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Abstract 

Relationships between occupational physical exposures and risks of 

contracting musculoskeletal disorders are still not well understood; 

exposure-response relationships are scarce in the musculoskeletal 

epidemiology literature, and many epidemiological studies, including 

intervention studies, fail to reach conclusive results. Insufficient exposure 

assessment has been pointed out as a possible explanation for this 

deficiency. One important aspect of assessing exposure is the selected 

measurement strategy; this includes issues related to the necessary number 

of data required to give sufficient information, and to allocation of 

measurement efforts, both over time and between subjects in order to 

achieve precise and accurate exposure estimates. These issues have been 

discussed mainly in the occupational hygiene literature considering chemical 

exposures, while the corresponding literature on biomechanical exposure is 

sparse. The overall aim of the present thesis was to increase knowledge on 

the relationship between data collection design and the resulting precision 

and accuracy of biomechanical exposure assessments, represented in this 

thesis by upper arm postures during work, data which have been shown to be 

relevant to disorder risk. 

Four papers are included in the thesis. In papers I and II, non-parametric 

bootstrapping was used to investigate the statistical efficiency of different 

strategies for distributing upper arm elevation measurements between and 

within working days into different numbers of measurement periods of 

differing durations. Paper I compared the different measurement strategies 

with respect to the eventual precision of estimated mean exposure level. The 

results showed that it was more efficient to use a higher number of shorter 

measurement periods spread across a working day than to use a smaller 

number for longer uninterrupted measurement periods, in particular if the 

total sample covered only a small part of the working day. Paper II evaluated 

sampling strategies for the purpose of determining posture variance 

components with respect to the accuracy and precision of the eventual 

variance component estimators. The paper showed that variance component 

estimators may be both biased and imprecise when based on sampling from 

small parts of working days, and that errors were larger with continuous 

sampling periods. The results suggest that larger posture samples than are 

conventionally used in ergonomics research and practice may be needed to 

achieve trustworthy estimates of variance components.  

Papers III and IV focused on method development. Paper III examined 

procedures for estimating statistical power when testing for a group 

difference in postures assessed by observation. Power determination was 

based either on a traditional analytical power analysis or on parametric 
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bootstrapping, both of which accounted for methodological variance 

introduced by the observers to the exposure data. The study showed that 

repeated observations of the same video recordings may be an efficient way 

of increasing the power in an observation-based study, and that observations 

can be distributed between several observers without loss in power, provided 

that all observers contribute data to both of the compared groups, and that 

the statistical analysis model acknowledges observer variability. Paper IV 

discussed calibration of an inferior exposure assessment method against a 

superior “golden standard” method, with a particular emphasis on 

calibration of observed posture data against postures determined by 

inclinometry. The paper developed equations for bias correction of results 

obtained using the inferior instrument through calibration, as well as for 

determining the additional uncertainty of the eventual exposure value 

introduced through calibration. 

In conclusion, the results of the present thesis emphasize the importance 

of carefully selecting a measurement strategy on the basis of statistically well 

informed decisions. It is common in the literature that postural exposure is 

assessed from one continuous measurement collected over only a small part 

of a working day. In paper I, this was shown to be highly inefficient 

compared to spreading out the corresponding sample time across the entire 

working day, and the inefficiency was also obvious when assessing variance 

components, as shown in paper II. The thesis also shows how a well thought-

out strategy for observation-based exposure assessment can reduce the 

effects of measurement error, both for random methodological variance 

(paper III) and systematic observation errors (bias) (paper IV).  

 

Keywords: Exposure assessment, arm elevation, exposure variability, 
variance components, random effects model, precision, bias, sample size, 
sample allocation, calibration, bootstrapping  
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Abbreviations 

EMG Electromyography 

ICC Intraclass correlation coefficient 

AIC  Aikaike’s information criteria 

Deff Design effect factor  

REML Restricted maximum likelihood 
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Introduction 

General background 

Although occasionally disputed [1], causal associations between many 

different types of physical exposure at work and musculoskeletal disorders 

are now well recognized [2-5]. However, several authors have expressed 

disappointment on the progress in musculoskeletal epidemiology; there is 

still a lack of detailed exposure-response association documented in the 

literature and many large epidemiologic studies have failed to show 

associations between work-related factors and musculoskeletal disorders [1, 

3, 4, 6, 7]. A possible explanation, repeatedly mentioned in the literature, is 

insufficient exposure assessment [1, 5, 8-12]. Poorly assessed exposures are 

problematic when trying to find an association between exposure and (ill) 

health. Measurement errors and misclassification errors are known to 

attenuate exposure-outcome relationships towards null [13, 14], a statistical 

phenomenon known as attenuation bias or regression dilution. The 

consequence is an underestimation of risks associated with exposure to the 

investigated risk factor. 

One of the most common approaches for assessing biomechanical 

exposure of groups or individuals has been to use questionnaires where 

workers report their own estimations of exposure to physical loads. The 

main advantage of exposure assessment by self report is the low cost; a 

questionnaire can be distributed to a large sample of workers and can 

measure many different variables. The drawbacks are a risk of poor 

reliability and validity when used as an instrument for measuring, for 

example, postures and movements [15-19]. The usual “golden standard” for 

measuring postures, movements and muscle activity, which are believed to 

best reflect the true exposures, are direct technical measurements, for 

example, electromyography (EMG) for measuring muscle activity, and 

inclinometers and goniometers for measuring body angles and thus working 

postures. Technical measurements, however, are generally associated with 

high equipment costs and often with time consuming data processing. A 

third group of methods for assessing biomechanical exposure is through 

observation [10, 12]. Studies have shown observations to be more reliable 

and valid than self reports, but less reliable and valid than technical 

measurements [20]. 

There has been an ongoing method development of questionnaires [18, 21, 

22], observational methods [23-26] and technical measurement devices [27-

30] for the purpose of capturing exposure with satisfying accuracy. However, 

exposure assessments are also limited by the fact that they are based on 

exposure sampling; a whole population is represented by a selected group of 

workers and each individual’s average exposure over an intentionally long 
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period of time is represented by measurements from one or a few limited 

time periods. Since exposures vary both between and within individuals, the 

resulting exposure estimate has an inherent sampling uncertainty, or 

imprecision, that cannot be resolved by means of more accurate 

measurement instruments; a reduction of uncertainty requires a well 

designed sampling strategy. Decisions have to be made regarding the size of 

the data set that will be collected according to the needs of the study [31-33], 

and on an efficient allocation of measurement efforts which balances the 

total number of individuals selected from the population as a whole 

(between subjects) and the spacing of the measurements over time to yield 

as much information as possible from invested measurement resources [34, 

35].  

Efficient measurement strategies 

In the late eighties, interest in exposure variability and its applications for 

exposure assessments rose in the occupational literature, in particular with 

respect to the effect of exposure variability on bias in exposure-outcome 

relationships [36, 37], and the impact of exposure variability on the 

probability of detecting deviations from occupational threshold limits [38]. 

Methods based on random effects models [39] were developed for 

partitioning the overall exposure variability into variance components 

associated with different sources of variability, for example, between-subject 

variability and within-subject variability across time. Exposure variance 

components have since been used repeatedly in studies as a tool for 

designing and discussing efficient measurement strategies [31, 40-43].  

However, most of the literature on the application of exposure variability 

to measurement strategies has appeared within the field of chemical 

exposure assessment, while any such corresponding literature for 

biomechanical exposure assessment has been limited. Some articles have 

been devoted to examining the statistical effect of the sample size, including: 

the influence of the number of measurements on sensitivity in an 

intervention study [33], the influence of the number of subjects on statistical 

power [31] and the effects of different durations of EMG measurement on 

the precision of the resulting exposure estimate [44]. Another question of 

interest in the literature has been how to efficiently allocate measurement 

efforts in a data collection; for instance the trade-offs between more subjects 

versus more measurements [45 ] and between more exposure samples versus 

increased efforts in data processing [46]. Variance components between and 

within individuals have often been central to these papers, as they have been 

used for predicting the precision of estimated mean exposure levels in 

groups for the different investigated measurement strategies [32, 43, 46, 47]. 

Although continuous data collection of working posture over full work shifts 

has infrequently occured in the literature (e.g.[48-50]), as, occasionally, has 
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sampling for more than one working day [51, 52], typically data has only 

been collected from a small part of a working day and on only a single 

occasion (e.g. [53-56]). The efficiency of this approach, as compared to other 

allocations of measurements across time has been addressed only in very few 

studies. In a study of upper trapezius EMG among cleaners and office 

workers, Mathiassen et al. [43] found that distributing a set total sampling 

duration evenly over the working day gave a considerably better 

performance than collecting the data in one uninterrupted time sequence, 

but no other allocation strategies were investigated. 

