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Bootstrap exploration of the duration of surface electromyography sampling
in relation to the precision of exposure estimation
by Nathan B Fethke,” PhD, Dan Anton, PhD, " Joseph E Cavanaugh, PhD,? Fred Gerr, MD,” Thomas M

Cook, PhD1

Fethke NB, Anton D, Cavanaugh JE, Gerr F, Cook TM. Bootstrap exploration of the duration of surface electromyog-
raphy sampling in relation to the precision of exposure estimation. Scand J Work Environ Health 2007;33(5):358—
367.

Objectives This study examined the effect of sampling duration, in units of work cycles, on the precision of
estimates of exposure to forceful exertion obtained with surface electromyography (EMG).

Methods Recordings of the activity of the flexor digitorum superficialis, extensor digitorum, and upper trapezius
muscles over 30 consecutive work cycles were obtained for a random sample of 25 manufacturing workers, each
of whom was performing a unique production task representing a portion of the whole job. The mean root-mean-
square amplitude and the 10th, 50th, and 90th percentiles of the distribution function of the amplitude probability
were calculated for each cycle. Bootstrap analyses were used to examine the precision of the summary measures
as the sampling duration increased incrementally from 1 to 30 work cycles. Precision was estimated by calculat-
ing the coefficient of variation (CV) of the bootstrap distributions at each sampling duration increment.
Results The average minimum sampling duration for a bootstrap distribution CV of 15% ranged from 2.0
(SD 1.5) cycles to 7.5 (SD 9.6) cycles, depending on muscle and summary measure. For a 5% CV, the average
minimum sampling duration ranged from 11.9 (SD 9.0) to 20.9 (SD 10.5) cycles.

Conclusions The results suggest that sampling as few as three work cycles was sufficient to obtain a bootstrap
distribution CV of 15% for some of the muscles and summary measures examined in this study. While limited
to machine-paced, cyclic manufacturing work, these results will assist the development of exposure assessment
strategies in future epidemiologic studies of physical risk factors and musculoskeletal disorders.

Key terms exposure assessment; muscle activity; variability.

Musculoskeletal disorders of the upper extremities con-
tinue to affect a substantial proportion of manufacturing
industry workers. Several physical risk factors com-
monly found in the work environment, such as repetitive
motion, awkward postures, and forceful exertions, have
been found to be consistently positively associated with
musculoskeletal disorders of the upper extremities (1,
2). While the strongest associations appear to exist when
risk factors are present in combination (3, 4), epide-
miologic studies have reported an independent, positive
association between forceful exertions and specific mus-
culoskeletal disorders of the upper extremities, such as
carpal tunnel syndrome and epicondylitis (5-8). Quanti-
tative estimation of the association between exposure to

specific levels of forceful exertions and musculoskeletal
disorders of the upper extremities is sparse, however,
due partly to the use of imprecise self-report or obser-
vational exposure assessment techniques (9—12).
When collected for an adequate duration, direct
quantitative measurements of muscle activity with sur-
face electromyography (EMG) can produce precise esti-
mates of exposure to forceful exertions (10, 13). Surface
EMG has the most commonly been used to describe
muscle activity patterns in laboratory and small-scale
field settings to characterize exposure to forceful exer-
tion or to compare exposure levels pre- and postinterven-
tion. The upper trapezius is among the most commonly
studied muscles with respect to forceful exertions of the
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2 Biostatistics, University of Iowa, Iowa City, lowa, United States.
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shoulder (14), while the flexor digitorum superficialis
and extensor digitorum are commonly studied with
respect to the distal upper extremities (15, 16).

For several reasons, few large-scale epidemiologic
studies have used EMG to estimate exposure to force-
ful exertion (4, 17-20). The cost of the instrumenta-
tion can be prohibitive, and equipment operation and
maintenance may require specialized training. In addi-
tion, conventional electromyographic (EMG) systems
are either not portable or use limited-range telemetry,
requiring the subject to be near the data collection and
storage location. Newer portable systems are available
(21-23), but they have been used in only a limited num-
ber of field studies.

In addition to operational limitations, the sampling
duration, in units of work cycles, required to obtain
estimates of exposure to forceful exertion of adequate
precision is not well characterized and has been selected
arbitrarily in previous investigations. Reported EMG
sampling durations in field studies of cyclic manufac-
turing work range from about 20 minutes per task (24)
to more than 60 minutes per task (25). If multiple tasks
are sampled, then the total EMG sampling duration can
exceed several hours per study participant. Prolonged
sampling periods may result in unacceptable levels of
interference with workplace production, especially in
epidemiologic studies capturing exposure information
for multiple physical risk factors and for which hun-
dreds of persons may be needed for adequate statistical
power.

Previous studies have investigated the reliability of
surface EMG summary measurements repeated during
the same experimental day or measurements repeated on
different days (26, 27). The precision of EMG measure-
ments has been examined in several studies in the form
of the within-persons components of exposure variance
generated from modeling techniques using a random-
effects analysis of variance (ANOVA) (25, 28-30). In
general, the precision of an EMG measurement improves
as the sampling duration increases (29). Traditionally,
sampling duration is specified in terms of time and is
held constant for each study participant. However, for
repetitive tasks, a fixed sampling duration will result in
exposure estimates based on different numbers of work
cycles when study participants are drawn from a popu-
lation with a wide range of cycle times. It is unknown
whether, and by how much, the precision of EMG sum-
mary measures varies when computed over a range of
work cycles.

A better characterization of the relationship between
sampling duration and exposure estimate precision
would allow researchers to optimize sampling dura-
tions in light of their resources, the number of study
participants available, workplace constraints, and antici-
pated effect size. To address this issue in our study, we
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evaluated the effect of varying the sampling duration,
in units of work cycles, on the precision of exposure
estimates derived from EMG data.

