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ABSTRACT
Human movement is characterized by its variability: the same task is never performed twice in
exactly the same way. This variability is believed to play a functional role in movement performance
and adaptability, as well as in preventing musculoskeletal damage. This article focuses on the
time-evolution of movement variability throughout a repetitive pointing task until exhaustion. The
kinematics of 13 subjects performing the pointing task is analyzed. Principal Component Analysis
of joint angles identifies joint coordinations for each pointing cycle, and cycle-by-cycle comparison
highlights movement variability. Non-supervised clustering reveals that subjects adopt successive
coordination patterns at an intra-individual level. Inter-individual variability is characterized by the
number and type of such patterns: from 3 to 5 patterns, mobilizing the trunk, the shoulder and the
upper limbs differently. Movement variability exists even in a seemingly basic and constrained task.
It appears in the very early stages of fatigue onset, and may correspond to adaptative coordination
responses throughout task performance. This observation should encourage workstation designers to
better account for movement variability in order to preserve operators’ health and safety.

1. Introduction
Movement variability (MV) is a primary feature of hu-

man motion: whether considering one person at different
times, or several different people, a prescribed movement is
never performed exactly the same way twice [1–5]. This also
applies to movements at the workstation, which should have
implications on the way such work equipment is designed.

Motor control theories state that MV is related to the
redundancy, or rather to the abundancy, of the locomotor
system and its control: the number of degrees of freedom
(DOF) required to perform a manual task is generally lower
than the number of DOF in the human body, the latter
being itself far lower than the number of its actuating units,
namely muscles. This abundancy (in kinematics and actua-
tion) theoretically offers a large number of ways to perform
a prescribed task [6]. The literature demonstrates a growing
interest in this topic [7–9].

At the workstation, MV can be influenced by factors
related to the prescribed task (pace, weight of the tools used,
the geometry and dimensions of the workstation, the nature
of the task, etc.). It may also be influenced by factors intrinsic
to the operators themselves (physical performance, gender,
age, expertise, presence of pain, muscle fatigue, etc.). This
MV results in changes over time in the postures, trajecto-
ries, amplitudes of movement, intra- and inter-segmental
coordinations, actuating torques and muscle activations of
the operator. For instance, during a sawing activity, Côté et
al. observed a decrease in the joint range of motion of the

https://doi.org/10.1016/j.apergo.2021.103464
∗Corresponding author

jonathan.savin@inrs.fr (J. Savin)
ORCID(s): 0000-0002-7479-7898 (J. Savin); 0000-0002-2125-9172 (C.

Gaudez); 0000-0002-1875-2097 (V. Padois)

elbow of 7° [10]. More fundamental movements have also
been studied. During a repetitive reaching task, Fuller et al.
observed a lateral shift of about 12 mm of the pelvis, as well
as an elevation of about 11.7 mm of the shoulder [11].

Despite the prevalence of MV, workstation designers
are usually hardly aware of it. Although small, these vari-
ations can be significant in terms of risk factors assess-
ment. Neglecting these drifts in operators’ posture, positions
and exertions related to MV can lead to erroneous risk
assessments, and ultimately inappropriate technical choices
in workstation design. In fact, risk factor assessment is a
mandatory step in the design process of workstations, as
stated in the “EU Machinery Directive” currently in force
in Europe [12]. Specifically, work-equipment designers must
reduce the risks at the workstation as much as possible, from
the earliest stages of workstation design. This approach is
called design-integrated risk prevention.

During the early stages in the design of completely
newmachines and workstations, this risk assessment usually
relies on digital simulation of the worker’s future activity.
Designers may use Digital Human Models (DHM) to check
the feasibility of the prescribed task and assess the associated
musculoskeletal risk factors thanks to ergonomics indices
such as RULA [13], REBA [14], OCRA [15] or EAWS
[16]. As an example, let us consider a fictional workstation
where an operator is to assemble parts of an engine (cf. fig-
ure 1). For safety, the designer adds a casing (carter) with an
aperture for safe manual operation. Thanks to a DHM, the
designer can compute a nominal trajectory of the operator’s
hand as well as an ergonomics index for the task. But the
operators’ activity is highly constrained by the carter, and
they may soon experience discomfort, fatigue or pain even
if the nominal postures and exertions have been deemed
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Figure 1: Simulation of a �ctional workstation. Current DHM
tools consider both con�gurations as equivalent because they
omit MV, potentially leading to the under-estimation of risk
factors. Adding MV simulation features in DHM software may
help designers improve workstation risk factors' assessment.

“ergonomically correct”. Physical risks (collision with the
carter) or biomechanical stresses induced by constrained
movements may be under-estimated or omitted if MV is
ignored.

Hence, a major challenge in workstation design engi-
neering entails improvingDHM tools so that they can also be
used to simulate operators’ MV and improve the assessment
of risk factors at the workstation [9] with simulations which
are closer to the real activity of operators.

As an initial preliminary step toward this ambitious goal,
the present study aims to characterize the time-evolution of
MV throughout a fundamental repetitive task where MV
is assumed to be mainly induced by a single identified
factor. Our exploratory experiment relies on a fundamen-
tal repetitive pointing task with muscle fatigue. Indeed, as
muscle fatigue relies on force–repetition interactions which
are a possible risk factor for Musculo-Skeletal Disorders
(MSD) [17] it may therefore be a concern for workstation
designers. Although the task is a very fundamental one, it
leads to dynamic movements which can be found at most
workstations (picking and placing assembly parts, reaching
a control switch button, etc.).

Such a fundamental activity with muscle fatigue has
already been described in the literature, for instance by Côté
et al. [11, 18–22]. These papers deal with “binary” com-
parisons of the subjects’ postures and movements (before or
after fatigue, male or female, with or without pain, with or
without additionalmass attached to thewaist, etc.). The same
activity has also been studied by Fuller et al. (2011) who
focused on the time evolution of postures and movements,
but on a discrete perspective (only parts of the pointing
trajectories for the first 10 seconds of each minute were
analyzed).

In this study, we focus on a cycle-by-cycle analysis of
MV, more precisely on the continuous time evolution of
joint angles until exhaustion. Indeed, joint angles are key
parameters for ergonomics indices usually used by work-
station designers to assess MSD risks. study relies on well-
established mathematic tools: firstly, a Principal Component
Analysis (PCA) is used to filter recorded signals and build di-
mensionless indices of joint coordination (cf. section 2.4.3);
then a non-supervised Hierarchical Ascending Classifica-
tion (HAC) is applied to the afore-mentioned PCA indices

Feature Mean ± standard deviation

Age 25.8 ± 3.1 years
Height 1.79 ± 0.06 m
Mass 78.6 ± 7.5 kg
Body Mass Index (BMI) 24.6 ± 2.5 kg∕m2

Table 1
Main anthropometric features for the 13 subjects.

in order to automatically identify successive coordination
patterns (cf. section 2.4.5). Finally, the RULA ergonomics
index is computed for the first and last patterns of MV iden-
tified. This approach is intended to highlight the potential in-
fluence of MV on occupational risk assessment and provide
information about MV evolution in order to investigate the
adaptations in posture and movement identified by Fuller et
al. [23]. This approach would also increase our knowledge
about human behavior which may later be modelled and
implemented into workstation design tools such as DHM to
simulate operators’ MV from the early stages of workstation
design.

