation moves, in mathematical terms, data from 
a so-called Simplex to the Euclidian space, where 
standard data operate, and standard statistics can be 
used (Aitchison, 1986).

Different principles for constructing ratios and per-
forming the log-transformation have been described 
in the literature (Pawlowsky-Glahn et  al., 2015). In 
current research, the most widely used is the iso-
metric log-ratio (ilr) transformation (Carson et  al., 
2016; Biddle et  al., 2018; Dumuid et  al., 2018a,b; 
Foley et al., 2018; Hallman et al., 2019; Coenen et al., 

Figure 1.  Examples of compositions of time at work spent: (A) on different tasks for a cleaner; (B) in different categories of arm 
elevation for a construction worker, and (C) in sitting (in periods of <30 and ≥30 min), standing and moving for an office worker.
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2020). Using the ilr transformation on a composition 
with d parts results in d − 1 orthonormal ilr coordinates. 
This partition can be done in several ways if the compo-
sition consists of more than two parts. Which partition 
to use will depend on the research question. Appendix 
A, available at Annals of Work Exposures and Health 
online, exemplifies two possible sets of ilrs pertaining 
to the four-part composition illustrated in Fig. 1C, in-
cluding the associated log-transformation formulas.

	2.	 Further analysis using standard statistical methods. 
After transformation of the composition into a set 
of log-ratios, standard statistical methods can be ap-
plied. Obviously, this must always be preceded by a 
control of assumptions associated with the intended 
statistical analyses.

	3.	 Interpretation of results. Since the statistical analyses 
are performed on log-transformed data, some results, 
e.g. regression coefficients, are also expressed on a log-
scale, making straightforward interpretation of some 
statistical parameters difficult. Procedures have been 
proposed, easing the interpretation of results of regres-
sion analyses of exposure–outcome associations with 
compositions as the independent variable(s) (Chastin 
et  al., 2015; Dumuid et  al., 2018a, 2019; Gupta 
et  al., 2019); regression analyses with compositions 
as the dependent variable(s) (Rasmussen et al., 2018; 
Hallman et  al., 2019); and ANOVA or MANOVA 
addressing differences in compositions between 
groups (Foley et al., 2018; Gupta et al., 2018b).

Example of a CoDA application: is 
time sitting at work associated with 
low-back pain?

In an accelerometer-based study of 209 blue-collar 
workers (Gupta et al., 2015), workers spent, on average, 
478 min at work, distributed between sitting (175 min), 
standing (205 min), and walking (98 min). The workers 
reported an average low-back pain (LBP) intensity during 
the past month of 2.9 (SD 2.6) on a scale from 0 to 9.

The three-part composition was transformed into a 
set of two ilrs, i.e. ilr1: the log-transformed ratio of sit-
ting to the geometric mean of standing and walking; ilr2: 
the log-transformed ratio of standing to walking.

We examined the association between the compos-
itions, expressed in terms of the two ilrs, and LBP intensity 
using multiple linear regression, adjusted for confounders.

The regression coefficient for ilr1 indicated that more 
sitting time relative to time spent in standing and walking 
is associated with higher LBP intensity (B = 0.73; 95% 

CI 0.25, 1.20; P = 0.003). Since the effect size estimate 
B (and its associated CI) is measured on a logarithmic 
scale, it needs to be ‘back-transformed’ to the original 
scale (i.e. minutes) for ease of interpretation. For this 
purpose, we used the ‘compositional isotemporal sub-
stitution’ method (Dumuid et al., 2019). This method 
interprets regression parameters in terms of the ex-
pected difference in LBP intensity (outcome) if time is 
reallocated to/from sitting from/to standing and walking 
(Dumuid et al., 2019). The isotemporal substitution pro-
cedure is detailed in Appendix B, available at Annals of 
Work Exposures and Health online.

We examined reallocations in the range of −60 to + 
60 min of sitting, which was within limits occurring in 
the source data. Results are illustrated in Fig. 2. For in-
stance, a reallocation of 30 min from sitting to standing 
and walking is estimated to be associated with a 0.17 
(95% CI −0.28, −0.06) lower LBP intensity.

Isotemporal substitutions offer one way to interpret 
regression estimates based on CoDA. However, they 
suffer from not being able to answer the obvious ques-
tion of ‘what is the expected outcome associated with 
a specified composition?’ Thus, we suggest developing 

Figure 2.  Isotemporal substitution illustrating the direction 
and strength of the association between time in sitting, rela-
tive to standing and walking, and LBP intensity. Zeroes on the 
x and y axes correspond to the average composition (175 min 
sitting, 205 min standing, 98 min walking), and the mean pain 
intensity (2.9) in the source population, respectively. Numbers 
on the x-axis show reallocations of time to/from sitting from/
to standing and walking (see running text for details). For ex-
ample, reallocating 60 min from sitting to standing and walking 
(41 min to standing and 19 min to walking) is estimated to be 
associated with a LBP 0.36 [95% CI (−0.59, −0.12)] lower than 
the group average.

Annals of Work Exposures and Health, 2020, Vol. 64, No. 8� 781

http://academic.oup.com/annweh/article-lookup/doi/10.1093/annweh/wxaa056#supplementary-data
http://academic.oup.com/annweh/article-lookup/doi/10.1093/annweh/wxaa056#supplementary-data
http://academic.oup.com/annweh/article-lookup/doi/10.1093/annweh/wxaa056#supplementary-data


alternative graphical illustrations to answer this ques-
tion. Fig. 3 shows an example suiting a three-part 
composition as that in the example study. The figure 
illustrates the estimated LBP associated with a specific 
composition within the range represented in the source 
population. For example, a composition of 24% sitting, 
52% standing, and 24% walking is estimated to be as-
sociated with a LBP intensity of 2.6 while a composition 
of 49% sitting, 34% standing, and 17% walking corres-
ponds to an estimated intensity of 3.2. While this ternary 
plot alternative to isotemporal substitution works well 
for three-part compositions, it remains a challenge to 
visualize regression models developed for compositions 
with four or more parts.