Study population and methods

Study population

We report the results of an analysis of EMG data col-
lected during a prospective cohort study designed to
examine the association between physical risk factors
and musculoskeletal disorders of the upper extremities
among household appliance manufacturing workers.
All of the participants were 18 years of age or older and
were employed in production jobs at a single facility.
Altogether 232 persons were enrolled in the cohort at
the time of this analysis. Of these, 198 performed cyclic
production jobs and were eligible for inclusion in our
study; the remaining 34 performed noncyclic work and
were excluded. A random sample of 25 eligible cohort
members was selected for participation in this study
[12 female, 13 male, average age 47.7 (SD 7.2) years].
The median number of tasks comprising the whole job
for each participant was three (range 1-6 tasks). For the
participants performing multiple tasks, we randomly
selected one for inclusion in this study. Thus 25 unique
tasks were obtained from among the 25 participants,
with an average cycle time of 26.6 (range 14.4-49.9)
seconds.

Source electromyographic data

The EMG data collected for each participant was a
continuous recording of the activity of the dominant-
side upper trapezius, the flexor digitorum superficials
(flexors), and the extensor digitorum communis (exten-
sors) muscles over 30 consecutive work cycles. Bipolar,
silver—silver chloride surface electrodes with an inter-
electrode distance of 20 millimeters and preamplified
with a gain of 30 were used for all of the recordings.
Standard placement procedures were used to position the
electrodes over the three muscle groups (31).

The EMG data were collected with a portable data
logger system. Within the data logger unit, the raw,
analog EMG signals were bandpass-filtered between 10
and 4000 hertz, further amplified with a gain of 2000,
root-mean-square (RMS) processed in realtime with a
100-millisecond time constant and sampled at 100 hertz
with a 12-bit analog-to-digital converter. The digitized
signals were then streamed to compact flash memory for
later analysis in the laboratory.

The EMG data were normalized with submaximal
reference voluntary exertions (RVE) for each muscle. A
rapid normalization procedure was used (32), such that

Scand J Work Environ Health 2007, vol 33, no 5 399
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the reference exertions for all three muscle groups were
performed simultaneously. The participants grasped a
hand dynamometer (Commander Grip Track, JTECH
Medical, Salt Lake City, UT, USA) with a power grip
while standing with the dominant arm abducted in the
scapular plane, the elbow fully extended and forearm
pronated. A 2-kilogram weight was then placed over
the dorsum of the hand to elicit a contractile response
in both the extensors and upper trapezius. At the same
time, the participants maintained a grip force of 88.94
newtons for 15 seconds.

The average RMS amplitude, in millivolts, of the
middle 10 seconds of the 15-second reference contrac-
tions was calculated for each muscle group. Three refer-
ence contractions were performed for each person, and
measures of resting muscle activity were also obtained.
For each muscle, the EMG voltage values sampled dur-
ing the worktask (EMG,,,,) were expressed in terms of
the percentage of the RVE (%RVE) using equation 1,
where EMGgyg is the average of the three reference con-
traction voltages and EMG, is the baseline voltage:

(EMGtask — EMG}'est) %1
(EMGR VE — EMGrest)

%RVE = 00 equation 1

Data analysis procedures

After the normalization, all of the EMG signals from the
worktasks were analyzed with a custom-signal process-
ing package written in LabVIEW 7.1 (National Instru-
ments, Austin, TX, USA) (33). The continuous signals
from each participant were parsed into 30 discrete work
cycles with the aid of digital video recordings obtained
at the time of the measurement (figure 1). For each cycle
and muscle group, the mean RMS amplitude and the
10th, 50th, and 90th percentile values of the amplitude
probability distribution function (APDF) were calcu-
lated (in %RVE). The effect of varying the number of

work cycles sampled on the precision of these four EMG
summary measures was then evaluated with a bootstrap-
ping procedure.

Statistical methods

Bootstrapping is a statistical technique whereby the
precision of a parameter estimate, such as mean RMS
amplitude, can be evaluated empirically by simulating
the process of sampling population data using observed
sample data (34). The chief advantage of the bootstrap
procedure is that assumptions about the distribution of
the population data (eg, normality) are not required in
order to make inferences about the parameter of inter-
est (35).

The bootstrap procedure begins with an observed
parent data set of sample size N, from which a popula-
tion parameter 6 is to be estimated with the statistic 6.
A resample of size n is randomly drawn with replace-
ment from the original N, such that each value has a
probability 1/N of being chosen for inclusion in the
resample each time a value is selected from the original
sample of size N. The resampling process is repeated a
large number of times (eg, 1000) in order to simulate
the process of repeated sampling from the population
(36). Then 6 is recalculated for each iteration based on
the n resampled values. The distribution of the bootstrap
replicates of é, called the bootstrap distribution, serves
as an estimate of the sampling distribution of . If, for
example, 1000 resampling iterations are executed, then
1000 estimates of & would be produced. The precision
of § can be estimated by either constructing percentile
ranges (36, 37) or calculating the coefficient of variation
(CV) of the 1000 estimates (38). The latter method was
chosen for this study. For each of the 25 participants,
12 bootstrap parent samples of 30 observations each
were obtained from the 30 work cycles of EMG data
(three muscle groups by four EMG summary measures).