As with many statistical models, random effects models are typically 

based on an assumption of normal distribution of the data. Since exposures 

in occupational hygiene are often heavily right-skewed, the lognormal model 

is commonly used in literature on variance components and chemical 

exposures [57]. For data that continue to deviate from a normal distribution 

following logarithmic transformation, or for which theoretical formulas for 

assessing statistical performance are impossible or complicated to derive, 

nonparametric bootstrapping has been used as an alternative method for 

evaluating measurement strategies for biomechanical exposures [31, 33, 44, 

45, 58-60]. Nonparametric bootstrapping is a computer simulation 

technique which allows evaluations of accuracy and precision of exposure 

assessments without any assumption of distributional form of the data [61]. 

While some studies have used analytical procedures to investigate sampling 

performance and others have used nonparametric bootstrapping, very little 

research, if any, has compared results from these two approaches. Thus, no 

studies have addressed the robustness of the standard random effects model 

when exposures deviate from the normal distribution, or when other 

theoretical assumptions are violated, such as equal exposure variances 

across subjects and working days. Thus, the effects of such deviations on 

sampling performance are not currently known. 

Variance components also contain important exposure information for 

other purposes than optimizing measurement strategies. They may be used 

to identify appropriate targets for surveillance and/or intervention on a 

workplace, as suggested in the occupational hygiene literature [37, 62]. In 

the context of biomechanical exposures, lack of variation is considered to be 

a risk factor for developing musculoskeletal disorders. However, there is a 

general lack of metrics for describing variation [32]. Mathiassen et al. [32, 

63] have proposed the use of variance components from biomechanical 

exposure variables as measures of exposure variation in a task, job or 

occupation. Thus, variance components of exposure can be used as exposure 

variables per se, rather than just as a tool for addressing another variable of 

interest, like compliance or statistical performance. This raises the question 

of how sampling strategies should be designed for retrieving precise and 

accurate variance components. Few previous studies have been devoted to 



 

4 
 

this issue. Mathiassen et al. [31] used bootstrapping to construct confidence 

intervals for between-subjects variance, between-days variance and residual 

(within-day) variance in EMG data from cyclic assembly work. In another 

study, Mathiassen et al. [32] used theoretical formulae to construct 

confidence intervals for variance components of EMG measurements from 

subjects performing a constrained work task. These two studies point to a 

considerable imprecision in the estimation of variance components, 

particularly when exposure samples are few and short. 

Bias and imprecision in measurement instruments 

Beside “biological” variance due to true exposure differences between 

subjects and within subjects across time, exposure data may contain variance 

induced by the measurement instrument utilized when collecting the 

exposure data. While all measurement instruments are associated with 

errors to some extent, some instruments can, for practical purposes, be 

assumed to present a negligible error; this is often the case with technical 

measurement devices [29]. However, for other measurement methods, such 

as those based on observation, a more pronounced method variance can be 

expected given that the data rely on the observer’s subjective assessment of 

exposure. Reliability studies have reported intraclass correlation coefficients 

(ICC) of observation methods well below one, and often in the range of 0.4-

0.8 [64-66]. ICC is a measure of the variance components induced by the 

observation method relative to the “biological” variance components. Thus, 

the methodological variance components contribution to the total variance 

of the observation data is not negligible and is therefore also a factor when 

deciding on a measurement strategy. Burdorf [58] mentioned repeated 

measurements as a possible way of compensating for the use of 

measurement instruments with only moderate precision, e.g. observation, 

but very little research has investigated this option. A systematic review of 

observational methods for assessing biomechanical exposures at work [67] 

pointed out that very few reports on observational methods give guidance on 

appropriate measurement strategies when using the method. If work is 

captured on video, repeated observations of the same work sequence is a 

feasible way to reduce random measurement errors caused by observers. 

Rezagholi et al. [68] compared the cost efficiency of four different 

observation methods when estimating an arithmetic mean of upper arm 

elevation variables under different observations allocation strategies, 

including single observations of many video recordings and repeated 

observations of fewer video recordings. This study illustrated that two 

additional issues need to be considered when addressing the question of 

identifying an optimal trade-off between the number of subjects and the 

number of repeated measurements on each subject; i.e. the possibility of 

observing the same work sequence repeatedly by multiple observers and/or 
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the possibility of having the same observer perform repeated observations. 

Mathiassen et al. [46] showed that it can be cost-efficient to prioritize 

repeated observations rather than more video recordings. To my knowledge, 

there are no other studies investigating the influence of errors during 

observation on the statistical performance of the eventual exposure 

estimates, a step inherent to posture variables obtained using observational 

methods.  

There is a wide selection of measurement methods for assessing 

biomechanical exposure and a particular risk factor can rarely be captured 

using a “gold standard” instrument. However, direct measurements are, as 

mentioned previously, generally believed to be superior to observational 

methods and self reports, both in terms of accuracy and precision. Thus, it 

has been an obvious choice to validate observational methods through 

comparison against technical measurements assessing similar variables, e.g. 

comparing observed posture variables to inclinometer measurements. 

Studies comparing assessments of exactly the same variable indicate that 

results from observations differ systematically from direct measurements. 

Since the latter may be considered to be the “truth”, observations are 

therefore regarded to be biased [68-70]. The fact that observations and 

direct measurements may differ systematically can have some aggravating 

consequences. If the difference is sizeable, results from studies using 

different instruments cannot easily be compared. Furthermore, exposure-

response curves based on observations and inclinometry will look different. 

If results obtained by the two measurement methods have a linear 

relationship, results obtained by the “inferior” method (e.g. observation) can 

be translated using regression-based calibration into expected values 

obtained by the “superior” method (e.g. inclinometry) [71]. However, while 

such a step will adjust for bias, this calibration introduces an additional 

uncertainty to the measurement, which also needs to be accounted for when 

assessing the resulting uncertainty of the eventual exposure estimate. 

Regression calibration is a well-known and often used statistical method in 

other areas of science, e.g. within chemical measurement technology [72, 

73], but has to our knowledge never been applied in an ergonomic context. 
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Aims of the thesis 

The superior aim of the thesis is to contribute to the knowledge on design of 

exposure data collection strategies for the purpose of obtaining accurate and 

precise exposure estimates. While the studies included in the thesis focus on 

postural exposure while working with elevated upper arms, the majority of 

the results and methodologies were intended to be generalizable to other 

occupational settings, measurement scenarios and variables than the ones 

addressed here. 

The specific aims of the four studies were:  

I. To investigate the statistical efficiency of strategies for sampling 

upper arm elevation data, as a function of sample size and the 

allocation of samples within and across measurement days. An 

additional aim was to compare standard theoretical predictions of 

sampling efficiency with “true” efficiency as determined by non-

parametric bootstrap simulations. 

II. To investigate the performance of different sampling strategies for 

obtaining estimates of between-subjects, between-days and within-

day variance components of upper arm elevation data. 

III.  To develop procedures for determining the measurement effort 

needed to obtain sufficient statistical power when testing for 

differences between groups in observed postures while accounting for 

the effect of between- and within-observer variability. 

IV.  To develop procedures for evaluating the precision of an estimate of 

“true” exposure following calibration of data obtained using an 

“inferior” instrument, and to illustrate these procedures by 

calibrating data on observed upper arm elevation against 

corresponding inclinometer measurements.  
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Data material and methods 

Papers I and II 

Variability of exposure is a key issue in the present thesis. For describing 

exposure variability, so-called random effects models are used [39]. The 

term random effects refers to an underlying assumption that the effects of a 

(typically) linear model can be regarded as stochastic variables. Fixed effects 

models, in contrast, are used to investigate factors characterized by specific 

and definite values, such as different medical treatments or gender. In the 

latter example, the factor is said to have two different levels, male and 

female, and these levels are the only ones of interest. In contrast, for random 

effects, values are assumed to represent a sample from an infinite number of 

different levels for a given factor, and the objective of the analysis is to 

understand the overall effects of the factor, not just the effects of the levels 

that happen to be included in the sample. A common example of a random 

factor is subjects in a study assessing exposure. It is often not the exposure 

characteristics of those specific subjects that are of interest, but rather the 

characteristics of the whole population that they are intended to represent. 

In such cases it is appropriate to consider subject as a random factor. 

Variation of exposure over time, e.g. between working days, is another factor 

that is often considered to be random.  