2. Material and methods
2.1. Participants

13 subjects volunteered to participate in the experiment.
Exclusion criteria were defined to ensure the consistency
of the data recorded and their interpretation: the subjects
were all male, right-handed, with “ordinary” physical per-
formance (subjects were not competitive sportsmen in dis-
ciplines that strongly involve the shoulders such as tennis,
swimming, etc.) and no history of musculoskeletal pathol-
ogy of the upper limbs. Table 1 presents the main anthropo-
metric features of the 13 subjects.

Experimental data were recorded for the 13 subjects,
but some could not be analyzed due to instrumentation
issues. For some subjects and signals, data were missing or
unusable. The number of subjects or signals considered is
specified hereafter, depending on the analysis carried out.
2.2. Experimental protocol

This protocol is based on the observation of a repetitive
pointing task with fatigue similar to the one described by
Côté et al. [11]. The subjects stood without moving their
feet. They were asked to touch two targets placed in front
of them alternately. The distal target (DST) was a vertical
disk (diameter 10 mm) placed at a distance equivalent to
100% of the participants upper-limb length, the proximal
target (PRX) a vertical cylinder (height 100 mm, diameter
16 mm) placed at 30% of that distance. Both targets were
placed at shoulder height. The rate of a single movement
forwards and backwards was fixed at 2 s by a metronome.
The onset of fatigue was brought on by the instruction given
to the subjects to maintain the upper limb at shoulder height,
materialized by an elliptical obstacle located close to the
proximal target which prevented participants lowering their
limbs (cf. figure 2).
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Figure 2: Experimental set-up: repetitive pointing task with
fatigue. Subjects touch a vertical cylinder (proximal target
PRX), then reach a disk (distal target DST) and go back
to PRX. An elliptical obstacle forces the elbow to remain at
shoulder height when the subject is close to PRX.

The study was approved by the local ethics committee
and conformed to the standards set by the World Medical
Association - Declaration of Helsinki “Ethical Principles for
Medical Research Involving Human Subjects” [24].
2.2.1. Experimental conditions

Three experimental conditions were considered:
Nominal (NOM) The objective of this condition was to

characterize the chronological evolution of MV. The
subjects executed the task continuously, until one of
the stopping criteria was reached (cf. section 2.2.2).

Calibration (CAL) This condition was aimed at charac-
terizing the decrease in strength production capac-
ity associated with the onset of muscle fatigue. In
this modality, the subject temporarily interrupted the
pointing movement during the last 4 s of each minute
to perform a measurement of maximal voluntary exer-
tion (MVE). The abduction force of the right shoulder
was measured by a sensor located above the elbow
as the subject touched the proximal target (cf. fig-
ure 2). This condition was derived from the protocol
described in [25] and other works which include brief
interruptions of the main task to quantify the onset of
fatigue [26]. The CAL condition was continued until
one of the stop criteria was met (cf. section 2.2.2).

Control (CTR) The purpose of this last condition was to
test whether intermittent measurements of voluntary
maximal exertion induced significant fatigue. In this
condition, the subjects were at rest for 56 seconds,
with the elbow resting on the elliptical obstacle. Then
they exerted anMVE for 4 seconds before returning to
the resting position. This rest/MVE cyclewas repeated
for a duration equal to that observed in the CAL
condition.

The subjects started randomly with either the NOM or
CAL condition, the CTR condition was always performed
last. A rest period of 1 hour was observed between each
condition to achieve a full recovery.
2.2.2. Stop criteria

In the NOM and CAL conditions, the pointing task was
performed until the first of the following events occurred:

• the perceived exertion, expressed using the BorgCR10scale [27], reached a score of 8 or higher. This cri-
terion is denoted “RPE” (rate of perceived exertion)
hereafter;

• the subject failed to maintain the altitude set point and
touched the obstacle placed under their elbow. The
experimenter reminded the subject of this altitude set
point and encouraged them to carry on. The exercise
was stopped on the third contact. This criterion is
denoted “Altitude” hereafter;

• the subject gave up or asked to. This criterion is
denoted “Abort” hereafter.

“Completion time” tc is the total duration of the pointingactivity up to the point that any one of these events occurred.
2.3. Data acquisition

Before the experiment, several measurements were car-
ried out on each subject: height, mass, length of the out-
stretched arm as well as leg length, shoulder height, knee
and ankle length and elbow circumference in order to set up
the kinematic model of the subject. During the experiment,
the following data were collected:
Motion capture (MOCAP): 39 markers were placed on

the subject’s body according to the Vicon “Plug-in-
Gait” marker set, except for the marker RFIN which
was placed at the extremity of the pointing finger
instead of at the middle knuckle on the right hand
(cf. figure 3). Their cartesian positions were recorded
at 100 Hz using 19 VICON cameras (T10, T10S and
Vero 2.2) controlled by a Nexus 2.5 station. Once
the MOCAP markers were set up, a static posture
recording was made in a reference position (subject
standingwith both arms horizontal, extended forward)
for 5 s.

Muscle activity: surface electromyographic (sEMG) activ-
ity was recorded (wireless ZeroWire system, Cometa).
The muscles considered were deltoideus pars ante-
rior (DELA), pars medialis (DELM ) and pars pos-
terior (DELP ), biceps brachii caput longum (BIC),
triceps brachii caput longum (TRI) and trapezius
pars descendens (TRAD). The EMG electrodes were
positioned in line with the recommendations of the
SENIAM project [28]. The acquisition frequency was
1 kHz. A 4-second-long maximal voluntary contrac-
tion was recorded for the 6 muscles studied before the
pointing task for the purpose of normalization.
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Video recording: this was synchronized with the motion
and EMG data, and was carried out to facilitate an a
posteriori interpretation of the activity (identification
of missed targets, parasitic movements, etc.).

MVE force recording: shoulder abductionMVEwas recorded
by a force transducer (Schunk model FTS-DELTA
660-60 together with its conditioner). This data was
synchronized with the motion capture. Only the verti-
cal force FZ was recorded.

Rating of Perceived Exertion: a subjective rate of per-
ceived exertion (RPE) at the shoulder was requested
orally from the subject at the end of each minute (just
before the MVE for the CAL condition). Numerical
values and descriptive labels of the Borg CR10 scale
were displayed below the DST target throughout the
experiment.

2.4. Data processing
2.4.1. EMG data

Two descriptors of the EMG activity were calculated for
each muscle under consideration:

• the amplitude  of the EMG envelope, calculated
by rectification of the EMG signal and bidirectional
Butterworth low-pass filtering of the 4th order with
cut-off at 6 Hz which is equivalent to computing its
Root Mean Square (RMS) [29];

• the mean frequency  , calculated from the EMG
signal filtered between 20 and 400 Hz.