400 -

300 +

200 -

100 A

RMS EMG amplitude (%RVE)

_—— ——
—_————— )

Figure 1. Example of the electromyographic
| 9065 F4RVE |10§éc‘1/eoR2VE| 1044 %RVE | 86.4 %RVE | | 04 5 HRVE | (EMG) signal from the flexors. The broken verti-
| 265s 18.7s 202s 269s | | 221s | cal lines indicate cycle start and stop points. The

EMG summary measure calculated for each cycle
| | | | [ [ I is the mean root-mean-square (RMS) amplitude,

' ' in %RVE, and the cycle time is noted. (RVE =
Time(s) reference voluntary exertion)
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Families of bootstrap distribution CV were obtained
from each parent sample by incrementally increasing the
resample size from 1 cycle to 30 cycles and generating
1000 estimates of the EMG summary measure at each
resample size (figure 2).

A fundamental assumption of the bootstrap is that
the data values within the parent sample are statisti-
cally independent (36). Since the parent samples in this
study consisted of time series data, there was concern
that EMG summary measures from successive cycles
may not satisfy the independence criterion. Therefore,
we conducted standard autocorrelation analyses on each
parent sample as a test for independence prior to per-
forming the bootstrap procedure (39, 40). Parent samples
exhibiting significant autocorrelation at lags of one and
two cycles were excluded from further analysis.

The effect of sampling duration on the precision of
an EMG summary measure was estimated by calcu-
lating the CV for each bootstrap distribution of 1000
estimates at each resample size for each muscle group.
For each participant, muscle group, and EMG summary
measure, the minimum resample size needed to obtain
bootstrap distribution CV values of 15%, 10%, and 5%
was determined. A value of 30 cycles was assigned in
cases in which a particular CV level was not achieved.
A one-way repeated-measures analysis of variance
(ANOVA) was used to explore the differences between
the muscle groups in the average minimum resample
size needed to achieve a desired precision level. The
Greenhouse-Geisser correction was used to adjust the
degrees-of-freedom of the models to compensate for
sphericity violations (41), and the Tukey procedure was
used for posthoc pairwise comparisons between the
muscle groups. Separate analyses were conducted at
each precision level for each EMG summary measure.

The total sampling duration of the 30 parent work
cycles, in terms of time, varied among the study par-
ticipants due to the cycle time variation between the
selected tasks. To explore the possibility that cycle time
differences between the participants may have affected
the precision of the bootstrap distributions, we calcu-
lated the Pearson correlation between the average cycle
time and the bootstrap distribution CV associated with a

Parent sample (N = 5)

Iteration
output

Resample

size Randomly selected values Iterations

Fethke et al

resample size of 10 cycles. Altogether, we conducted 12
separate analyses, one for each combination of the EMG
parameters and muscle groups. The data eliminated from
the bootstrap analyses on the basis of the autocorrelation
results were also excluded from the Pearson correlation
analyses.

Results

Due to the presence of auotcorrelation, the number
of participants within each bootstrap analysis set was
reduced slightly. For the mean RMS amplitude and
50th percentile APDF summary measures, the number
of participants was reduced from 25 to 23. For the 90th
and 10th percentile APDF measures, the number of
participants was reduced from 25 to 22. Across all of
the summary measures and muscle groups, 10% of the
overall data set was excluded from the bootstrap analy-
ses due to the presence of autocorrelation at lags of one
and two cycles.

For all of the participants remaining in the analyses
after the autocorrelation procedures, the precision of the
bootstrap distributions for each summary measure and
muscle group increased as the resample size increased
(an example from a typical participant is displayed in
figure 3). Accordingly, for all of the EMG summary
measures and muscle groups, the average bootstrap
distribution CV, the parameter selected as our estimate
of precision, decreased as the resample size increased
(figure 4).

Shown in table 1 are the results of both the bootstrap
analyses and the repeated-measures ANOVA conducted
at the three precision levels for each EMG summary
measure. The average minimum resample size increased
with increasing levels of the bootstrap distribution pre-
cision (ie, a reduction in CV) for all of the summary
measures and muscle groups. At CV levels of 15% and
10%, the 90th percentile of the APDF for the flexors re-
quired the largest average minimum resample sizes [7.5
(8SD=9.6) cycles for a CV of 15% and 11.5 (SD=10.2)
cycles for a CV of 10%]. However, for the 5% CV level,

Resampled
distribution

i [2] 7] — o

e ][] ] —

wrs (2] [3] ] ———[ae] —om

oo [ [2) (o) [] — fd — o — o

Mean, CV
Mean, CV

Figure 2. Block diagram of the bootstrap procedure for
a hypothetical observed parent dataset of five values
and the resample sizes of one through four cycles. (CV
= coefficient of variation

Mean, CV
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the 10th percentile of the APDF for the extensors re-
quired the largest average minimum resample size [20.9
(SD=10.5) cycles]. The smallest average minimum re-
sample sizes at each of the three precision levels were all
found for the extensors [2.0 (SD 1.5) cycles for the 90th
percentile of the APDF and a CV of 15%, 3.6 (SD 3.0)
cycles for the mean RMS amplitude and a CV of 10%,

20 —e— 97.5" percentile
—o— Mean
18 | —v— 2.5" percentile

10t percentile APDF (%RVE)

2 T T T T T T
0 5 10 15 20 25 30

Resample size (cycles)

Figure 3. Bootstrap results from participant number 9 for the extensor
muscle group and the 10th percentile amplitude probability distribution
function (APDF) summary measure. Shown are the 97.5th percentile,
the mean, and 2.5th percentile values of the bootstrap distribution at
each resample size. (RVE = reference voluntary exertion)

40

—e— Flexors
—o— Extensors
—v— Upper trapezius

30 A

20 4

CV =15%

i\
=10%
10 \& cv

CV '=5%

BRRRREESSSSSSS T

Average bootstrap distributionCV (%)

0 5 10 15 20 25 30

Resample size (cycles)

40

—e— Flexors
—o— Extensors
—v— Upper trapezius

30 A

"1

Average bootstrap distribution CV (%)

CV =15%
\‘\\x\ CV =10%
10
CV = 5% %
e
0 T T T T T
0 5 10 15 20 25 30

Resample size (cycles)

and 11.9 (SD 9.0) cycles for the mean RMS amplitude
and a CV of 5%].