For describing the exposure variability in papers I and II, a standard two-

way random effects model was used [37, 74]: 

 
                         (1) 

 

where yijk is the k:th observation of an exposure in subject i on working day j, 

µ is the grand mean of the exposure, αi is the random effect on exposure of 

the i:th subject, βj(i) is the random effect of day j within subject i, and εk(ij) is 

the random error for observation k within day j for subject i.  

Technically, the model described in equation (1) assumes that αi, βj(i) and 

εk(ij) are random variables that are mutually independent and identically 

distributed with zero mean and equal variances, i.e. homoscedasticity, 

between subjects, between days and within days – σ2
bs, σ2

bd and σ2
wd, 

respectively - for all i, j and k. The sum of these variance components is 

equal to the variance of the variable being observed, i.e.            
  

   
     

 . The between-subject and between-days variance components can 

be estimated provided that data is collected using repeated measurements 

over two or more days on the same subjects. 
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Data set 

Papers I and II were based on data obtained from a previous 

epidemiological study investigating the relationship between upper arm 

elevation and work related shoulder disorders [51, 75, 76]. That study 

involved inclinometer measurements on 26 machinists, 26 car mechanists, 

and 26 house painters using the Abduflex system [77], where each worker 

were measured for five full working days, preferably within the same 

working week. At a frequency of 1 Hz, the Abduflex registered upper arm 

angle with respect to the line of gravity in six 15° interval categories between 

0° to 90°, and a seventh category for all angles above 90°. The original 

studies were based on measurements of both the right and left arm, but for 

the present thesis only data on right arm elevation were used. Minute-by-

minute values were calculated for three different exposure variables 

characterizing different aspects of work with elevated arms: 

  Average elevation. A general descriptive variable. Since the Abduflex 

data is categorical, this variable was estimated by replacing data in the 

six lower categories by the central for each interval, and by 105° for 

the seventh category, and then calculating the mean of these 60 data 

points for each minute of recorded data. 

 Percentage of time spent with an arm elevation larger than 90° 

(%>90°). This variable was identified as a risk factor for developing 

shoulder disorder in the original study [51]. 

 Percentage of time spent with an arm elevation less than 15° (%<15°). 

This variable was a measure of time spent in a neutral posture.  

With the purpose of obtaining a balanced data set with no missing data 

and an equal amount of data for each subject, the data were processed in the 

following steps: 

 All working days with less than 240 minutes of measurement data 

were excluded from the data set.  

 Four working days were randomly selected for each subject and 

included in the data set. Subjects with less than four acceptable 

working days were excluded. 

 Occasional short periods of missing data were linearly interpolated.  

 A block bootstrap procedure [61] was applied so as to add data to 

working days shorter than 480 minutes by resampling 30 minute 

blocks from the available data of the same working day. Six working 

days contained more than 480 minutes of data, and they were 

truncated after minute 480. 
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The final data set comprised four working days from each of 23 house 

painters, 23 car mechanics and 26 machinists, with each working day 

containing exactly 480 minutes of data.  

Sampling strategies 

Paper I investigated 65 different strategies for allocating sampling of 

upper arm elevation for a group of 20 subjects, a representative size for a 

field study assessing exposure by technical measurements or observation. 

The sampling strategies were based on different sample times per subject 

(ttot); the total sampling time collected from each subject. The sample time 

was then allocated across the overall measurement period according to 

different principles. First, the sample time was partitioned into blocks, i.e. 

sampling periods of a specified duration (tb). Next, these sampling blocks 

were allocated to either one or four days, (nd), evenly if possible. For 

example, allocating eight blocks across four days would lead to two blocks 

being sampled per day. Excess blocks that could not be evenly distributed 

were randomly allocated to days. For example, when a total sample time of 

30 minutes was to be allocated in five minute blocks across four days, two 

blocks were randomly assigned to each of two days, while only one block was 

allocated to each of the remaining two days. Within working day(s), the 

blocks were distributed either at fixed intervals or randomly. In fixed-

interval sampling, the blocks were distributed evenly across the day, i.e. the 

time interval between each block was a fixed value. In random sampling, the 

time intervals between sampling blocks were randomized. Figure 1 shows 

four sampling strategies for allocating a total sample size of 240 minutes. 

Table 1 summarizes all variable levels for the investigated sampling 

strategies. 
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Figure 1. Examples of simulated sampling strategies for allocating a total sample time of 240 
minutes (ttot) over one or four full working days of 480 min. Graphs show minute-by-minute 
values of the percentage of time a car mechanic spent with the right arm elevated more than 
90°. Black sections represent sampling blocks for each of the four sampling strategies. A) Block 
size 240 minutes , one day, random sampling, B) Block size 30 minutes, one day, fixed interval 
sampling, C) Block size 30 minutes, one day, random sampling, D) Block size 30 minutes, four 
days, random sampling. 
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Table 1. Levels of the parameters determining the investigated sampling strategies in papers I 
and II. 

 Paper I Paper II 

Number of subjects, ns 20 10, 20 

Sample time per subject, 
ttot (minutes) 

30, 60, 120, 240 60, 120, 240, 480 

Number of days, nd 1, 4 2, 4 

Block size, tb 
(minutes) 

1, 5, 15, 30, 60, 120, 240 1, 15, 60, 240 

Regularity within days Random or  
fixed interval 

Random or  
fixed interval 

While there are, mathematically, 112 different combinations of the 

investigated sampling allocation parameters for paper I (i.e. 4x2x7x2), 

several are impossible. For example, the block size cannot exceed the total 

sample time per subject. Further, for strategies sampling only one block per 

day, fixed interval and random sampling are equivalent. When leaving out 

impossible and redundant combinations, 65 sampling strategies remained 

for investigation. 

In paper II, the sampling strategies were constructed similarly, except for 

the number of sampled subjects (ns) also being varied, as shown in table 1. 

Estimates of sampling efficiency 

A non-parametric bootstrapping technique [78] was used to empirically 

evaluate each sampling strategy; in paper I strategies were compared with 

respect to the precision of an arithmetic mean value and in paper II with 

respect to the precision and accuracy of the variance components when 

fitting the model described in equation (1). The bootstrapping was 

performed on 3-level hierarchical data sets, levels being subjects, days and 

measurements within days [61] for each combination of measurement 

strategy and posture variable, and in paper I also for each occupational 

group. In paper I, 10 000 bootstrap runs were performed, while paper II 

utilized 5 000 bootstrap runs, which was judged to be sufficient to ensure 

stable estimates. In each bootstrap repeat, ns subjects were selected with 

replacement from the parent data set. For each selected subject, nd days were 

then selected without replacement, and from within each selected working 

day ttot/nd minutes were selected without replacement, using the block size 

(tb) prescribed by the sampling strategy.  
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Each bootstrap run resulted in a simulated sample data set. In paper I, the 

mean value of these virtual samples was calculated for each bootstrap run, 

and the empirical efficiency of that particular sampling strategy, s2
bootstrap, 

was estimated as the sample variance of the 10 000 mean values. 

In paper II, the model expressed in equation (1) was fitted to each 

simulated sample data set, and the variance components were retrieved. The 

accuracy was evaluated by estimating the bias of the estimators of the three 

variance components. The bias was calculated by subtracting the mean of the 

estimates for each variance component across all 5 000 bootstrap runs from 

the corresponding “true” variance component as estimated from the full 

original data set. As a measure of precision, a 90% prediction interval was 

estimated for each of the three variance components using the 5- and 95-

percentiles of the empirical distribution of the 5 000 bootstrap estimates of 

that variance component. This prediction interval indicates the range in 

which there is a 90% probability that a future estimate of that particular 

variance component will fall.  