These descriptors were chosen because they are com-
monly used to confirm the onset of muscle fatigue through
the Joint Analysis of the EMG Amplitude and Spectrum
(JASA) criterion [30]. Themean frequencywas computed by
means of Python packages (scipy.signal and numpy.fft). In-
stantaneous values of these descriptors were aggregated dur-
ing pointing cycles (PRX→ DST→ PRX trajectory, cf. fig-
ure 3) of about 2 s.
2.4.2. Kinematic MV quantification

First, raw MOCAP data were formatted using Motion
Analysis Cortex software (version 3.16) for both static pos-
ture and the NOM-condition pointing activity recordings:
marker occlusions and permutations were corrected before
data filtering (low-pass 4th order Butterworth with cut-off at
20 Hz). Additional ‘virtual’ markers were also added (pelvis
center, joint centers, cf. figure 3). The subjects’ geometry and
marker positions on their limbs were then computed from
the static recording using the OpenSim software scaling tool
(version 3.2) [31]. Finally, the OpenSim ik tool was used to
compute the inverse kinematics of the pointing activity for
the whole body. The DOFs of the upper body used for the
subsequent processes and analysis are listed in table 2.
2.4.3. Cycle-by-cycle PCA of joint angles

Principal Component Analysis (PCA) has been used
in several other works to identify movement coordinations

Figure 3:MOCAP markers placed according to the Plug-in Gait
convention and additional virtual markers (yellow or grey) used
for inverse kinematics. One pointing cycle consists in starting
from the proximal target PRX, then touching the distal target
DST and �nally returning to PRX (purple). For interpretation
of the references to color in this �gure legend, the reader is
referred to the Web version of this article.

Link DOF (Axis) Label

Lower
Trunk

Flexion (Z) LwTrk_Flx
Lateral �exion (X) LwTrk_Lat
Rotation (Y) LwTrk_Rot
AP translation (X) -
Lateral translation (Z) -
Vertical translation (Y) -

Upper
Trunk

Flexion (Z) UpTrk_Flx
Lateral �exion (X) UpTrk_Lat
Rotation (Y) UpTrk_Rot

Clavicle
Elevation (X) RightClav_Elv
Protraction (Y) RightClav_Prt

Shoulder
Flexion (Z) RightArm_Flx
Abduction (X) RightArm_Abd
Rotation (Y) RightArm_Rot

Elbow
Flexion (Z) RightForeArm_Flx
Pronation (X) RightForeArm_Prn

Wrist
Flexion (Z) RightHand_Flx
Abduction (X) RightHand_Abd

Table 2
Upper body joints and translation DOFs used for inverse
kinematics. All 15 joint DOFs were further processed by PCA
to identify joint coordinations.

[32, 33]. The aim of PCA is to transform N interrelated
signals si∈[1,N] into N new decorrelated variables �i∈[1,N]called “modes”.Modes are computed by linear combinations
of the initial signals weighted by coefficients denoted �ji(cf. equation 1). For a complete presentation of PCA and the
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computation of modes �i and weights �ji , see [32].

�j∈[1,N] =
N
∑

i=1
�ji sj (1)

In the specific context of movement analysis, thanks to
the weights �ij and modes �i, one can identify signals in
phase or antiphase, as well as those that contribute little or
significantly to the movement (cf. figure 11 in Appendix C).
However, as Kukke stated, PCA “does not specify how
movement is coordinated from a neurophysiological point
of view, but rather how different DOFs are coordinated with
each other” [33].

In order to analyze the time evolution of movement
coordinations, pointing cycles were segmented as follows:
each cycle starts and ends at the contact with the proximal
target PRX (PRX→DST→PRX trajectory, cf. figure 3). For
each cycle of each subject, a PCA was performed on all joint
angles of interest, with a total of N = 15 analyzed joint
DOFs (cf. table 2). PCA was not performed directly on the
joint angles qi∈[1,N]. Instead, those signals were processed
according to the approach described by Kukke et al. [33].
First, a range normalization was performed so that joint
angles were converted to values in the interval [0, 1] over
the whole experiment, with t0 and tf being the start and the
end of the pointing task (cf. equation 2).

q̃i∈[1,N]
(

t ∈ [t0, tf ]
)

=
qi(t) − qmini

qmaxi − qmini
(2)

qmini = min
t∈[t0,tf ]

qi(t) (3)
qmaxi = max

t∈[t0,tf ]
qi(t) (4)

Then, these normalized signals q̃i were resampled ac-
cording to time on a cycle-per-cycle basis. For each pointing
cycle k, let tkPRX be the beginning of the k-th cycle, tkDST the
end of the forward movement and tk+1PRX the beginning of the
next cycle. Let t̂i∈[0,100] be the resampling instants so that
t̂i∈[0,50] are 51 evenly spaced instants corresponding to the
movement PRX→DST, and t̂i∈[50,100] are 50 evenly spaced
instants corresponding to the reversemovementDST→PRX.
We now consider the range-normalized time-resampled sig-
nals q̂ki (t̂) deduced by linear interpolation from q̃i(t) with
t ∈ [tkPRX , t

k+1
PRX[. Figure 4 shows signals for all joint angles,

one pointing cycle and one subject. Figure 5 shows the
corresponding first 3 modes of the PCA and figure 11 shows
PCA weights for the first mode only for the same pointing
cycle and subject as in figure 4.

An additional advantage of PCA is that modes �i canbe ordered according to the part of the initial information
they contain so that the study can be restricted to a limited
number of modes, thereby reducing the dimensionality of
the analysis. For all the pointing cycles and all subjects, the
first mode �1 of PCA corresponded approximately to a bell-
shaped periodic movement (cf. figure 5). It contained most
of the information about the pointing movement (≳ 90%).
Thus, for subsequent analysis, only this mode was studied.

Figure 4: Raw joint angles values qi(t) for one cycle and one
subject.

Figure 5: PCA modes �i∈[1,3] and explained variance for one
cycle and one subject. Mode �1 comprises about 90% of total
variance of this cycle.

2.4.4. Intra-individual comparison of PCA weights
Once PCA has been computed for each of theNc point-ing cycles for one subject, we analyzed the time-evolution

ofMV bymeans of a cycle-by-cycle comparison within each
subject. To this end, we studied the time series of the weights
�1j (k) for cycles k ∈ [1, p] and DOF j ∈ [1, N]. More
precisely, we computed the relative difference between the
weight �1j (k) of DOF j in the first mode �1 at cycle k and a
reference weight �̄1j for a fictional movement defined as the
mean of cycles 6 to 10 (cf. equation 5), chosen arbitrarily
according to the hypothesis that the pointing movement was
stabilized in the very first 6 cycles [34] and that fatigue onset
was not yet significant. Finally, a normalized variable �j(k)
was computed relative to the range of the �1j in order not to
discriminate between DOFs that contribute little and DOFs
that contributed significantly to the mode �1 (cf. equation 6).

�̄1j =
1
5

∑

k∈[6,10]
�1j (k) (5)
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�j(k) =
�1j (k) − �̄

1
j

maxNk=1 �
1
j (k) − minNk=1 �

1
j (k)

(6)

The time evolution of �j(k) can be summarized in “co-
ordination maps” (one for each subject, cf. figure 12 in
Appendix C) for an intuitive visual interpretation of MV
evolution.
2.4.5. Intra-individual Hierarchical Ascending

Classification of cycles
In order to identify potential homogeneous behaviors in

movement coordination within each subject, we applied a
non-supervised classification algorithm, namely Hierarchi-
cal AscendingClassification (HAC). HAC aims to iteratively
group similar individuals into dissimilar classes based on
“intra-class homogeneity” and “inter-class heterogeneity”
criteria. It consists of the construction of a “tree” (dendro-
gram) based on a measure of dissimilarity between individ-
uals [35]. In this study, each cycle ck was represented by its
coordinates vector �k =

(

�j(k)
)

∈ ℝ15. HAC distributes the
Nc cycles of pointing activity into several classes accordingto an inertia criterion (Ward’s criterion) associated with
Euclidean distance (cf. figure 6 in section 3.4). Computa-
tion relied on the linkage function of the Python module
scipy.cluster.hierarchy with default parameters.