The results of the repeated measures ANOVA models
were mixed. For the mean RMS amplitude and the 50th
percentile of the APDF, no significant differences were
found in the average minimum resample size between
the muscle groups at any of the three precision levels.
However, significant differences between the muscle
groups were found for the 90th and 10th percentiles of
the APDF. For the 90th percentile APDF summary mea-
sure, the Tukey posthoc pairwise comparisons indicated
no difference in the average minimum resample size be-
tween the extensors and upper trapezius muscle groups
at any of the three CV levels. The flexors, however,
needed a larger average minimum resample size than
the extensors to obtain each of the three CV levels and
a larger resample size than the upper trapezius for the
15% and 10% CV levels. For the 10th percentile APDF
metric, the upper trapezius muscle required a larger re-
sample size than the flexors at each of the CV levels.

The correlation between the average cycle time
and the bootstrap distribution CV at a resample size
of 10 cycles was statistically significant only for the
90th percentile APDF of the flexor muscle (r 0.48,
P=0.01). The direction of the correlation was positive
and therefore indicated that, as the average cycle time
increased, the bootstrap distribution became less precise.

40

—e— Flexors
—o— Extensors
—v— Upper trapezius

20 4

" \\\\:P\ cv = 10%
ovon T

T %+ % e e 000000

|

CV =15%

Average bootstrap distribution CV (%)

0 5 10 15 20 25 30

Resample size (cycles)

40

o

—e— Flexors
—o— Extensors
—v— Upper trapezius

30 A

20 4

CV =15%

\
\v\\\ \\\ CV =10%
cv =MW

MR IR S T

Average bootstrap distribution CV (%)

T T T T
0 5 10 15 20 25 30

Resample size (cycles)

Figure 4. Average bootstrap distribution coefficient of variation (CV) by resample size. [A: Mean root-mean-square (RMS) amplitude (N=23), B:
10th percentile amplitude probability distribution function (APDF) (N=22), C: 50th percentile APDF (N=23), D: 90th percentile APDF (N=22).
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Table 1. Means and standard deviations of the minimum resample size needed to obtain a bootstrap distribution coefficient of variation
(CV) of 15%, 10%, and 5% with the use of the electromyographic summary measure and muscle group. (RMS = root-mean-square, APDF

= amplitude probability distribution function)

Summary Flexors Extensors Upper trapezius F P- Adjusted
measure value P-value?
Mean SD Mean SD Mean SD
Mean RMS (N=23)
15% CV 3.5 55 2.1 1.3 2.5 1.6 1.23 0.30 0.28
10% CV 5.8 74 3.6 3.0 4.8 3.9 2.37 0.10 0.13
5% GV 14.8 11.3 11.9 9.0 15.1 9.2 1.72 0.19 0.20
90% APDF (N=22)
15% CV 7.5 9.6 2.0 1.5 2.9 2.2 6.32 <0.01 <0.01
10% CV 115 10.2 3.8 3.4 57 47 9.51 <0.01 <0.01
5% CV 19.6 1.2 12.4 9.0 16.6 10.8 5.40 <0.01 <0.01
50% APDF (N=23)
15% CV 5.1 6.1 3.3 3.0 4.4 4.4 1.70 0.19 0.20
10% CV 9.5 9.9 6.8 6.9 8.7 8.0 1.87 0.17 0.17
5% CV 18.2 115 16.5 11.0 20.5 9.7 1.66 0.20 0.20
10% APDF (N=22)
15% CV 2.8 3.2 41 3.2 6.4 7.0 4.21 0.02 0.03
10% CV 57 7.5 8.5 7.4 1.4 10.5 3.58 0.04 0.05
5% GV 13.4 9.8 20.9 10.5 20.7 11.0 4.59 0.02 0.02

a P-value after Greenhouse-Geisser correction for violation of sphericity assumption.

The correlation between the average cycle time and
the estimated precision associated with the mean RMS
amplitude of the flexors was also positive, although it
was not statistically significant. The correlations for
the remaining 10 analyses were both negative and not
statistically significant.

Discussion

Several investigators have sought to quantify the contri-
butions of the different sources of variability affecting
estimates of exposure to physical risk factors obtained
with both observational and direct quantitative measures,
including surface EMG (29, 42-47). Understanding the
nature of exposure variance is essential when exposure
assessment strategies are being developed, especially in
field studies with large numbers of participants perform-
ing multiple and varied tasks. Still, formulations of the
magnitude of different exposure variance components
are dependent at least partially on an adequate preci-
sion of the individual measurements on which they are
based. While previous studies have used bootstrapping
to explore several exposure assessment issues (28, 35,
37, 38, 48), this is the first study using the technique to
examine the effect of sampling duration on the precision
of an individual EMG measurement.

Overall exposure variability in occupational epi-
demiology has been broadly partitioned into between-
participant and within-participant components (49). If
an individual exposure assessment strategy is used, the
components of variance can help estimate the degree of

attenuation of risk estimates resulting from measurement
error (50-53). Attenuation can be substantial if the with-
in-participants variability is large when compared with
the between-participant variability. Our study, however,
cannot be used to estimate attenuation, since within-par-
ticipant variability also included a between-day compo-
nent (28). Similarly, estimates of the within-participant
(within-day) variability could not be generated since, for
each participant, we considered the precision of an EMG
measurement obtained for only one of several tasks
comprising the entire job. Capturing 30 cycles of EMG
across multiple tasks and multiple days was beyond the
scope of our study. In addition, the selection of partici-
pants and tasks was systematic and not representative of
the actual exposure distribution within the facility. As
a result, formulations of between-participant variance
using the current data are also not appropriate.