Under the model described by equation (1) the variance of an estimated 

arithmetic mean, s2
theory, based on a sample of nq one-minute observations 

from each of nd 480 minute working days in each of ns subjects can be 

calculated as [79, 80]: 

2 22
2 1

480

qBS WDBD
theory

s s d s d q

n
s

n n n n n n

   
     

 
 (2) 

 

This theoretical variance, s2
theory, was calculated for each of the 65 

investigated sampling strategies, using the variance component estimates 

from the parent data set. The empirical and theoretical efficiencies of a 

particular sampling strategy were compared using the design effect factor 

(deff) [43] as follows: 

2

2

bootstrap

theory

s
deff

s
    (3) 

 

By expressing efficiency in (relative) deff values, sampling performance 

can be compared across different variables and occupational groups. This is 

not readily possible on the basis of absolute values of variance. The deff of a 

sampling strategy in the present case measures how correctly theory predicts 

the “true” empirical efficiency. A deff equal to one means that the theoretical 

model results in a correct estimate, while deff values larger or smaller than 

one imply that the actual precision of a mean exposure estimate is worse or 

better, respectively, than predicted by theory.  
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Paper III  

Statistical model 

In addition to the variation between subjects and within subjects over 

time, exposure data obtained by observation is also affected both by 

systematic errors (bias) due to observers on average not being able to assess 

the correct angle, and by random errors due to variability in ratings between 

and within observers. To account for these sources of error, a random effects 

model of the following form was used in paper III to describe observation 

data obtained from video recordings [46, 68]: 

 
                              ,  (4) 

 

where μ is the true mean value of the exposure, αi is the effect of the i:th 

subject, βj(i) is the random effect of the j:th video recording within the i:th 

subject, B is bias induced by observers, γk is the random effect of the k:th 

observer and the error term εl(ijk) represents the effect of the l:th replicate of 

an observation. It is assumed in the model that αi, βj(i), γk and εl(ijk) are 

normally distributed with variance components σ2
bs, σ2

ws, σ2
bo, σ2

wo, 

respectively, i.e. variance between subjects (workers), within subjects, 

between observers and within observers. 

Power analysis based on observation 

For normally distributed data, a t-test is an appropriate test of the null 

hypothesis that no difference in exposure levels exists between two groups. 

The power of an unpaired t-test is determined by three factors: the 

significance level of the test, the sample size, and the so-called effect size 

[81]. In this context, the effect size is the standardized difference between the 

two groups (sometimes referred to as Cohen’s d): Δ /σ, where Δ is the 

difference between groups and σ is the (common-size) standard deviation in 

either group. While a researcher is free to choose the first two factors, the 

effect size is a quantity generally obtained on the basis of a priori knowledge 

from previous studies or from a pilot study.  

If only one observer is involved in the data collection, data will not suffer 

from variance due to different observers’ assessments. Thus, the standard 

deviation of observation data will be the square root of the sum of the 

variance components of the remaining factors in (4), i.e.  

 

      
     

     
 .    (5)  

 

If one observer assesses each video recording nr times and the 

assessments are averaged for each video recording, the overall standard 

deviation of the observations will be: 
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    .    (6) 

 

Thus, repeated observations decrease the standard deviation in the data 

and thereby increase the effect size and consequently the statistical power of 

the t-test. 

Parametric bootstrapping 

An application of bootstrapping, which is not commonly seen in the 

literature, is the estimation of power. The term parametric bootstrapping 

refers to the simulation being based on fitting a parametric model to 

collected data, and therefore, unlike nonparametric bootstrapping, it is 

based on an assumption of a parametric distributional form, e.g. normal 

distribution [61]. One parametric model suitable for observation data is the 

model described in equation (1). Otherwise, parametric bootstrapping is 

conducted in the same way as non parametric bootstrapping; i.e. by 

repeatedly deriving simulated virtual data sets, and thus allows for measures 

of uncertainty to be estimated. A parametric bootstrap algorithm could be as 

follows: 

 

1. Estimate both biological and methodological variance components from 

a pilot study using the model expressed in equation (4), or obtain them 

from a previous study in the literature. 

2. In a computer program, repeat the following process 10 000 times: 

a. Generate appropriate numbers α, β, γ and ε (cf. equation 4) from 

their normal distribution with corresponding variance components; 

i.e. one value of α for every subject, one β for every video recording, 

one γ for every observer and finally one ε for every observation 

performed according to the intended measurement strategy.  

b. Construct a full virtual data set of two groups from the generated 

values of α, β, γ and ε, with a constant Δ added to the data from one 

of the groups, representing the difference between the groups.  

c. Perform the statistical test on the generated data set. 

3. Calculate the proportion of statistically significant tests as an estimate 

of power.  

Such parametric bootstrapping methods could be used to explore the 
statistical power for various measurement designs, for example, for studies 
involving multiple observers and repeated observations with designs that are 
not fully crossed, or for unbalanced designs where different observers assess 
different numbers of video recordings.  
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Paper IV 

Paper IV investigated statistical procedures and effects of calibrating 

measurement results obtained using an inferior measurement method into 

expected results if a superior method had been used. While the results of 

paper IV can be generalized to calibration of any exposure measurements, 

the paper presents a concrete example using data obtained through posture 

observation and direct measurements by inclinometers as the inferior and 

superior methods, respectively. If there is a linear relationship between one 

observer’s assessments of a posture and the corresponding inclinometer 

result, the calibration relationship can be described by a simple linear 

regression as: 
 
             ,   (7) 
 

where yi is the posture rating given by the observer, b0 and b1 are the 

intercept and the slope of the linear relationship, Xi is the result of the 

inclinometer measurement and ε is a random observation error. Given a new 

observation result, y0, an inclinometer result,    , can be predicted by 

reversing the equation for the relationship so that 

    
      

    
.    (8) 

Equation (8) is called a calibration function, in which     and     denote 

estimators of the true intercept, b0, and the true slope, b1, respectively. As 

mentioned in the introduction, different observers may, however, differ in 

their posture ratings. The linear regression model, in terms of the intercept, 

b0, and the slope, b1, may therefore look different for different observers. 

When based on a simple regression model such as equation (7), the 

calibration function is, in principle, only valid for assessments made by the 

particular observer whose observations were used to fit the model. If other 

observers assess postures differently, their calibration function will look 

different in terms of slopes and/or intercepts, and using the first observer’s 

parameters may give misleading results.  

In order to identify a calibration function that can be generalized to any 

observer, three different random coefficient models were considered.  

Calibration model 1 

If observers differ only in the mean value of their ratings, the model would 

include a random factor, τj, that allows the intercept of the relationship to 

vary between observers while the slope is common to all observers: 

                    .    (9) 
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Here, bo is the mean intercept across all observers in the linear relationship 

between postures assessed by observation and inclinometry, b1 is the slope of 

the linear relationship (common to all observers), τj is a normally distributed 

random effect of observer j with expected value zero and variance σ2
bo, and 

εijk is the residual error common to all observers, with expected value zero 

and variance σ2
wo.  

Calibration model 2 

Observers might differ in the mean value of their ratings and/or in the 

slope of the relationship between observed and measured postures, 

independently of each observer’s average performance (intercept), which 

calls for an additional development of the regression model:  

 
                            (10) 

in which βj is a random effect on the slope for observer j, with expected value 

zero, variance σ2
β and corr(βj, τj) = 0; notation otherwise as in equation (9).  

Calibration model 3 

As a third possibility, the intercept and slope could vary between 

observers as in equation (10), but with correlated random effects τj and βj 

(intercept and slope, respectively). An example could be that observers 

reporting relatively large values at small true postures tend to also report 

relatively small values for large true postures. In this case the correlation 

between τj and βj would be negative.  

Uncertainty of a calibrated group mean value 

Suppose that the mean value of a posture variable,    , obtained by video 

observations has been calculated for a sample of subjects, with the intention 

of estimating the mean exposure level in some larger population. The 

corresponding calibrated mean value,    , is then determined by three 

quantities, all of them which are estimates of some true unknown values;     

and    , the regression parameters of the calibration, and    , i.e. the 

estimated population mean obtained by observation, i.e. before calibration. 

Thus, in order to assess the uncertainty of a final calibrated result, the 

uncertainty of all three estimated parameters must be considered. An 

approximate expression for the variance of an exposure mean value after 

calibration,       , was derived using the delta method [82]:  

       
 

   
                       

       

   
 
 

                             (11) 
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where       ,        and        are the variances of the corresponding 

estimators and            is the covariance between     and    . The estimates 

of the regression coefficients, b0 and b1, and for            are provided by any 

statistical software in the estimation of the calibration function in 

accordance with one of the calibration models 1-3. The variances        

and        are also available in the statistical analysis output given by 

software although occasionally in the form of standard errors which then 

need to be squared.  

Furthermore, under the model expressed by equation (4), the variance of 

the observed posture mean,       , can be expressed as 

       
   
 

  
 

   
 

    
 

   
 

  
 

   
 

        
,  (12) 

where σ2
bs, σ2

ws, σ2
bo and σ2

wo are the between-subject, within-subject, 

between-observer and within-observer variance components, and ns, nv, no 

and nr, are the number of subjects, number of video recordings from each 

subject, number of observers (all observers rating all recordings), and 

number of repeated observations of each recording made by each observer, 

respectively. Thus, from a data set where multiple observers have observed a 

number of video films several times each, as described by Rezagholi et al. 