We hypothesized that successive cycles should be simi-
lar, i.e, subjects show smooth variations in movement rather
than jerky ones. Hence, the number of HAC classes was
chosen empirically for each subject, to reduce the number
of “outlier” cycles, with cycle cp defined as an outlier if it
belongs to a cluster i which is different from the cluster(s)
j of its preceding and proceeding neighbours cp−1 and cp+1(cf. equation 7).

cp is an outlier if
⎧

⎪

⎨

⎪

⎩

cp ∈ i
cp−1 ∈ j and cp+1 ∈ j
i ≠ j

(7)

3. Results
3.1. Comparison between NOM, CAL and CTR

conditions
We first compared the three experimental NOM, CTR

and CAL conditions. More precisely, the NOM and CAL
conditions were compared with respect to the completion
time and RPE, then the CAL and CTR conditions were
compared with respect to the MVE.
3.1.1. Completion time

Table 3 presents the completion times for the two condi-
tions and the 13 available subjects. The most frequent stop
criterion was the perceived exertion threshold (for 8 of the
13 subjects in the NOM condition, for 11 of the 13 subjects
in the CAL condition).

In the NOM condition, the average completion time
was 369 ± 138 s (mean ± standard deviation). In the CAL
condition, it was 360 ± 135 s. Since the distribution of the

Sujet NOM condition CAL condition
tc (s) Criterion tc (s) Criterion

1 180 RPE 240 RPE
2 420 RPE 300 RPE
3 240 RPE 300 RPE
4 180 RPE 240 RPE
5 420 RPE 360 RPE
6 420 RPE 240 RPE
7 360 RPE 509 RPE
8 360 RPE 320 Abort
9 480 Altitude 420 RPE
10 711 Altitude 733 RPE
11 366 Altitude 360 Altitude
12 370 Altitude 360 RPE
13 296 Abort 300 RPE

Table 3
Completion time tc for the 13 available subjects. The stop
criteria are de�ned in section 2.2.2.

Subject CAL condition CTR condition
� (p) � (p)

4 -0.40 (0.60) 0.46 (0.43)
5 -0.94 (0.00)⋆ 0.30 (0.52)
6 -0.60 (0.40) -0.40 (0.60)
7 -0.81 (0.01)⋆ 0.39 (0.34)
8 -1.00 (0.00)⋆ -0.15 (0.80)
9 -0.89 (0.01)⋆ 0.43 (0.34)
10 -0.71 (0.01)⋆ 0.11 (0.73)
11 -0.60 (0.28) -0.09 (0.87)
12 -0.89 (0.02)⋆ -0.54 (0.27)
13 -0.90 (0.04)⋆ -0.20 (0.74)

Table 4
Spearman's rank correlations between time and MVE for 10
available subjects. (⋆) highlights a signi�cant correlation at a
95% con�dence level.

completion times in the CAL condition was not comparable
to a normal distribution, the Wilcoxon non-parametric test
was applied. It revealed no significant difference between the
two conditions at a level of confidence of 95% (p = 0.5523).
3.1.2. RPE

The Shapiro-Wilk test confirmed the hypothesis of the
normality of RPE under both NOM and CAL conditions.
Hence, tests of equality of means and variances have been
applied and revealed no significant difference between the
two conditions at the 95% confidence level. Figure 8 in
Appendix A illustrates the evolution of perceived exertions
in NOM and CAL conditions for all the subjects.
3.1.3. MVE

The MVE of shoulder abduction was recorded at the
end of each minute for both the CAL and CTR conditions.
Since the MVE was not normally distributed, Spearman’s
ranks correlation test was applied to identify any correlation
between time and force production. Table 4 shows these
results for the MVE available for 10 subjects.
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In the CAL condition for 7 out of the 10 subjects, there
was a significant correlation between time and MVE. This
correlation was very strong (average value �̃CAL = −0.88)
with the associated t-test which was statistically significant
at a 95% confidence level. For the other 3 subjects, the rank
correlation remained negative (from −0.60 to −0.40) yet the
associated t-test was not statistically significant at a 95%
confidence level. Nevertheless, these observations support
the hypothesis of a reduction in production capacity over
time.

In the CTR condition, the average correlation was cen-
tered on zero (�̃CTR = 0.03, � = 0.36), indicating no
correlation between time andMVE. Thus, intermittentMVE
exercises appeared to generate no significant reduction in
force production capacity.

Figure 9 in Appendix A illustrates MVE time evolution
for one subject in both CAL and CTR conditions.
3.1.4. Consequence for the further analysis

Since intermittent MVE exercises seemed to have no
influence by themselves on force production and there is
no statistically significant difference between the NOM and
CAL conditions in completion time or in RPE, we focused
further analysis on the NOM condition only.
3.2. Evidences of muscle fatigue based on EMG

data
EMG signals provided evidence of muscle fatigue. A

first level of analysis of the occurrence of muscle fatigue
consisted of comparing EMG data from the beginning and
the end of the experiments, as done in the literature [11, 18–
21].

On average for the 12 available subjects, the EMG ampli-
tude increased significantly during the experiment, while
the EMGmean frequency decreased significantly between
the beginning and the end of the repetitive pointing task
(cf. table 5). According to the JASA approach [30],  and
 indicate muscle fatigue, which is also brought to light by
the increase in RPE and decrease in MVE (cf. sections 3.1.2
and 3.1.3).

As there is no consensus regarding a descriptor ofmuscle
fatigue state, a basic statistical analysis has been carried
out to qualitatively identify a potential correlation between
EMG signals and time. Assuming that muscle fatigue in-
creases over time, we applied the Spearman’s correlation
test on JASA criteria  and  to reveal their potential
monotonic evolution with time. This statistic does not rely
on a linear dependence of the signal with time, rather it high-
lights monotonic trends. This analysis revealed a statistically
significant correlation between the EMG amplitude  and
time for 70 of the 72 tested signals as well as between the
EMG mean frequency  and time for 65 out of 72 tested
signals (cf. tables 13 and 14 in Appendix B).

A synthesis of these correlations is given in table 6:
for all subjects considered, the amplitude  of EMG for
each muscle was positively correlated with time (�̃ ∈

Muscle
Average amplitude Mean Frequency
(mean ± SD) (mean ± SD)
 (%)  (Hz)

DELA
t0 ∶ 100.5 ± 4.5 t0 ∶ 124.3 ± 8.6
tc ∶ 134.9 ± 22.6 tc ∶ 109.0 ± 7.8
Test T: p = 0.0000⋆ Test T: p = 0.0002⋆

DELM
t0 ∶ 98.4 ± 4.2 t0 ∶ 124.3 ± 9.5
tc ∶ 144.4 ± 18.6 tc ∶ 108.6 ± 5.7
Test T: p = 0.0000⋆ Test T: p = 0.0001⋆

DELP
t0 ∶ 98.5 ± 5.1 t0 ∶ 118.5 ± 14.5
tc ∶ 160.3 ± 34.9 tc ∶ 109.7 ± 10.1
Test U: p = 0.0000⋆ Test T: p = 0.0960 (NS)

BIC
t0 ∶ 100.6 ± 4.9 t0 ∶ 122.5 ± 11.6
tc ∶ 175.2 ± 56.1 tc ∶ 107.2 ± 10.3
Test U: p = 0.0000⋆ Test T: p = 0.0025⋆

TRI
t0 ∶ 99.9 ± 4.1 t0 ∶ 141.2 ± 11.8
tc ∶ 150.3 ± 40.4 tc ∶ 124.2 ± 15.3
Test T: p = 0.0003⋆ Test T: p = 0.0059⋆

TRAD

t0 ∶ 100.8 ± 4.7 t0 ∶ 108.7 ± 12.8
tc ∶ 150.1 ± 29.9 tc ∶ 109.1 ± 13.2
Test U: p = 0.0000⋆ Test T: p = 0.9429 (NS)

Table 5
Evolution of EMG amplitude (expressed in % of its value for
the �rst cycle) and mean frequency (in Hz) for the �rst cycle
(t0) and the last cycle (tc) for the 12 available subjects and
the 6 muscles recorded. (⋆) highlights a signi�cant correlation
at a 95% con�dence level according to Student's T test or
Mann-Whitney's U test, applied according to the normality
of the distributions considered, while (NS) stands for a not

signi�cant di�erence.