Aside from showing the general expected finding
of increased precision with increasing resample size,
figure 3 also illustrates the fact that the bootstrap dis-
tributions were asymmetric, especially at low resample
sizes. Although figure 3 indicates positive asymmetry,
negative asymmetry was observed for some persons. The
nonsymmetric bootstrap distributions at low resample
sizes suggest that analytical procedures for estimating
precision which assume normality, such as the classical
confidence interval for the mean, are likely to be error
prone.

Few studies have computed EMG summary mea-
sures of occupational tasks on a cycle-by-cycle basis,
regarding each cycle as a distinct measurement period.
In a controlled laboratory experiment of a 4-second
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fastening task, Mathiassen et al (29) computed between-
cycle CV levels of 16% for the trapezius muscles and
23% for the extensors by dividing the square root of the
within-participant component of variance (via random-
effects ANOVA models) by the overall mean exposure
level. Using similar random-effects ANOVA techniques,
Moéller et al (25) reported between-cycle CV levels
of 11% to 19% for the trapezius and 4% to 14% for
the extensors in a small field study of three electronics
assembly tasks with cycle times ranging from 3 to 4
minutes. In our study, the between-cycle CV levels in the
bootstrap parent samples obtained with random-effects
ANOVA models ranged from 19% to 43%, depending on
the muscle and summary measure (analyses not shown).
The between-cycle CV levels were higher in our data
set for two reasons. First, unlike Mathiassen et al (29),
we collected our data in an uncontrolled field setting.
Second, unlike Moéller et al (25), we did not exclude
work cycles with unexpected periods of rest (eg, a short
delay in production) from the analyses.

The assignment of 30 cycles as the minimum re-
sample size necessary to achieve a specific level of
precision occurred for less than 1% of the participants
at a CV of 15% and less than 5% of the participants at
a CV of 10%. However, the parent samples from nearly
30% of the participants failed to achieve a CV of 5%
within a resample size of 30 cycles. While it is unlikely
that the assignment of 30 cycles for the 15% and 10%
CV levels affected the results, the average minimum
resample size needed to achieve a bootstrap distribution
CV of 5% is probably underestimated. Therefore, cau-
tion is needed before the results from the 5% CV level
are used as a guideline for determining the number of
cycles to sample.

The autocorrelation analyses were critical to the
development of this work. Significant autocorrelation,
especially at small lag values such as one cycle, are
possible indicators of phenomena such as the onset of
localized muscle fatigue, equipment drift, or nonrandom
changes in the work environment occurring during the
original data collection period. While autocorrelation
appeared to be an issue for a small percentage of the
data set, excluding the autocorrelated data did not af-
fect the overall results. If autocorrelation were more
pervasive within the bootstrap parent samples, the EMG
information contained within one work cycle could not
be considered statistically independent of the EMG in-
formation contained within other work cycles.

The independence of work cycles in terms of EMG
information also had an operational benefit regarding the
bootstrap procedure. In field EMG data collection situ-
ations, random work cycles are typically not recorded.
Rather, as was the case with the source data used in
this study, work cycles are sampled as a consecutive
sequence. Ideally, the bootstrap procedure would have
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been performed by randomly selecting blocks of con-
secutive work cycles, rather than by using individual
cycles, during the resampling process to better reproduce
the reality of field data collection. However, selecting
blocks of consecutive work cycles would have reduced
the size of the parent sample available at each resample
size. To maintain a bootstrap parent sample of 30 ob-
servations with a resample size of 30 consecutive work
cycles, EMG data for 59 work cycles would have been
required. Therefore, establishing the independence of
the individual cycles within each parent sample of 30
cycles allowed for a maximum analysis of the available
data.

The average cycle time of the tasks performed by the
25 study participants was consistent with assembly tasks
in both field (54) and laboratory (30) studies. A reason-
able concern was a possible effect of cycle time on the
resample size required to obtain the different levels of
precision, since EMG summary measures computed
over short time periods are more sensitive to transient
changes in muscle activity than measures computed
over long time periods. As a consequence, a low level
of precision (high CV) in the bootstrapped distributions
of exposure estimates may be observed. However, the
correlations between the average cycle time and the
estimated precision revealed a modest effect only for
the 90th percentile APDF of the flexors. The positive
direction of the correlation was somewhat surprising;
however, the decreased precision with increasing av-
erage cycle time may be a consequence of increased
between-cycle exposure variability. Longer cycle times
may give workers more opportunity to vary motion and
effort patterns, so that each cycle has a unique exposure
profile. In general, differences in the average cycle times
of the tasks did not meaningfully influence the results
of the bootstrap analyses. Thus precision of the EMG
summary measures appeared to be more strongly related
to the number of work cycles sampled than to the actual
time duration of the sampling period.

The results of the repeated-measures ANOVA models
imply that different sampling requirements are needed
for different muscle groups, depending on the summary
measure. Obviously, when EMG is carried out with
multiple muscles, a sufficient number of cycles should
be sampled to ensure the desired level of precision for
the muscle group with the greatest degree of exposure
variability. As figure 5 shows, a sampling duration based
on a specific number of work cycles results in exposure
estimates that are more precise for some persons than
for others. However, in epidemiologic studies involving
large numbers of participants performing multiple and
varied tasks, such as the longitudinal study for which
our data were collected, adjusting the sampling dura-
tion based on a priori knowledge of each person’s EMG
profile is not possible. Therefore, applying the bootstrap



procedures outlined by us to a pilot sample of people
with varied exposure can serve to guide the overall expo-
sure assessment effort. If, for example, sampling seven
work cycles per task was adequate, on the average, to
achieve a desired precision level in the pilot data, then
researchers would have a target minimum requirement
to apply to the entire study population.