[68] and Mathiassen et al. [46], the variance components can be estimated, 

and subsequently also       . Note that the between- and within-observer 

variance components    
  and    

  should in theory be the same as in models 

1-3, and therefore can also be obtained when estimating the calibration 

function using any of the models described above.  

Improving the precision of calibrated mean values 

By letting 

                    
       

   
 
 

                     , (13) 

equation (11) can be rewritten as  

       
 

   
              .   (14) 

As it appears, the variance of the calibrated mean value can be partitioned 

into two parts; Vcal, which represents the uncertainty of the estimated 

calibration function and        which represents the uncertainty of the 

uncalibrated exposure mean value. These two components originate from 

two different data sets. Thus, the precision of a mean value after calibration 

can be improved in two ways; by reducing        or by reducing     . 
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According to equation (12),        can be reduced by increasing ns, nv, no 

and/or nr, i.e. increasing the size of the materials available for observation, 

e.g. the number of video films, and/or increasing the efforts invested in 

observing it. Vcal, on the other hand, will be decreased by reducing either 

       and/or        . This can be achieved by increasing the measurement 

efforts in the first step of the calibration process, i.e. increasing the material 

used to determine the calibration function. A poorly estimated calibration 

function will inevitably pass on considerable uncertainty to the calibrated 

mean value, regardless of the size of the collected data set before calibration 

and the efforts put into decreasing the associated variance       . 

Empirical data examples from papers III and IV 

To illustrate the methodologies presented in papers III and IV, examples 

using empirical data were included. Data were obtained from a previous 

study that investigated the cost efficiency of different observation methods 

for assessing upper arm elevation [68]. It consisted of inclinometer 

measurements on upper arm elevation in four full work shifts from each of 

28 hairdressers. Simultaneous to the inclinometer measurements, each of 

five hair dressers was filmed for 30 minutes on two randomly selected 

working days within the same week. Each video recording was analyzed 

twice by each of four observers using each observation method.  

Paper III was based on data obtained from the observation method WS15 

as described in Rezagholi et al. [68]. The observation method had a work 

sampling approach where the observers assessed the right upper arm angle 

in degrees with respect to line of gravity from snapshots taken at 15 second 

intervals from the video recordings. Thus, each 30 minute video recording 

was assessed from 120 snapshots. From the observers’ angle ratings, two 

posture variables were calculated for each assessed video; the percentage of 

time spent with the arm elevated less than 15° (%<15°) and the percentage of 

time spent with the arm elevated more than 90° (%>90°). Thus, 80 observed 

estimates were available for each variable (five hairdressers × two video 

recordings per hairdresser × four observers × two repeats per observer). For 

each observed estimate, the observation error was calculated by subtracting 

the observed value from the corresponding inclinometer result for the same 

30 minute time period. The true mean exposure μ and the “biological” 

variance components, σ2
bs and σ2

ws, were estimated from the inclinometer 

data during the video recorded periods of work with a one-way random effect 

model using restricted maximum likelihood, while the average observation 

error, B in equation (4), and the “methodological” variance components, σ2
bo 

and σ2
wo, were estimated by fitting a one-way random effect model to the 

observation errors with observer as the factor.  
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Paper IV used data from the observation method referred to as CO15 in 

the paper by Rezagholi et al. [68]. In this method, 15 s video sequences were 

shown to the observer for a total of 120 sequences per 30 minutes of video 

data. The video was automatically paused after each sequence, and the 

observer was required to enter his/her assessment of four exposure 

variables: the mean elevation angle of the hairdresser’s right upper arm 

across the 15 s period, and the percentage of time spent with the arm 

elevated more than 60°, more than 90° and less than 15°. The example of 

paper IV is based on the data concerning the percentage of time spent with a 

right upper arm elevation less than 15°. The assessments of each of the four 

posture variables for the 30 minute video were then averaged to give the 

mean values for the entire period. Biological and methodological variance 

components were estimated as described above for paper III except for paper 

IV having access to additional observation data from two observers who 

assessed video recordings from four additional hairdressers, each of whom 

were measured on two working days. 

 

  



 

20 
 

Results 

Papers I and II 

Summary statistics from the data set investigated in papers I and II, 

including REML-estimates of variance components are presented in table 2. 

Included are also estimates of the autocorrelation function within working 

days for lag values of 1, 2, 3, 4, 5 and 10 minutes; these are measures of the 

tendency for values which are close in time to be similar. Since 

autocorrelation was estimated to be well over zero in all cases (ρ(1) - ρ(10), 

table 2), such a tendency clearly exists. Thus, the assumption in the 

theoretical model of independence between random errors did not hold. 

Table 2. Descriptive statistics of the data set used in papers I and II, including estimates of 
parameters describing autocorrelation. µ - group mean value; σ2

BS, σ2
BD, σ2

WD - variances 
between subjects, between days, within days; ρ(h) - sample autocorrelation function at lag h; 
Avg. - average angle in degrees.  

 Machinists Car mechanics House painters 

 Avg. %<15° %>90° Avg. %<15° %>90° Avg. %<15° %>90° 

µ 26.0 33.5 1.5 29.9 32.5 4.7 33.0 32.2 8.7 

σ2
bs, 24.8 171.2 2.7 22.2 152.8 3.0 38.2 127.8 21.1 

σ2
bd 7.9 66.4 0.8 9.2 65.6 4.0 24.6 61.3 12.3 

σ2
wd 149.8 694.5 54.7 234.9 616.1 164.7 280.9 617.0 228.9 

ρ(1) 0.55 0.51 0.31 0.55 0.51 0.52 0.57 0.57 0.46 

ρ(2) 0.36 0.33 0.15 0.37 0.33 0.34 0.40 0.41 0.31 

ρ(3) 0.27 0.26 0.10 0.29 0.26 0.26 0.32 0.34 0.25 

ρ(4) 0.22 0.21 0.07 0.23 0.22 0.22 0.28 0.29 0.24 

ρ(5) 0.19 0.18 0.06 0.19 0.18 0.17 0.24 0.26 0.21 

ρ(10) 0.11 0.09 0.11 0.09 0.09 0.08 0.14 0.15 0.13 

For sampling strategies using a block size of one, deff values were close to 

one, indicating that theory predicted the variance of the mean well (paper I). 

A block size of one also led to unbiased variance components or, at worst, 

very small bias (paper II).  

For a given total sample time per subject, increasing the block size led to 

larger deff values. Since the theoretical variance does not change with block 

size, this result shows that “true” empirical precision (as determined by 

bootstrapping) decreased with larger blocks. A similar effect was seen for the 

precision of variance components; increasing the block size led to a decrease 

in precision. Increasing block sizes also led to an increasingly negative bias 

for the within-day variance, and an increasingly positive bias for the 

between-days variance. The accuracy of the between-subjects variance was in 

general not affected by the sampling strategy to the same extent as the 

variance between and within days.  
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All effects of changing the block size were more pronounced for smaller 

total sample time within working days, as illustrated in figures 2 and 3. 

Figure 2 shows deff values for the variable %>90° among car mechanics 

when using fixed interval sampling during one working day for different 

block sizes and total sample times per subjects. The effect of block size 

clearly decreases with increasing total sampling time per subject; the 

empirical variance was more than three times larger than the theoretical 

estimate when sampling ttot = 60 minutes in one continuous block, i.e. tb = 

60 minutes, compared to distributing it in one minute blocks, i.e. tb = 1 

minute. Figure 3 shows prediction intervals and mean values of variance 

components from random sampling approaches for nd = 2 days from each of 

ns = 10 subjects using three different block sizes (tb = 1, 15, 60).  

  

 

Figure 2. Deff values for the variable %>90° associated with sampling strategies employing 
three different total sample times per subject, (ttot = 60, 120 or 240 minutes) within one day 
(nd=1), and distributing the sample to blocks of five different sizes (tb = 1, 5, 15, 30 and 60 
minutes) over the working day using a fixed interval approach.  

 

Distributing sampling blocks over four days instead of one improved the 

empirical efficiency in paper I, but also resulted in a more pronounced effect 

of block size. Thus, the gain in precision by distributing measurements 

across four days rather than one was generally less than predicted by theory 

for block sizes larger than one.  