Muscle

Average correlation Average correlation
between time and between time and
EMG amplitude  EMG mean freq. 
(mean ± SD) (mean ± SD)

DELA 0.58 ± 0.28 −0.64 ± 0.19
DELM 0.66 ± 0.18 −0.72 ± 0.19
DELP 0.74 ± 0.16 −0.55 ± 0.40
BIC 0.80 ± 0.14 −0.68 ± 0.24
TRI 0.66 ± 0.25 −0.75 ± 0.16
TRAD 0.53 ± 0.29 −0.02 ± 0.35

Table 6
Average Spearman's correlations between EMG amplitude 
(respectively mean frequency ) and time for each muscle and
12 subjects (mean ± standard deviation SD).

[0.53, 0.80]) and the mean frequency  was negatively cor-
related with time (�̃ ∈ [−0.75,−0.55]) except for the
Trapezius pars descendens. Figure 10 in Appendix A illus-
trates such trends for one muscle and one subject. Adding
this to monotonic tendencies in MVE and RPE observed for
all subjects (cf. figures 8 and 9), we hypothesize a monotonic
onset of fatigue throughout the repetitive task.
3.3. Position and posture adaptations

Statistically significant adaptations in subjects’ position
and posture have been observed. For instance, table 7 shows
a shift in pelvis position and shoulder altitude between the
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Position Average shift (cm) Test p-value
VROOTx -1,3 < 0 0.0090
RSHOz 1,8 > 0 0.0001

Table 7
Shift of markers for the �rst cycle (t0) and the last cycle (tc):
average value for all subjects. VROOTx denotes the antero-
posterior translation of the pelvis and RSHOz the altitude of
the right shoulder.

DOF Avrg shift (°) Test p-value
Trunk lateral �exion -3,4 < 0 0.0005
Shoulder �exion -15.3 < 0 0.0000
Shoulder int. rotation -13.2 < 0 0.0005
Forearm �exion 2.8 > 0 0.0261

Table 8
Shift in joint angles between the beginning and the end of
the repetitive pointing activity (average value for all subjects).
p-values of unilateral Student tests (> 0 or < 0) are provided.

beginning and the end of the pointing task. Similarly, table 8
highlights various changes in posture (joint angles). In the
literature, such changes in position and posture are assumed
to be induced by muscle fatigue [11, 18–21].
3.4. Identification of coordination patterns

This section focuses on the time-evolution of kinemat-
ics variations based on a cycle-by-cycle analysis expressed
through joint coordinations identified by PCA throughout
the experiment. PCA and HAC processes described in sec-
tions 2.4.3 and 2.4.5 were applied to the reconstructed joint
angle data of 9 available subjects.
3.4.1. HAC and chronology

HAC is a non-supervised process, so there is, a priori,
no expected correlation between its clustering and time.
Theoretically, if consecutive cycles were independent of
each other, they could be spread in various classes. How-
ever, the HAC classes are almost completely made up of
chronologically consecutive cycles. This finding indicates a
potential sequence of successive homogeneous “patterns” in
movement coordination, as hypothesized (cf. section 2.4.5).
For subjects S1 (cf. figure 6) and S8 (cf. figure 13 in
Appendix D), the classes seem chronologically juxtaposed.
S3 shows comparable behavior but here one class is included
in another one (cf. figure 14 in Appendix D). However,
this claim may not be as clear when we look at subject S9
for instance, who show several “jumps” from one class to
another (cf. figure 15 in Appendix D).

Depending on the subject considered, 3 to 5 classes
were identified. Table 15 in Appendix D summarizes the
classification results (number of pointing cycles, classes,
supposed outliers).
3.4.2. Statistical analysis of HAC-based classes
3.4.2.1. Initial phase
Most subjects present a “whole” first chronological class
init (cf. figure 6). On the contrary, the first pointing cycles

Figure 6: HAC classi�cation of pointing cycles subject S8

Subject Nc Length of init % of Nc
S1 96 15 16
S2 214 45 21
S3 119 8 7
S4 90 23 26
S5 210 82 32
S8 189 21 11
S9 247 25 10

Table 9
Length of the �rst class in cycles and % of total number of
cycles Nc .

Subject Nc Length of final % of Nc
S1 96 5 5
S2 214 20 9
S3 119 12 10
S4 90 18 20
S5 210 125 49
S8 189 19 10
S9 247 47 20

Table 10
Length of the last class in cycles and % of total number of
cycles Nc .

of subjects S6 and S7 belong to a class that is split. For
the former, the first class can be described as an “initial
coordination pattern”. The average length of this class for
the 7 subjects considered is about 17±9 % of the number of
pointing cycles (cf. table 9).
3.4.2.2. Exhaustion phase
Similarly, all the subjects except S7 exhibited a monolithic
last chronological class final, with a few possible outlier cy-
cles. This last class could be considered to be the “exhaustion
phase”. Its average length was about 17±15% of the number
of pointing cycles for the 7 subjects considered.
3.4.2.3. Intermediate phases
At the inter-individual level, the number of intermediate
classes (from 1 to 3) depended on the specific subject. This
observation is not investigated further in this paper.

At the intra-individual level, statistical analysis has been
performed on kinematics data segmented according to the
PCA-based HAC classes in order to better describe how
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Figure 7: Boxplot of the cartesian position of the shoulder
based on HAC segmentation for subject S8. RSHOX , RSHOY
and RSHOZ stand for the antero-posterior, medio-lateral and
vertical direction, respectively.

these classes differ from one other. For instance, figure 7
shows the time evolution of the cartesian position of the right
shoulder for differents subject. It highlights a monotonic
drift in shoulder altitude (median in the Z-axis) and position
in the medio-lateral direction (median in the Y-axis) as well
as a slight increase in range of shoulder displacement along
the antero-posterior direction (see the increasing height of
the box along the X-axis).
3.5. Illustrative application to workstation design:

evolution of RULA score according to posture
and movement adaptations

Our study focuses on a fundamental repetitive pointing
activity in the laboratory, which may seem far removed
from occupational conditions. Moreover, it deals with the
analysis of joint and segment kinematics variability, which
is not a usual concern for working equipment designers
and ergonomists. To focus more on their considerations,
we applied the widely used ergonomic assessment method
RULA to our motion data, as more and more designers are
doing with simulated movement data during the first stages
of the workstation design process to assess biomechanical
risk factors [36–39]. RULA is based on the visual analysis of
the most demanding postures adopted by the operator during
their activity. Scores are established for different parts of the