Mean RMS amplitude and the APDF are common
EMG summary measures found in the ergonomics litera-
ture (55). In terms of exposure to forceful exertion, mean
RMS amplitude is strictly an estimate of average inten-
sity, while the APDF presents the probabilities associ-
ated with different intensity levels over the duration of
the recording. Other EMG analysis techniques, such as
exposure variation analysis (56) and gap analysis (57),
provide insight into different aspects of overall exposure.
Gap analysis, for instance, quantifies the frequency and
duration of periods of muscular rest. Therefore, apply-
ing the methods used by us to additional EMG summary
measures may provide different results.

Cyclic manufacturing work is an ideal scenario for
the use of the bootstrap procedure described in this
study. The video recordings obtained at the time of the
EMG measurement allowed for a straightforward demar-
cation of the work-cycle end points. However, the EMG
data in this study represent a subsample obtained from
a larger population of manufacturing workers employed
within a single facility. Thus the results may not be ap-
plicable to repetitive work with different exposure and
cycle time features. Highly variable noncyclic work is
a characteristic of many industries with high rates for
upper-extremity musculoskeletal disorders, such as con-
struction and agriculture (23, 48, 58, 59). In such cases,
work is not machine-paced and exposure to physical risk
factors has little or no periodicity.

Adapting the bootstrap procedure to study the effect
of sampling duration on exposure estimate precision for
noncyclic work may prove problematic. First, rather than
originating from well-defined work cycles, the bootstrap
parent samples would need to be based on periods of
EMG activity of equal lengths of time (eg, 1-minute
segments). In addition, since noncyclic work may be
composed of long periods in tasks with differing mean
exposure levels, autocorrelation of the EMG information
is more likely to be an issue than in cyclic work (60). In
this case, wholeday EMG recordings may be the most
viable solution for obtaining precise exposure estimates.
However, even EMG summary measures obtained from
wholeday recordings may not accurately capture aggre-
gate exposure since the nature of the work conditions
may change on a day-to-day basis.

In conclusion, the asymmetry about the mean of the
bootstrap distributions at small resample sizes suggests
that bootstrapping, which does not require normally dis-
tributed data, was an appropriate strategy for exploring
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Figure 5. Bootstrap distribution coefficient of variation (CV) by the
resample size for the mean root-mean-square (RMS) amplitude elec-
tromyographic (EMG) summary measure, flexors only (N=23). Each
trace represents one participant. A line corresponding to the 15% CV
has been added for reference.

the effect of the number of work cycles sampled on
exposure estimate precision in this study. Autocorrela-
tion, while present to a small extent, did not invalidate
the bootstrap assumption of independence of the EMG
information between adjacent work cycles for most of
the study participants.

Depending on the desired precision level, the dif-
ference in sampling requirements between the least
and most variable muscle group ranged from three to
eight work cycles. Intuitively, when EMG is carried out
for multiple muscles, the number of work cycles to be
sampled simultaneously should be specified according
to the muscle group with the greatest degree of expected
between-cycle variability. For some of the summary
measures and muscle groups examined in this study,
sampling as few as three work cycles was sufficient to
achieve a 15% coefficient of variation of the empirically
derived sampling distribution of exposure estimates.

Acknowledgments

This research was supported by a research training grant
for a pilot project from the Heartland Center for Oc-
cupational Health and Safety at the University of Iowa
and the National Institute for Occupational Safety and
Health (NIOSH) (grant T42/0OH008491). Additional
support was provided by NIOSH grant RO1/OH007945-
01A1.

The contents are solely the responsibility of the au-
thors and do not necessarily represent the official views
of the National Institute for Occupational Safety and
Health. The authors thank the management, production
supervisors, and the workers at the study facility for
their gracious assistance with this project.

Scand J Work Environ Health 2007, vol 33, no 5 369



Electromyography—sampling duration and precision

References

10.

11.

12.

13.

14.

16.

17.

366

Bernard BP. Musculoskeletal disorders (MSDs) and workplace
factors: a critical review of epidemiologic evidence for work-
related musculoskeletal disorders of the neck, upper extremity,
and low back. Cincinnati (OH): US Department of Health and
Human Services, National Institute for Occupational Safety
and Health; 1997.

National Research Council—Institute of Medicine. Muscu-
loskeletal disorders and the workplace. Washington (DC):
National Academy Press; 2001.

. Frost P, Andersen JH, Nielsen VK. Occurrence of carpal tun-

nel syndrome among slaughterhouse workers. Scand J Work
Environ Health. 1998;24(4):285-92.

Silverstein BA, Fine LJ, Armstrong TJ. Occupational factors
and carpal tunnel syndrome. Am J Ind Med. 1987;11:343-58.
Kearns J, Gresch EE, Weichel CY, Eby P, Pallapothu SR. Pre-
and post-employment median nerve latency in pork processing
employees. J Occup Environ Med. 2000;42:96-100.

Leclerc A, Landre MF, Chastang JF, Niedhammer I, Roque-
laure Y, the Study Group on Repetitive Work. Upper-limb
disorders in repetitive work. Scand J Work Environ Health.
2001;27(4):268-78.

Feveile H, Jensen C, Burr H. Risk factors for neck-shoulder
and wrist-hand symptoms in a 5-year follow-up study of
3,990 employees in Denmark. Int Arch Occup Environ Health.
2002;75:243-51.