In general, fixed interval sampling was more efficient than random 

sampling when determining a mean value, however, no obvious difference 

between the two approaches was found when sampling for the purpose of 

determining variance components. 
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 Figure 3. Mean of variance components and prediction intervals calculated for the variable 
%>90° following sampling using six different sampling strategies. All six strategies used random 
sampling from ns=10 subjects, distributed across nd=2 days. Green circles, blue squares and red 
triangles show within-day, between-days and between-subjects variance, respectively. Unfilled 
and filled symbols show mean variance components for strategies with ntot = 120 minutes and 
ntot = 240 minutes, respectively. Green dashed, blue solid and red dotted horizontal lines 
represent the “true” within-day, between-days and between-subjects variance components, 
respectively, according to the parent data set. Thus, any deviation of a mean variance 
component from the corresponding horizontal line indicates bias. Vertical bars show 90% 
prediction intervals. 

Paper III - an example of power analysis 

In the example reported in paper III, a power analysis was performed for a 

hypothetical study comparing observed upper arm postures between two 

independent groups. The required a priori knowledge about variance 

components was obtained from a previous study, as described in the 

methods section. Estimates of variance components, μ and B can be found in 

table 3.  
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Table 3. Descriptive statistics of data presented in paper III. Estimates of mean postural 
exposure (µ), “biological” variance components between and within subjects (σ2

bs and σ2
ws), 

average observation bias (B), and “methodological” variance components between and within 
observers (σ2

bo and σ2
wo) for each of the two posture variables %<15° and %>90°.  

 µ σ2
bs  σ2

ws B σ2
bo σ2

wo 

%<15° 23.7 23.7 78.8 14.4 87.0 130.6 
%>90° 1.9 0.9 3.7 3.8 0.0 9.0 

For %<15°, a group difference (Δ) of 9.5 percentage points (pp) time was 

assumed. This value was equivalent to the difference between auxiliary non-

customer work and customer work in percentage of time spent with an arm 

elevation below 20° presented by Wahlström et al. [52]. To identify a 

relevant group difference for the variable %>90°, we used the findings of 

Svendsen et al. [51], who reported odds ratios for the prevalence of neck and 

shoulder disorders in the range of 1.08-1.23 with increments of 1 pp in daily 

work time with an upper arm elevation above 90°. Thus, we assumed a group 

difference of 1 pp to be a reasonable estimate of a minimal clinically relevant 

difference. The target power in our hypothetical study was set to 0.80.  

The first step of the analysis assumed that only one observer was involved 

in the data collection and that only one video recording was available from 

each subject. Thus, the standard deviation of observation data within each 

group as a function of the number of repeated observation of each recording 

data was expressed by equation (6). We used the function pwr.t.test from the 

package pwr in the statistical software R to identify the number of filmed 

subjects required to reach the desired power 0.80 in an independent samples 

t-test when each video recording is being observed one, two and four times. 

As a reference, we also estimated the necessary group size if no observation 

errors were present, i.e. if inclinometers were used to monitor postures. The 

overall standard deviation between subjects in either group would then be 

equal to     
     

 . The statistical power for each of these measurement 

designs as a function of the number of observed subjects is shown in figure 4. 

For %<15°, 69 subjects were required to achieve a power of 0.80 when one 

observer rated each subject once. With two repetitions of each rating, the 

number of required subjects decreased to 58, and further to 52 with four 

repeats. For %>90°, requirements were 215, 144 and 109 subjects for one, 

two and four ratings per video recording, respectively. 
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Figure 4. Statistical power of a comparison of observed upper arm postures below 15° (left) and 
above 90° (right) between two independent groups, as a function of the number of subjects in 
either group. Results are shown for one observer rating one video recording from each subject 
once, twice or four times (dashed lines from bottom to top), and, as a reference, for postures 
measured by inclinometry (solid line). 

The second step of the analysis investigated the effects on power when 

distributing the 69 video recordings required to reach a power of 0.80 for the 

variable %<15° to multiple observers instead of just one. This was performed 

by parametric bootstrapping, using 10 000 repeats of each of the following 

measurement strategies:  

 Distributing the video recordings between two observers as evenly as 

possible. Each of the two observers rates half of the total number of 

videos from each of the two compared groups, without overlap. 

 Same as above, except for the video recordings being distributed 

among four observers. 

 Distributing the video recordings among four observers, where two of 

these observers rate half of the video recordings each from one of the 

compared groups (no overlap), and the two other observers share the 

rating of video recordings from the other group.  

Table 4 presents results from the bootstrap simulation. When using a 

simple t-test to test for group difference, power decreased when distributing 

the 69 video recordings over more than one observer. However, when using 

a two-way fixed model for testing group differences, including observer and 

group as effects, power was not affected to any notable extent when all 

observers were engaged in rating both of the compared groups. For the third 

measurement strategy where different observers were used for each of the 

two groups, power decreased to 0.66. Since the variance between observers 
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was zero for the variable %>90°, power was not affected by any of the 

investigated reallocations of video recordings between observers. 
 

Table 4. Effects on power of distributing observations of video recordings to one, two or four 
observers (see text). Results are shown for the variable <15° and a total number of video 
recordings of 69 in each of the compared groups, i.e. the number shown to give a power of 0.80 
for the variable %<15° in figure 4. 

Scenario Power (two-way model) Power (t-test) 

One observer - 0.80 

Two observers 0.80 0.77 

Four observers 0.80 0.75 

Four observers – 
different groups 

0.66 0.64 

Paper IV – an example of calibration 

The three calibration models (1-3) were fitted to example data (described 

in the methods section). As a reference, a “naïve” simple linear regression 

model was also fitted, assuming that observers do not differ systematically in 

any aspect in their posture assessments. Estimates of fitted regression 

parameters and their variances for the four models are found in table 5. 

In order to assess which of the four models fitted the data best, two 

approaches were used. First we compared Akaike’s information criterion 

(AIC) [83] between the models, data are presented in table 5. AIC is a 

measure of the relative goodness of fit, where a model with lower AIC is 

preferred to a model with higher AIC. The naïve model had a markedly 

higher AIC than the other three models, which supports the use of a model 

accounting for between-observer variability. We also performed likelihood 

ratio tests with model 1 as the null model and the more complex models 2 

and 3 as alternatives. P-values of these likelihood ratio tests were 0.14 and 

0.18, respectively, and thus, the null model could not be rejected in favor of 

the alternative models. According to the principle of parsimony, we therefore 

favored calibration model 1 over models 2 and 3; i.e. a model that allows the 

intercept to vary between observers, but does not to include an observer 

effect on slope.  

  



 

26 
 

Table 5. Estimates of the regression parameters,     and    , for the three calibration models in paper IV (calibration models 1, 2 and 3) and the “naïve” simple 

regression model with corresponding variances, V(    ) and V(   ), and estimates of the variance of τ and β, V(τ) and V(β), the covariance between     and    , 

C(   ,    ), the correlation between τ and β, corr(τ, β), and the Akaike information criterion, AIC. 

     V(    )     V(   ) C(   ,    ) V(τ) V(β) corr(τ, β) var(ε) AIC 

Naïve 
model 

24.8 8.0 0.52 0.0075 -0.22 - - - 178.2 902.3 

Model 1 23.0 24.8 0.65 0.0059 -0.17 75.6 - - 129.4 878.2 

Model 2 23.1 31.7 0.65 0.016 -0.18 102.5 0.037 - 120.9 876.6 

Model 3 23.9 43.9 0.61 0.021 -0.73 150.8 0.054 -0.754 120.0 877.1 
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The calibration function (cf. equation 8) when using the parameter 

estimates from model 1 is: 

    
        

     
. 

A calibration function is not intended to be used on the same data it was 

estimated from, but on new, inferior data collected in a situation where 

measurements made by the superior instrument are not available. However, 

in the absence of additional data, we developed the example by calibrating 

the data reported by Rezagholi et al. [68], which were partly derived from 

the same parent data set as the regression analysis above. The mean value of 

%>15° for the hairdressers was found to be 38.1% [68]. Entering this mean 

value into the estimated calibration function gives a predicted inclinometer 

result of: 

    
           

     
= 23.0%. 

Furthermore, the variance of the observation-based mean value before 

calibration,    , can be estimated by entering variance components reported 

by Rezagholi et al. into equation 11: 

       
    

 
 

     

   
 

    

 
 

     

       
 = 57.1. 

Entering the parameter estimates obtained by model 1 and the 

corresponding variances from table 5 into equation 13 gives the variance due 

to calibration uncertainty: 

                 
         

    
 
 

                     =23.0.  

Entering the estimates of        and      into to equation 14 gives the overall 

variance of the predicted inclinometry posture mean value: 

       
 

     
           =190.7.                              