Subject Score A8 (LF) Score A8 (HF) Trend

S1
6.4 ± 0.5 5.9 ± 0.4⋆ U ↘

(p = 0.0015) (p = 0.0815) (p = 0.0061)

S2
6.6 ± 0.3 7.1 ± 0.2 U ↗

(p = 0.0000) (p = 0.0485) (p = 0.0000)

S3
7.4 ± 0.3 6.7 ± 0.3⋆ U ↘

(p = 0.0002) (p = 0.0943) (p = 0.0001)

S4
7.5 ± 0.2⋆ 7.1 ± 0.3 U ↘
(p = 0.2556) (p = 0.0405) (p = 0.0002)

S5
6.3 ± 0.3⋆ 6.3 ± 0.3⋆ T →
(p = 0.4114) (p = 0.2085) (p = 0.3777)

S6
5.6 ± 0.3⋆ 5.9 ± 0.2⋆ T ↗
(p = 0.2374) (p = 0.1641) (p = 0.0001)

S7
6.9 ± 0.2 6.3 ± 0.4⋆ U ↘

(p = 0.0278) (p = 0.0684) (p = 0.0000)

S8
6.5 ± 0.3⋆ 6.0 ± 0.2 U ↘
(p = 0.1728) (p = 0.0150) (p = 0.0000)

S9
6.0 ± 0.2 5.9 ± 0.3 U ↘

(p = 0.0166) (p = 0.0031) (p = 0.0168)

Table 11
RULA score A8 (mean ± SD) with low (LF) or high fatigue
(HF). Fatigue is assumed low (resp. high) for the �rst (resp.
last) 20% of the pointing activity. (⋆) denotes a normal
distribution according to the Shapiro-Wilk test at 95% con-
�dence level. Trend is assessed by comparing means through
the Student test (T) if both distributions are normal or the
Mann-Withney test (U) if at least one sample is not normal.

body [13] from a grid which can be easily implemented into
a piece of software.

We automatically computed the RULA scores A8 (over-
all score for right upper extremity) and B7 (overall score
for the trunk-neck-head) based on experimental joint angles,
and aggregated them by pointing cycles. Assuming that the
first fifth of the activity corresponds to low muscle fatigue
(LF) while the last fifth corresponds to high fatigue (HF)
(cf. paragraphs 3.4.2.1, 3.4.2.2 and 4.4), tables 11 and 12
show the evolution of the RULA scores A8 and B7 for each
subject.

For all the subjects, at least one of the RULA scores
changed with the onset of fatigue. For subjects S1, S3,
S4 and S9, the score of the final posture was lower than
the initial one; for subjects S2, S5 and S6, the final score
corresponded to a posture that was more demanding than
at the beginning; for subjects S7 and S8, the RULA scores
corresponded to a transfer of demands from the upper limb
to the trunk.

4. Discussion and perspectives
4.1. Comparison with experimental data from

similar or comparable activities
Several papers in the literature have addressed similar

pointing activities [11, 18–21]. Our observations are in line
with theirs, for instance :

• the completion times tc in the NOM and CAL condi-
tions were 369 ± 138 s and 360 ± 135 s respectively
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Subject Score B7 (LF) Score B7 (HF) Trend

S1
4.0 ± 0.3⋆ 4.0 ± 0.2 U →
(p = 0.1738) (p = 0.0010) (p = 0.7042)

S2
2.5 ± 0.3 3.4 ± 0.2⋆ U ↗

(p = 0.0005) (p = 0.0811) (p = 0.0000)

S3
4.6 ± 0.3⋆ 3.8 ± 0.4⋆ T↘
(p = 0.1058) (p = 0.3065) (p = 0.0000)

S4
5.2 ± 0.9⋆ 4.7 ± 0.6 U →
(p = 0.1005) (p = 0.0007) (p = 0.1632)

S5
3.1 ± 0.1 3.7 ± 0.4⋆ U ↗

(p = 0.0000) (p = 0.2484) (p = 0.0000)

S6
6.2 ± 0.4⋆ 7.7 ± 0.4 U ↗
(p = 0.0693) (p = 0.0070) (p = 0.0000)

S7
4.1 ± 0.3 4.4 ± 0.3⋆ U ↗

(p = 0.0007) (p = 0.3370) (p = 0.0008)

S8
5.2 ± 0.5⋆ 5.8 ± 0.7 U ↗
(p = 0.5116) (p = 0.0269) (p = 0.0003)

S9
3.7 ± 0.5 3.6 ± 0.3 U →

(p = 0.0000) (p = 0.0002) (p = 0.6898)

Table 12
RULA score B7 (mean ± SD) with low (LF) or high fatigue
(HF). Fatigue is assumed low (resp. high) for the �rst (resp.
last) 20% of the pointing activity. (⋆) denotes a normal
distribution according to the Shapiro-Wilk test at 95% con-
�dence level. Trend is assessed by comparing means through
the Student test (T) if both distributions are normal or the
Mann-Withney test (U) if at least one sample is not normal.

(cf. section 3.1.1). These observations are close to
those of Emery and Côté (360 ± 120 s) [19] and
within the confidence interval of those of Fuller et al.
(450±180 s) [11] and Fedorowich et al. (413±162 s)
[20];

• posture and position: we observed an average vertical
shift of the shoulder of 18 mm for all the subjects
(cf. section 3.3). This figure is consistent with that
reported by Fuller et al., i.e, 11.7 ± 10.5 mm.

Regarding muscle activity, comparing the beginning and
the end of the repetitive reaching task, the average EMG
amplitude increased by 50 to 75% for each subject and each
of the muscles considered. This significant increase was
greater than that observed by Srinivasan et al. [40] (25-
35%) but consistent with that observed by Kallenberg et
al. [41] (30-58%). This evolution is statistically significant
for the majority of muscles and descriptors, with the ex-
ception of the EMG mean frequency  of Deltoideus pars
posterior and Trapezius pars descedans (cf. table 5). The
onset of fatigue appeared to be less significant for this last
muscle, especially considering the EMG mean frequency 
(cf. table 6). This may be explained by considering that the
Trapezius was functionally less involved than others during
the pointing activity.
4.2. Correlations between muscle fatigue and

adaptations in posture and movement
As stated by Fuller et al., the literature suggests that mus-

cle fatigue “leads to within movement alteration at both the

inter-segmental and inter-muscular levels” but “relatively
little is known about how muscle fatigue may affect time-
dependent characteristics of posture and movement control
during multijoint tasks” [23]. In fact, many studies rely on
the hypothesis that adaptations in postures and movement
during a repetitive pointing task are induced by muscle
fatigue [11, 18–23].