Descatha A, Leclerc A, Chastang JF, Roquelaure Y, The
Study Group on Repetitive Work. Medial epicondylitis in oc-
cupational settings: prevalence, incidence and associated risk
factors. J Occup Environ Med. 2003;45:993-1001.

Andrews DM, Norman RW, Wells RP, Neumann P. The accu-
racy of self-report and trained observer methods for obtaining
estimates of peak load information during industrial work. Int
J Ind Ergon. 1997;19:445-55.

Burdorf A, van der Beek A. Exposure assessment strategies for
work-related risk factors for musculoskeletal disorders. Scand
J Work Environ Health. 1999;25 suppl 4:25-30.

Hansson GA, Balogh I, Unge Bystrom J, Ohlsson K, Nordan-
der C, Asterland P et al. Questionnaire versus direct technical
measurements in assessing postures and movements of the
head, upper back, arms and hands. Scand J Work Environ
Health. 2001;27(1):30-40.

Spielholz P, Silverstein B, Morgan M, Checkoway H, Kaufman
J. Comparison of self-report, video observation and direct
measurement methods for upper extremity musculoskeletal
disorder physical risk factors. Ergonomics. 2001;44:588-613.
Winkel J, Mathiassen SE. Assessment of physical work load
in epidemiologic studies: concepts, issues and operational
considerations. Ergonomics. 1994;37:979-88.

Mathiassen SE, Winkel J, Higg GM. Normalization of surface
EMG amplitude from the upper trapezius muscle in ergonomic
studies—a review. J Electromyogr Kinesiol. 1995;5:197-226.

. Bao S, Silverstein B, Cohen M. An electromyography study

in three high risk poultry processing jobs. Int J Ind Ergon.
2001;27:375-85.

Anton D, Gerr F, Meyers A, Cook TM, Rosecrance JC, Reyn-
olds J. Effect of aviation snip design and task height on upper
extremity muscular activity and wrist posture. J Occup Environ
Hyg. 2007;4:99-113.

Veiersted KB , Westgaard RH, Andersen P. Electromyographic
evaluation of muscular work pattern as a predictor of trapezius
myalgia. Scand J Work Environ Health. 1993;19:284-90.

Scand J Work Environ Health 2007, vol 33, no 5

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

. Malchaire JB , Cock NA, Robert AR. Prevalence of musculo-

skeletal disorders at the wrist as a function of angles, forces,
repetitiveness and movement velocities. Scand J Work Environ
Health. 1996;22(3):176-81.

. Hansson G-A, Balogh I, Ohlsson K, Palsson B, Rylander L,

Skerfving S. Impact of physical exposure on neck and upper
limb disorders in female workers. Appl Ergon. 2000;31:301-
10.

Babski-Reeves K, Crumpton-Young L. The use of continuous
exposure data for predicting CTS in fish processing operators.
Ergonomics. 2003;46:747-59.

Sporrong H, Sands;jo L, Kadefors R, Herberts P. Assessment of
workload and arm position during different work sequences:
a study with portable devices on construction workers. Appl
Ergon. 1999;30:495-503.

Hansson G-A, Asterland P, Kellerman M. Modular data log-
ger system for physical workload measurements. Ergonomics.
2003;46:407-15.

Anton D, Cook TM, Rosecrance JC, Merlino LA. Method
for quantitatively assessing physical risk factors during
variable noncyclic work. Scand J Work Environ Health.
2003;29(5):354-61.

Balogh I, Hansson G—A, Ohlsson K, Stromberg U, Skerfving S.
Interindividual variation of physical load in a work task. Scand
J Work Environ Health. 1999;25:57-66.

Moller T, Mathiassen SE, Franzon H, Kihlberg S. Job enlarge-
ment and mechanical exposure variability in cyclic assembly
work. Ergonomics. 2004;47:19-40.

Aarés A, Veiergd MB, Larsen S, Ortengren R. Reproducibility
and stability of normalized EMG measurements on musculus
trapezius. Ergonomics. 1996;39:171-85.

Veiersted KB . Reliability of myoelectric trapezius muscle ac-
tivity in repetitive light work. Ergonomics. 1996;39:797-807.
Mathiassen SE, Burdorf A, van der Beek AJ. Statistical power
and measurement allocation in ergonomic intervention studies
assessing upper trapezius EMG amplitude: a case study of as-
sembly work. J Electromyogr Kinesiol. 2002;12:45-57.
Mathiassen SE, Moller T, Forsman M. Variability in me-
chanical exposure within and between individuals perform-
ing a highly constrained industrial work task. Ergonomics.
2003;46:800-24.

Nordander C, Balogh I, Mathiassen SE, Ohlsson K, Unge J,
Skerfving S, et al . Precision of measurements of physical
workload during standardised manual handling, part I: surface
electromyography of m. trapezius, m. infraspinatus and the
forearm extensors. J Electromyogr Kinesiol. 2004;14:443—
54.

Zipp P. Recommendations for the standardization of lead
positions in surface electromyography. Eur J Appl Physiol.
1982;50:41-54.

Fuller H. Evaluation of a rapid electromyographic normaliza-
tion method for use in ergonomics studies [master’s thesis].
Towa City (IA): University of lowa; 2005.

Fethke N, Anton D, Fuller H, Cook T. A versatile program for
the analysis of electromyographic data. In: Proceedings of the
48th Annual Meeting of the Human Factors and Ergonomics
Society (HFES), New Orleans, USA. Santa Monica (CA):
HFES; 2004. p 2099-2103.

Blank S, Seiter C, Bruce P. Resampling Stats in Excel, Version
2. Arlington (VA): Resampling Stats, Inc; 2001.