In conclusion, by performing the calibration, a posture mean value of 

38.1% with a variance of 57.1 was transformed to a mean value of 23.0% with 

a variance of 190.7. One way of interpreting the variance of a mean value is 

by using it for making approximate 95% confidence intervals under a 

normality assumption: 

             . 
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Thus, the calibration transformed a confidence interval of [23.3, 52.9] for the 

uncalibrated mean value was transformed to a confidence interval of [-4.1, 

50.1] for the calibrated mean value. It appears from these (crude) confidence 

intervals that the uncalibrated mean value was already determined with poor 

precision. However, the confidence interval of the calibrated mean value was 

so wide that the estimate is virtually non-informative.  
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Discussion 

The present thesis aimed at increasing knowledge on how to design 

exposure data collection strategies for the purpose of obtaining accurate and 

precise estimates of mean values and variance components between and 

within subjects. The results of papers I and II stress the importance of 

spreading sampling efforts across time, in particular if only small 

proportions of working day(s) are available for sampling. Furthermore, the 

thesis addressed both random and systematic observation errors in exposure 

assessed by observation. Paper III illustrates that repeated observation of the 

same video recordings increased statistical power when testing for 

differences between exposure levels in two independent groups. Systematic 

measurement error (bias) in observed postures can be corrected by 

calibrating data against a superior measurement method (in casu 

inclinometry). However, as was shown in paper IV, bias correction comes at 

the price of a loss in precision.  

Allocation of measurements across time 

Allocation of measurements into small blocks distributed across working 

days improved the precision of the mean value and the accuracy and 

precision of variance components estimators, compared with sampling in 

longer uninterrupted periods. These effects were consistent across the three 

different posture variables investigated and in three occupational groups 

with very different exposure patterns. These results are consistent with a 

study on efficient within-day sampling of EMG-measurements in cleaners 

and office workers [43]. The present results should therefore have a wide 

applicability, although the magnitudes of described effects may vary for 

different exposures and occupational groups.  

Papers I and II were based on inclinometer measurements, and many of 

investigated sampling strategies employing small block sizes are not entirely 

applicable to inclinometry; once the equipments is mounted on a subject, no 

additional effort is required to collect the data, so it is more practical to 

perform a longer uninterrupted measurement, even for a full shift [48, 49], 

than turning the equipment on and off at regular intervals. However, the 

temporal structure of upper arm postures in individual workers is the same 

regardless of measurement instrument being used. Therefore, the 

demonstrated effects of different sample allocations should be valid even for 

instruments that are more likely to be used over shorter, separate periods, 

such as observation. One example when block sampling would be both a 

practical and efficient approach is under a rotating scheme for observing 

several workers at a work site. Here, an observer would move to a new 

worker at fixed time intervals, ultimately resulting in a total data collection 
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time for each worker equal to that which would have resulted from 

uninterrupted observation of each worker. 

Autocorrelation of exposure within working days was probably a major 

reason for the effects observed in papers I and II, as discussed in the section 

Validity of statistical models below. However, autocorrelation in exposure 

levels may also occur between working days close in time, as demonstrated 

in several studies on chemical exposure [38, 84, 85]. The theoretical 

exposure model used to analyse data in papers I and II (equation 1) assumes 

independence between working days, but this property could not be 

examined in the present data material due to the limited number of available 

working days for each worker. The analyzed data materials both in the first 

two papers and in papers III and IV were collected from working days within 

the same working week for each worker. If autocorrelation does exist 

between working days, similar effects as in papers I and II can be in any 

study based on measurements collected close in time; i.e. overestimation of 

precision in exposure assessments and biased variance components. 

 

Sample sizes 

Determining an appropriate sample size for a specific study design and 

question is fundamental to successful research; the relationship between the 

size of a sample and the conclusiveness of the eventual result is well known. 

This relation is apparent in all four of the papers in the thesis; the precision 

of the mean and the variance components increased when the total sample 

time per subject and the number of subjects increased (papers I and II), and 

precision improved when observations of the same work sequence were 

made multiple times (paper III). Paper IV illustrated that the precision of a 

calibrated mean value can be increased by increasing the sample size both 

when estimating the calibration function in the first step of the calibration 

procedure, and in the second step when new data are sampled that are later 

entered into the calibration function. However, collecting more data had also 

other positive effects; the negative effects of autocorrelation on the precision 

of the mean value decreased with increased total sample time per working 

day (paper I). Further, theoretical estimates of precision were generally more 

correct for long total sample durations than for short durations (paper I), 

and variance components biases were smaller for large total sample times 

per subject than for small sample times (paper II). 

It appears from several results in this thesis that larger data collections 

than what is often used in occupational exposure assessment may be needed 

in order to obtain a statistical performance sufficient for many research 

purposes. The most notable example, documented in paper II, is the large 

imprecision associated with variance component estimates obtained using 

sample sizes that are commonly reported in ergonomics studies. For many 

sampling strategies, errors in the variance component estimates were 
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dominated by imprecision rather than by the bias also associated with 

determining the variance components. This large uncertainty is consistent 

with previously reported confidence intervals on biomechanical exposure 

variance components based on EMG measurements during assembly work 

[32], and posture and EMG data from short-cycle manual materials handling 

[31]. As variance components are key inputs in the power analysis of paper 

III, this raises questions on the reliability of the results obtained in paper III, 

as well as in other studies conducting power analysis on the basis of variance 

estimates. The calibration procedure described in paper IV might also need 

larger sample sizes than what are typically used in ergonomics studies in 

order to sufficiently improve the eventual precision of the calibrated 

exposures to a sufficient extent. In the example presented in paper IV, the 

precision of the uncalibrated mean value was low, and after calibration, the 

precision was even worse. 

The results from paper I regarding allocation effects on the eventual 

precision of an exposure mean value further support the notion that large 

data sets are needed to attain sufficient statistical performance. If a certain 

precision of the estimate is required, for instance to ensure adequate power 

in an ergonomics intervention study, more data need to be collected than 

what appears from standard analytical guidelines. Also, the size of standard 

confidence intervals for mean exposure estimates may be underestimated, in 

particular if exposure is assessed for short periods of time in each 

participant. 

 

Data material 

The bootstrap simulations in papers I and II were based on data material 

from an epidemiologic study which provided a random sample of subjects 

and working weeks from three occupational groups, i.e. machinists, car 

mechanics and house painters [51, 75, 76]. In a strict sense, the results 

obtained through the simulations are only valid for the investigated exposure 

variables in those occupational groups. However, the groups were 

deliberately chosen to represent a large diversity in exposure, which 

increases the generalizability of the results to other occupational groups with 

similar upper arm patterns. The house painters spent on average 8.8% of 

their work time with the right arm elevated more than 90°, the car 

mechanics 4.7% time and the machinists 1.6% time. For comparison, 

construction workers have been reported to spend around 12% of their 

working time with a right upper arm elevation of more than 90° [86], while 

office workers were reported to spend much less time at high elevation 

angles: 0.6% [87]. A study on hairdressers by Veiersted et al. [56] reported 

that 3.0% of the time was spent with arms above 90°. This result differs from 

the hairdresser data used in papers III and IV, which showed a mean percent 

time above 90° of 1.9%. The discrepancy may partly be explained by which 
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parts of the work day were measured: the inclinometer data used in papers 

III and IV [52] were collected during four full work shifts including breaks 

from each subject, while the study by Veiersted et al. [56] only performed 

measurements for two hours of active work for each hairdresser.  

The exposure variability for all three groups differed in a similar fashion 

as the exposure levels; house painters and car mechanics showed a 

substantially larger variability than the machinists. This is another indication 

that an assumption in the theoretical model is violated; in a model with 

additive effects such as equation (1) variance should not increase with an 

increasing mean exposure. Variability of upper arm posture has been 

reported in the literature for other occupations [32, 88], but for other 

variables than the ones used in the present studies. In general, reports of 

biomechanical exposure variability between and within subject are rare in 

the literature and there are even fewer studies reporting methodological 

variance components [42, 89]. This is an obvious obstacle when setting out 

to determine a measurement strategy based on a required precision or a 

desired statistical power. The same obstacle applies to calibrations; 

regression functions between observations and direct measurements are 

scarce in the literature [20, 65, 70, 90, 91]. Thus, more reliability studies 

reporting variance components, and more methods comparison studies 

reporting regression parameters are needed to support more informed 

measurement strategy designs.  

 

Validity of statistical models 

The assumptions of the theoretical model used in papers I and II 

(equation 1) were violated to different extents for different sampling 

strategies. Two obvious indications of violation appear in the results; the deff 

value was clearly greater than one for most strategies and the variance 

components were biased in comparison with the variance components of the 

parent data set. If the model assumptions had been fulfilled, exposure data 

within a day would have been independent of when measurements occurred 

during the day, and thus the within-day variance and the deff values would 

not have differed between strategies employing different allocations of 

measurements across time within the day, all deff values being equal to one. 