The analysis carried out in this study highlights the
monotonic evolution of fatigue evidences over time during
the whole activity for all subjects (decrease in force produc-
tion capacity and increase of the perceived exertion, increase
of EMG amplitude for all muscles recorded, decrease in
EMF mean frequency for the majority of muscles recorded,
cf. sections 3.1.1 and 3.2). These observations reasonably
support the hypothesis of fatigue-induced posture and move-
ment adaptations during the task considered.
4.3. Time evolution of postures and joint

coordination
The study by Fuller et al. [23] is the only one we

know that has addressed changes in temporal coordination
alongside muscle fatigue during a repetitive reaching task.
Our study now provides new, complementary data to support
this:

1. it considers thewhole trajectory (PRX→DST→ PRX)
rather than only focusing on the forward part (PRX→
DST);

2. it covers the entire pointing activity on a cycle-by-
cycle basis, rather than only the beginning of each
minute;

3. it includes 5 more muscles and deals with the EMG
mean frequency  in addition to its amplitude 

Our study confirms the main observations identified by
Fuller: as fatigue develops, it seems to induce adaptations
in individual movements, from one cycle to the next. Fuller
used a statistical threshold to identify the occurrence of
adaptation to fatigue (a deviation greater than 2 SD of
the initial value of a parameter)[23]. Applied to the EMG
amplitude of the Trapezius, this criterion identified a signif-
icant fatigue from 65% of the completion time. Applied to
kinematics parameters (elbow, COM or shoulder position),
this criterion identified adaptation in movement and posture
as early as 43% of completion time. Our results suggest
that posture and movement occurs even earlier (at about
18% of completion time according to the average duration
of the first class of the HAC) while evidence of fatigue
occurs from the very beginning of the task (according to
the high Spearman’s correlation coefficient of both JASA
descriptors). These differences may be explained by the fact
that the Trapezius seems to be the least sensitive to fatigue
of the muscle considered and that HAC is more flexible than
the statistical threshold chosen by Fuller.
4.4. Limits of this work

Thirteen subjects participated in this experiment but
technical issues somewhat limited the amount of data avail-
able for some analysis. This may constitute a limitation in
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the interpretation of experimental data as a fundamental
study. However, this study has led to observations which
are very consistent with several other works based on the
same protocol but with different subjects [11, 18, 19, 23].
Applying PCA and HAC techniques to these existing data
with the same protocol may resolve this uncertainty but this
is out of the scope of this article.
4.5. Interpretation of adaptations in posture and

movement: issues and opportunities
One motivation of this study was to make workstation

designers more aware of movement variability. Our results
confirm that MV exists even in a seemingly basic and
constrained task, where designers would not expect it to be
significant. They also support the hypothesis that it appears
from the very early stages of fatigue onset, inducing adap-
tations in coordination responses throughout task perfor-
mance. Moreover, our results also show that current RULA
features, already available in design tools such as Virtual
Reality (VR) and DHM, may help workstation designers
interpret MV data simulated at the early stages of the design
process or recorded with the final prototype of the work
equipment.

Another motivation of our study was to increase our
knowledge of human behavior which may later be modelled.
In fact, movement variability is challenging in that between-
subjects and within-subjects effects are superimposed, the
former being usually greater than the latter [42]. Neverthe-
less, the exploratory approach described in this paper has led
to the following findings:

• despite the abundancy in the musculoskeletal system,
which theoretically allows an infinite number of con-
tinuously distributed possible movement trajectories,
this experimental pointing activity has highlighted
that subjects used a limited set of joint coordination
classes, i.e, movement patterns that they preferentially
adopted chronologically. This finding concurswith the
distinction betweenmovement diversity andmovement
variability defined by Lémonie [43]: movement diver-
sity refers to a finite set of “attractors” adopted by
operators in the continuum of possible trajectories that
forms movement variability;

• patterns that make up movement diversity may lead to
statistically different postures and trajectories (cf. sec-
tion 3.5). These changes in kinematics may affect
the assessment of occupational risks. For instance,
adopting one pattern or another may cause several
joint angles to exceed the thresholds of the ergonomics
indices or scores considered. Computing those er-
gonomics indices in relation to at least a few of those
patterns may help practitioners interpret MV data
qualitatively and improve workstation risk assess-
ments.

• fatigue-induced MV appeared early on in the experi-
ment for all the subjects.

Such findings should be confirmed for activities more
representative of professional work situations. Nonetheless,
the fact that only a fewMVpatternsmay be encounteredmay
encourage further research, especially considering move-
ment analysis and the simulation of MV. For instance,

• in this study, we used an automatic non-supervised
classification tool to detect homogeneous coordina-
tion patterns. However, this classification only uses
kinematics data. Mixing EMG and kinematics data
may confirm or even improve such classification. In-
novative statistical tools are being developed that may
improve the processing of such heterogeneous signals
[44, 45];

• these classes may correspond to specific behaviors
linked, for instance, to the stabilization of the task’s
performance (learning the task), to successive adapta-
tions in muscle fatigue and eventually to exhaustion.
Beyond the observation of their relative differences, it
would be instructive, especially in the case of the onset
of muscle fatigue, to investigate how these clusters
differ functionally from one other, and why subjects
change from one to another. Inverse Optimal Control
techniques [46, 47] could be applied to each MV pat-
tern to identify the differences between them and the
underlying changes in motor strategies (minimization
of jerk, torque, energy, discomfort ?) [48, 49];

• digital human models (DHM) are currently used to
simulate operators’ activity from the early stages of
workstation design [50, 51]. They could be supple-
mented with muscle fatigue models [52, 53] and con-
trol laws inspired by the previously mentioned adap-
tation in motor strategies to simulate predictable MV
patterns, as proposed by Gaudez, Gilles and Savin [9].
This would help workstation designers account for the
entire future activity, rather than simulating only one
nominal posture that will undoubtedly change during
the work shift.

5. Conclusion
In this study, we investigated a fundamental repetitive

pointing activity carried out until exhaustion, focusing on
the analysis of the chronological evolution of kinematic MV
(joint angles and coordinations) using Principal Component
Analysis (PCA) and Hierarchical Ascending Classification
(HAC). Our works highlighted that, even for such a ba-
sic and constrained activity, muscle fatigue induced MV
at both the inter- and intra-individual levels. At the intra-
individual level, this MVwas manifested, for the majority of
the subjects, by successive coordination patterns leading to
statistically different postures and trajectories. At the inter-
individual level, this MV corresponded to the use of 3 to
5 coordination patterns relying on different body joints.
The computation of the RULA index showed significant
differences in the postures adopted during the experiment
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and helped identify which parts of the body were affected by
such adaptations.

These results should be confirmed for activities more
representative of occupational tasks. Nevertheless, they
should at least raise the awareness of workstation designers
and risk prevention practitioners of the need to take MV
into account. They should also encourage motor control
and motion analysis experts to provide extensive knowledge
which could later be modelled and integrated to simulate
operators’ MV from the early stages of the work equipment
design process. This will indeed become a valuable addi-
tion, especially considering that the use of complex work
equipments such as collaborative robots and exoskeletons
is increasing rapidly in factories, which may dramatically
reduce operators’ ability to use their natural MV.
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A. Complementary information about
experimental conditions
Figures 8, 9 and 10 illustrate time evolution of objective

and subjective data described in sections 3.1 and 3.2.

Figure 8: Perceived exertion in NOM and CAL conditions, for
the 13 subjects (one color per subject). As an indication, an
exponential (⋆) regression is plotted.

B. Correlation between muscle fatigue
descriptors and time
Tables 13 and 14 contain the results of the correlation

tests described in section 3.2.

C. Complementary information about PCA
Figures 11 and 12 illustrate PCA descriptors defined in

sections 2.4.3 and 2.4.4.

D. Complementary information about HAC
Figures 13, 14 and 15 and table 15 illustrate HAC classes

mentioned in section 3.4.1.
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Figure 9: Time evolution of shoulder abduction force pro-
duction capacity (MVE) in CAL (top) and CTR (bottom)
conditions for subject S8.