Burdorf A, van Riel M. Design of strategies to assess lumbar
posture during work. Int J Ind Ergon. 1996;18:239-49.

Efron B, Tibshirani R. Bootstrap methods for standard errors,
confidence intervals, and other measures of statistical accuracy.



37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

Stat Sci. 1986;1:54-75.

Hoozemans MJ, Burdorf A, van der Beek AJ, Frings-Dresen
MH, Mathiassen SE. Group-based measurement strategies in
exposure assessment explored by bootstrapping. Scand J Work
Environ Health. 2001;27(2):125-32.

van Dieén JH, Hoozemans MJ, van der Beek AJ, Mullender M.
Precision of estimates of mean and peak spinal loads in lifting.
J Biomech. 2002;35:979-82.

Box GEP, Jenkins GM, Reinsel GC. Time series analysis: fore-
casting and control. 3rd ed. Englewood Cliffs (NJ): Prentice
Hall; 1994.

Shumway RH, Stoffer DS. Time series analysis and its applica-
tions. New York (NY): Springer-Verlag; 2000.

Keselman HJ, Algina J, Kowalchuk RK. The analysis of re-
peated measures designs: a review. Br J Math Stat Psychol.
2001;54:1-20.

Burdorf A. Sources of variance in exposure to postural load on
the back in occupational groups. Scand J Work Environ Health.
1992;18:361-7.

Burdorf A, van Duuren L. An evaluation of ergonomic im-
provements in the woodworking industry. Ann Occup Hyg.
1993;37:615-22.

van der Beek AJ, Kuiper JI, Dawson M, Burdorf A, Bongers
PM, Frings-Dresen MH. Sources of variance in exposure to
nonneutral trunk postures in varying work situations. Scand J
Work Environ Health. 1995;21(3):215-22.

Akesson I, Hansson G—A, Balogh I, Moritz U, Skerfving S.
Quantifying work load in neck, shoulders and wrists in female
dentists. Int Arch Occup Environ Health. 1997;69:461-74.
Mathiassen SE, Nordander C, Svendsen SW, Wellman HM,
Dempsey PG. Task-based estimation of mechanical job ex-
posure in occupational groups. Scand J Work Environ Health.
2005;31(2):138-51.

Hansson GA, Arvidsson I, Ohlsson K, Nordander C, Mathi-
assen SE, Skerfving S, et al . Precision of measurements of
physical workload during standardised manual handling, part
II: inclinometry of head, upper back, neck and upper arms. J
Electromyogr Kinesiol. 2006;16:125-36.

Paquet V, Punnett L, Woskie S, Buchholz B. Reliable expo-
sure assessment strategies for physical ergonomics stressors
in construction and other non-routinized work. Ergonomics.
2005;48:1200-19.

Rappaport SM , Kromhout H, Symanski E. Variation of expo-

50.

S1.

52.

53.

54.

55.

56.

57.

58.

59.

60.

Fethke et al

sure between workers in homogeneous exposure groups. Am
Ind Hyg Assoc J. 1993;54:654-62.

Liu K, Stamler J, Dyer A, McKeever J, McKeever P. Statistical
methods to assess and minimize the role of intra-individual
variability in obscuring the relationship between dietary lipids
and serum cholesterol. J Chronic Dis. 1978;31:399-418.
Seixas NS, Sheppard L. Maximizing accuracy and precision
using individual and grouped exposure assessments. Scand J
Work Environ Health. 1996;22(2):94-101.

Tielemans E, Kupper LL, Kromhout H, Heederik D, Houba
R. Individual-based and group-based occupational exposure
assessment: some equations to evaluate different strategies.
Ann Occup Hyg. 1998;42:115-9.

Loomis D, Kromhout H. Exposure variability: concepts and
applications in occupational epidemiology. Am J Ind Med.
2004;45:113-22.

Latko WA, Armstrong TJ, Foulke JA, Herrin GD, Rabourn
RA, Ulin SS. Development and evaluation of an observational
method for assessing repetition in hand tasks. Am Ind Hyg
Assoc J. 1997;58:278-85.

Jonsson B. Measurement and evaluation of local muscular
strain in the shoulder during constrained work. J] Hum Ergol
(Tokyo). 1982;11:73-88.

Mathiassen SE, Winkel J. Quantifying variation in physical
load using exposure-vs-time data. Ergonomics. 1991;34:1455-
68.

Veiersted KB , Westgaard RH, Andersen P. Pattern of muscle
activity during stereotyped work and its relation to muscle
pain. Int Arch Occup Environ Health. 1990;62:31-41.
Spielholz P, Wiker SF, Silverstein B. An ergonomic charac-
terization of work in concrete form construction. Am Ind Hyg
Assoc J. 1998;59:629-35.

Buchholz B, Paquet V, Wellman H, Forde M. Quantification
of ergonomic hazards for ironworkers performing concrete
reinforcement tasks during heavy highway construction. Am
Ind Hyg Assoc J. 2003;64:243-50.

Mathiassen SE, Burdorf A, van der Beek AJ, Hansson G-A. Ef-
ficient one-day sampling of mechanical job exposure data—a
study based on upper trapezius activity in cleaners and office
workers. Am Ind Hyg Assoc J. 2003;64:196-211.

Received for publication: 11 December 2006

367

Scand J Work Environ Health 2007, vol 33, no 5



	Bootstrap Exploration of the Duration of Surface Electromyography Sampling in Relation to the Precision of Exposure Estimation
	Citation Information

	Bootstrap Exploration of the Duration of Surface Electromyography Sampling in Relation to the Precision of Exposure Estimation
	Copyright Statement
	Creative Commons License

	tmp.1647871093.pdf.n_QsY