Furthermore, if the model assumptions had been fulfilled, the variance 

components estimators used in paper II would have been unbiased [39]. 

Since the variance components were, in fact, biased, the theoretical 

assumptions of the model must have been violated. 

Interestingly, for random sampling strategies using a block size of one, the 

deff values were very close to one and the variance components were 

unbiased. Thus, the theoretical model reflected, in this case, the true 

structure of the data. In the strategies with block size one, minute-by-minute 

data were sampled completely at random from the working day, i.e. 
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independent of their position in time, and the resulting sample was therefore 

not affected by any possible time dependence ( i.e. autocorrelation) within 

working days. Hence, it appears that autocorrelation of data within working 

days was the primary cause of the failure of the theoretical model while the 

model seemed robust against violations of other assumptions such as the 

requirement for normal distributions and the assumption of equal variance 

within subjects and days. 

The methodologies used in papers III and IV also rely on statistical 

models. When observers differ systematically in their posture ratings, it 

appeared to be important that this is accounted for in statistical modeling. 

This was shown in the examples in papers III and IV; when observer effects 

were not accounted for, i.e. when using a simple t-test (paper III) or using a 

naïve calibration model (paper IV), power decreased and the imprecision 

induced by the calibration process increased.  

 

Bootstrapping 

Bootstrapping is an efficient way of estimating various measures of 

uncertainty when theoretical solutions cannot be found, e.g. variances, 

standard errors and prediction intervals (paper II), or statistical power 

(paper III). The term bootstrapping has often been used synonymous with 

nonparametric bootstrapping in papers on measurement strategies [31, 33, 

44, 45, 58]. An important distinguishing feature of non-parametric 

bootstrapping is that it does not make assumptions on the distributional 

form of the data. Instead, the bootstrap simulations are performed by 

selecting observations with replacement [61]. This procedure is quite 

straightforward for independent non-clustered data, but not for data sets 

with measurements at different hierarchical levels [92-94]. For data sets 

with data occurring at three hierarchical levels (e.g. subjects, days and 

measurements within days as in papers I and II), Ren et al. [95] concluded 

that non-parametric bootstrapping should be performed by selecting units 

with replacement at the highest level (subjects) while units at the two lower 

levels (days and measurements within days) should be selected without 

replacement. This procedure was practiced in papers I and II. 

However, non-parametric bootstrapping cannot be performed when 

combining crossed and hierarchical factors into the model as in equation (4). 

In these cases, parametric bootstrapping may be a valuable tool as 

demonstrated in paper III. Parametric bootstrapping can also be an efficient 

way of examining properties of autocorrelated processes by incorporating 

time dependencies into the parametric model [61]. This was not an option, 

however, in papers I and II since a parametric model for describing within-

day temporal posture patterns was not available. 
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Cost efficiency 

The present thesis has addressed efficiency in terms of measurement 

strategies. An extension of this issue is cost efficiency. An ultimate aim of 

most data collections is to obtain a result with a sufficient or predetermined 

precision while spending as few resources as possible, or equivalently, to 

obtain maximum precision at a given budget. Thus, aside from the statistical 

performance of measurement strategies, which was the focus in the present 

thesis, economic conditions need also be considered. The trade-off between 

cost and precision/accuracy when using different measurement methods has 

often been pointed out in the literature [8, 10, 96]. Bearing that in mind, 

surprisingly few studies have theoretically or empirically investigated how to 

efficiently design a data collection when both precision and costs are 

considered. In a review by Rezagholi & Mathiassen [35], only nine studies 

addressing the cost efficiency of data collection were found in the literature. 

Since then, a few more papers have been published dealing with cost efficient 

exposure assessment [34, 46, 68]. Cost efficiency of different measurement 

instruments is a highly relevant consideration in the context of calibration; 

the reason for choosing an inferior instrument is that it would offer a quality 

that weighs up the better accuracy of the superior instrument; this quality is 

often a lower cost. In theory, it should then be possible that a lower cost per 

measurement could open up for samples to be so large, at a given budget, 

that it would compensate for the loss of precision associated with using the 

inferior instrument.  

Many of the findings in the present thesis were expected, although the 

magnitude of the effects were previously unknown, for instance the 

quantitative significance of distributing sampling over time rather than using 

continuous sampling, or the added variance induced through a calibration 

process. If costs were also considered, conclusions might be altered in a less 

predictable direction. For instance, Mathiassen et al. [46] showed that 

multiple observations can, in most cases, be a more cost efficient choice than 

collecting more video recordings when determining mean exposures in 

observation studies of working postures. Rezagholi et al. [68] compared the 

cost efficiency of different observation techniques and showed that the 

technique with the best statistical performance was not the most cost 

efficient because it was considerably more time-consuming.  
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Conclusions 

 The results of the present thesis show that sampling efficiency can be 

improved by distributing sampling periods widely across time within a day 

and/or across several work shifts, preferably using a fixed-interval strategy 

(papers I and II). In addition, the results suggest that a theoretical model can 

give a reasonable prediction of the precision of a group mean exposure 

estimate, provided that the sample time per subject is large or that data are 

collected in several short sampling periods (blocks; paper I). If, however, a 

small part of the working day(s) is sampled in long continuous periods, the 

theoretical model will overestimate the true precision. The main cause of this 

effect was found to be autocorrelation of the exposure data within working 

days, a problem that is likely to be very common when sampling posture 

variables within working days. Autocorrelation was also the likely 

explanation for why variance components based on small exposure samples 

concentrated to few continuous periods were estimated with bias and 

impaired precision (paper II). 

The power of occupational studies comparing observed postures between 

two independent groups or conditions was shown to be effectively improved 

by employing a measurement strategy based on repeated observations of 

video recordings (paper III). Distributing observations among multiple 

observers will not result in any notable loss of power, provided that all 

observers are involved in the assessment of both compared groups and that 

the statistical model acknowledges rating differences between observers. 

When calibrating postures obtained by an “inferior” instrument (in casu 

observation) into predicted estimates obtained by a “superior” instrument 

(in casu inclinometry), the calibration step per se will introduce a variance to 

the eventual result (paper IV). This added variance may be substantial, and 

can outweigh the positive effects of correcting a bias in the results obtained 

by the inferior instrument. Thus, calibration should be performed only after 

considering the trade-off between increased accuracy and decreased 

precision. 

In general, both non-parametric (papers I and II) and parametric 

bootstrapping (paper III) proved to be valuable and very informative tools 

for investigating the performance of sampling strategies that could not be 

adequately analyzed using theoretical procedures. 

Guidance for researchers and practitioners 

On the basis of these results, I give the following guidance for researchers 

and ergonomic practitioners conducting data collections: 

 If possible, obtain exposure variance components from specific pilot 

studies or from previous studies in the literature as a basis for 
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determining an adequate sample size, as directed by the desired 

statistical power or precision of mean exposures or precision of 

exposure variance components.  

 If autocorrelation is anticipated in data, collect more data than 

suggested by sample size calculations based on theoretical 

(analytical) models.  

 When determining sample sizes for studies assessing working 

postures by observation, consider repeated observations as a viable 

approach for increasing power in addition to collecting more video 

recordings from the work site. 

 If possible, distribute measurements widely across the time window 

allotted for measurements, and preferably across more than one day. 

 If the required a priori data, for instance on exposure variance 

components, is available, use parametric bootstrapping as a 

powerful tool to determine sample sizes when analytical procedures 

are ambiguous or not available.  

Suggestions for further research 

On the basis of the results and discussion in this thesis, I suggest a 

number of major issues for future research on sampling strategies: 

 Investigation of the performance of practically relevant sampling 

strategies that either violate assumptions in analytical models or 

cannot be analyzed by such models. Examples could include 

unbalanced data sets and observation strategies employing differing 

extents of overlap between observers.  

 Examination of the consequences of using highly uncertain variance 

components estimators in various applications, e.g. power analysis, 

cost efficiency analysis, and attenuation bias correction.  

 Investigation and modeling in more detail of the relationship between 

different inferior and superior measurement instruments for 

assessing postures, including a thorough documentation of model 

uncertainty.  

 Investigation of the trade-off between bias and imprecision when 

performing calibration of exposure data collected using an inferior 

instrument; determination of under which circumstances a bias 

correction is beneficial and when a correction is not recommended 

because it will introduce too much additional uncertainty. 
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