Figure 10: Two descriptors of deltoideus medialis EMG,
aggregated over each of the 95 cycles performed by subject
S1. Top: EMG envelope , normalized to the average of
this descriptor over the �rst 5 cycles (10 s). Bottom: mean
frequency  . Solid line: raw data. Dotted line: moving average
over 5 cycles (10 s). A Spearman's correlation coe�cient �
has been computed on each signal to test if a monotonic trend
exists.

Figure 11: PCA weights �1j∈[1,N] of the �rst mode for one
cycle and one subject. This diagram highlights DOFs in phase
(same sign) or antiphase (opposite signs), as well as DOFs
that contribute weakly (|�1j | ≈ 0) or strongly (|�1j |≫ 0) to this
mode.
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Spearman's

S1 S2 S3 S4
correlation
of EMG 
with time

DELA
0.73 0.86 0.20 0.53

(0.0000) (0.0000) (0.0275) (0.0000)

DELM
0.64 0.90 0.47 0.58

(0.0000) (0.0000) (0.0000) (0.0000)

DELP
0.72 0.79 0.91 0.87

(0.0000) (0.0000) (0.0000) (0.0000)

BIC 0.92 0.96 0.55 0.63
(0.0000) (0.0000) (0.0000) (0.0000)

TRI 0.78 0.67 -0.03 † 0.70
(0.0000) (0.0000) (0.7817) (0.0000)

TRAD
0.68 0.92 0.76 0.48

(0.0000) (0.0000) (0.0000) (0.0000)

S5 S6 S7 S8

DELA
0.54 0.67 0.73 0.79

(0.0000) (0.0000) (0.0275) (0.0000)

DELM
0.90 0.77 0.80 0.78

(0.0000) (0.0000) (0.0000) (0.0000)

DELP
0.94 0.60 0.85 0.81

(0.0000) (0.0000) (0.0000) (0.0000)

BIC 0.83 0.89 0.87 0.82
(0.0000) (0.0000) (0.0000) (0.0000)

TRI 0.77 0.87 0.49 0.90
(0.0000) (0.0000) (0.0000) (0.0000)

TRAD
0.73 0.52 -0.17 0.53

(0.0000) (0.0000) (0.0199) (0.0000)

S9 S10 S11 S12

DELA
0.79 -0.04 † 0.84 0.35

(0.0000) (0.4337) (0.0275) (0.0000)

DELM
0.49 0.64 0.70 0.31

(0.0000) (0.0000) (0.0000) (0.0000)

DELP
0.49 0.50 0.78 0.60

(0.0000) (0.0000) (0.0000) (0.0000)

BIC 0.71 0.64 0.95 0.84
(0.0000) (0.0000) (0.0000) (0.0000)

TRI 0.74 0.46 0.82 0.75
(0.0000) (0.0000) (0.7817) (0.0000)

TRAD
0.20 0.42 0.87 0.52

(0.0014) (0.0000) (0.0000) (0.0000)

Table 13
Spearman's correlation results (�, p) between EMG amplitude
 (expressed in % of its value for the �rst cycle) and time
for the 12 available subjects and the 6 muscles recorded. (†)
highlights a non-signi�cant correlation at a 95% con�dence
level.

Spearman's

S1 S2 S3 S4
correlation
of EMG 
with time

DELA
-0.89 -0.96 -0.50 -0.81

(0.0000) (0.0000) (0.0000) (0.0000)

DELM
-0.95 -0.69 -0.92 -0.92

(0.0000) (0.0000) (0.0000) (0.0000)

DELP
-0.85 -0.70 -0.69 -0.87

(0.0000) (0.0000) (0.0000) (0.0000)

BIC -0.78 -0.82 -0.64 -0.82
(0.0000) (0.0000) (0.0000) (0.0000)

TRI -0.70 -0.85 -0.85 -0.96
(0.0000) (0.0000) (0.0000) (0.0000)

TRAD
-0.24 -0.43 0.07 † -0.41

(0.0173) (0.0000) (0.4296) (0.0001)

S5 S6 S7 S8

DELA
-0.57 -0.30 -0.46 -0.64

(0.0000) (0.0000) (0.0000) (0.0000)

DELM
-0.48 -0.49 -0.78 -0.84

(0.0000) (0.0000) (0.0000) (0.0000)

DELP
-0.80 -0.47 -0.70 -0.92

(0.0000) (0.0000) (0.0000) (0.0000)

BIC -0.88 -0.87 -0.07 † -0.90
(0.0000) (0.0000) (0.3488) (0.0000)

TRI -0.81 -0.77 -0.69 -0.60
(0.0000) (0.0000) (0.0000) (0.0000)

TRAD
0.00 † 0.01 † 0.12 † -0.62

(0.9644) (0.9074) (0.1239) (0.0000)

S9 S10 S11 S12

DELA
-0.64 -0.57 -0.70 -0.68

(0.0000) (0.0000) (0.0000) (0.0000)

DELM
-0.44 -0.51 -0.80 -0.76

(0.0000) (0.0000) (0.0000) (0.0000)

DELP
-0.25 -0.03 † -0.70 0.41

(0.0000) (0.5714) (0.0000) (0.0000)

BIC -0.54 -0.42 -0.70 -0.74
(0.0000) (0.0000) (0.0000) (0.0000)

TRI -0.45 -0.55 -0.94 -0.85
(0.0000) (0.0000) (0.0000) (0.0000)

TRAD
0.30 0.00 † 0.57 0.36

(0.0000) (0.9335) (0.0000) (0.0000)

Table 14
Spearman's correlation results (�, p) between EMG mean fre-
quency  and time for the 12 available subjects and the 6
muscles recorded. (†) highlights a non-signi�cant correlation
at a 95% con�dence level.

J. Savin et al.: Preprint submitted to Elsevier Page 15 of 13



Evidence of movement variability patterns during a pointing task until exhaustion

Figure 12: Color maps illustrating the time evolution of
the joint coordinations. The color's intensity of each tile
characterizes the variation �j in the weight of each DOF in the
calculation of mode �1 of PCA for cycle k. A pale colour indi-
cates a joint movement very similar to the reference movement.
A deeper color (green or purple) shows an increasing weight
(in absolute value). A change in color (from purple to green for
instance, such as for the hand abduction in the middle of the
experiment), shows an inversion in the coordination pattern.

Figure 13: HAC classi�cation of pointing cycles subject S1

Figure 14: HAC classi�cation of pointing cycles subject S3

Figure 15: HAC classi�cation of pointing cycles subject S9

Subject Cycles Classes Outliers
S1 96 5 1 (#50)

S2 214 3
12 (#28,29,40,88,101,102,
125,126,149-151,193)

S3 119 5 2 (#76,77)
S4 90 4 8 (#1,2,9,10,43,79,89,90)
S5 210 3 5 (#31,69-71,91)
S6 213 4 0

S7 180 4
12 (#85,95,121,122,128,
136,146,147,152-154,166)

S8 183 5
6
(#47,48,135,170,171,173)

S9 247 3
7 (#19,99,127,129,141,142,
220)

Table 15
Summary of HAC classi�cation. For each subject, the number
of classes is empirically chosen to reduce the number of outlier
pointing cycles. Depending on subjects, from 3 to 5 classes
have been built, characterized by 0 to 12 outlier cycles.
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