Results and interpretations based on a standard 
analysis approach
We also analyzed the same dataset using a standard 
(non-compositional) multiple linear regression. We ob-
served—as expected—that it was not possible to include 
all three behaviors in the regression model at the same 
time, since their perfect collinearity resulted in a singular 
covariance matrix. Therefore, two different models were 

constructed, one including sitting and standing (but not 
walking); the other including sitting and walking (but 
not standing).

The estimated association of sitting time with LBP 
intensity differed considerably between the two models. 
The model including only sitting and standing resulted 
in a regression coefficient B for sitting of 0.46 (95% CI 
−0.06, 0.98; P = 0.08), while the effect of sitting was less 
pronounced, yet more certain, according to the other 
model including sitting and walking: B = 0.32 (95% 
CI 0.01, 0.63; P = 0.04). This illustrates an annoying—
and misleading—result of analyzing compositional data 
using standard procedures, i.e. that the association be-
tween a particular behavior and LBP may differ de-
pending on which other behavior is omitted from the 
statistical model.

The future of CoDA in occupational studies

CoDA is a suitable tool when dealing with data ex-
pressing tasks, exposures, and behaviors in terms of time 
use. Associations between time use and health outcomes, 
or differences in time use between occupational groups 
or working conditions need to be examined with con-
sideration to the constrained and correlated nature of 
compositional data. CoDA takes into account the com-
plete combination of exposures or behaviors, e.g. when 
determining effects on health, as opposed to the standard 
approach of addressing one exposure, behavior or risk 
factor at a time. Thus, CoDA shifts the focus of research 
and practice from the influence of a single exposure to 
understanding and intervening on exposures occurring 
together, as parts of the total time spent at work.

We wish to emphasize, however, that occupational 
risk prevention strategies also need to consider expos-
ures and behaviors during non-work time. As an ex-
ample, the effect of high occupational physical activity 
on workers’ health has been shown to depend on the ex-
tent of leisure time physical activity (Holtermann et al., 
2012; Hallman et al., 2017). This extension of an oc-
cupational health perspective to include non-work ex-
posures that are otherwise most often covered by public 
health studies is a prerequisite for understanding the 
contributions of work to health, well-being, and social 
equality, in a 24/7 approach (Holtermann et al., 2019, 
2020). CoDA offers an attractive opportunity for such 
analyses in allowing information from non-work time to 
be included in an occupational research context, as part 
of a full-day composition (Gupta et al., 2019).

In the present paper, we exemplify the use of CoDA 
in cases where exposure is compositional, such as in re-
gression analysis of effects of physical behaviors on a 

Figure 3.  A ternary plot illustrating the estimated LBP inten-
sity at different compositions of sitting, standing, and walking, 
according to a CoDA regression analysis among 209 blue-collar 
workers. The gray-blue contour plot indicates the occurrence of 
compositions in the source population, with the density of the 
gray-blue color representing the number of workers; lighter 
blue color, higher density. For example, many workers had 
compositions of about 20% sitting, 55% standing, and 25% 
walking (upper right ‘mountain’), and many had about 60% 
sitting, 30% standing, and 10% walking (lower left mountain). 
The circles illustrate the estimated pain intensity for selected 
compositions, sizes coded as shown in the legend. The white 
dot shows the average composition and pain intensity in the 
source population.
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health outcome such as LBP. We emphasize that CoDA is 
equally justified if the outcome is compositional; or both 
the exposure and the outcome, such as illustrated in a re-
cent study on associations between physical behaviors at 
work and during leisure (Rasmussen et al., 2018).

CoDA procedures and applications have developed 
considerably since it first appeared in 1982 (Aitchison, 
1982), but implementation of CoDA is still in its in-
fancy in the area of work exposures and health. Thus, 
research is needed to obtain more experience in the pros 
and cons of CoDA, including addressing a number of 
issues that still need to be resolved. One important issue 
is how to deal with zeroes in compositional parts since 
CoDA builds on log-transformed ratios not allowing 
such zeroes. Rounded zeroes resulting from very little 
time being trimmed to a zero, or from the data sampling 
strategy not detecting a particular exposure that does, in 
fact, occur at times, can be handled (Martín-Fernández 
et al., 2011, 2012). Essential, ‘true’ zeroes, however, are 
still a major challenge in CoDA (Martín-Fernández et 
al., 2011). Another challenge in CoDA is how to illus-
trate and interpret CoDA-based results in terms of useful 
metrics and informative diagrams. We suggested one 
way of visualizing regression results (cf. Fig. 3), and we 
encourage further developments addressing this issue. 
CoDA addresses summary metrics of time use, such as 
percentages of a time total, but not the real-time se-
quence of exposure, such as whether periods of walking 
are followed by standing or by sitting. Some papers have 
suggested approaches for handling real-time properties 
of time-use data (e.g. Paraschiv-Ionescu et al., 2013; 
Chinapaw et al., 2019), and integrating CoDA with such 
methods would be of high interest.

Conclusion

In this paper, we have presented reasons why tasks, ex-
posures, and behaviors expressed in terms of time need 
to be processed and analyzed using methods that ac-
knowledge their compositional properties. We have 
argued that CoDA answers this need, and we have ex-
plained how to use CoDA, hoping that the present paper 
will inspire readers to adopt and apply CoDA. While 
CoDA may appear unfamiliar and difficult at present, we 
believe that it will eventually be adopted as a standard 
approach in studies of work exposures and health.
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and Health online.
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