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Human movements, recorded through kinematic data, can be described by means of principal component
analysis (PCA) through a small set of variables representing correlated segment movements. The PC-
eigenvectors then form a basis in the associated vector space of postural changes. Similar to 3D move-
ments, the kinematics in this posture space can be quantified through ‘principal’ positions (PPs), velocities
(PVs) and accelerations (PAs). The PAs represent a novel set of variables characterizing neuro-muscular
control. The aim of the current technical note was to (i) compare the variance explained by PAs with
the variance explained by PPs; (ii) clarify the relationship between PAs and segment accelerations; and
(iii) compare variability of the first principal acceleration (PA1) with the local dynamic stability (largest
Lyapunov exponent, LyE) of the first principal position (PP1). A PCA was applied on 3D upper-body posi-
tions collected by an Xsens inertial sensor system as nineteen volunteers performed a bimanual repeti-
tive tapping task. The main finding revealed that the PP-explained variance considerably differed from the
PA-explained variance, indicating that the latter should be considered when reducing the dimensionality
in postural movement analysis through a PCA. Further, the current study formally established that the
acceleration curves obtained from differentiating segment positions and from linear combinations of
PAs are identical. Finally, a strong correlation, r(17) = 0.92, p < 0.001, was observed between the cycle-
to-cycle variability in PA1 and the LyE calculated for PP1, supporting the notion that PA variability and
LyE share some of the information they provide about movement control.

� 2018 Elsevier Ltd. All rights reserved.
1. Introduction ment, recorded through kinematic data of body segments, then
A growing number of biomechanical studies apply principal
component analysis (PCA). The main purposes of PCA are (i) to
detect patterns of correlated variation in the data and (ii) to reduce
the dimensionality in the data, i.e. to describe the system with a
small set of orthogonal variables that represent a large fraction
of the variance in the data. There are many ways to apply PCA,
for example, as a tool for waveform analysis (Deluzio and
Astephen, 2007; Robertson et al., 2013), to analyze full movement
cycles (Federolf et al., 2013a; Zago et al., 2017c; Eskofier et al.,
2013), or to detect synergies in EMG data (Bolger et al., 2016;
Ting and Macpherson, 2005).

The current study focuses on the analysis of kinematic data that
have been interpreted as a high-dimensional posture vector (Troje,
2002; Daffertshofer et al., 2004; Verrel et al., 2009). Human move-
corresponds to variations in these posture vectors. Expressing 3D
postural movements in the PCA-spanned basis of this posture
space allows to represent the movement as a linear combination
of few, one-dimensional movement patterns sometimes called
‘‘principal (postural) movements, PMs” (Federolf et al., 2013b;
Federolf et al., 2014). If the data are centered, normalized (e.g.
using the mean Euclidean distance (Federolf et al., 2013b), and
weighted (Gløersen et al.,2017), then between-subject compar-
isons of PMs become possible (Haid and Federolf, 2018; Zago
et al., 2017a). Furthermore, similar to conventional biomechanics,
the kinematics of the postural movements are then defined
through ‘‘principal positions” PPk(t) – characterizing the momen-
tary posture, ‘‘principal velocities” PVk(t) – characterizing the
change in posture, and ‘‘principal accelerations” PAk(t) – character-
izing the accelerations that produce postural changes (Federolf,
2016). The current study is the first to compare explained posi-
tional variance with explained acceleration variance.

The PAs are a particularly interesting, novel set of variables that
allow to explore kinetic aspects of postural movements, for exam-
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Fig. 1. Left: visual representation of the postural changes that PM1, PM2, PM3, and PM6 represent, displayed from 2 perspectives. In each perspective, the left and right images
represent the posture at specific time points, t1 and t2, during the movement, corresponding to negative or positive positions on the principal movement. Right: Time series
for PM1, PM2, PM3, and PM6 displaying the principal position PPk(t) and principal acceleration PAk(t). The time points t1 and t2 that were used to create the images on the left
are indicated in the PPk(t) time series. The physical units of the PPk(t) and PAk(t) are m and m/s2, respectively; however, please note that these units represent cumulated and
normalized segment movements (i.e. distances in posture space). Actual segment movements can be calculated (as done for the graphs on the left side), but cannot be
inferred directly from the graphs.
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ple, to predict the center of pressure motion from postural move-
ments (Federolf, 2016). Furthermore, since muscles produce (or
prevent) posture-changing accelerations, PAs can also be seen as
variables reflecting neuro-muscular control (Haid et al., 2018;
Promsri et al., 2018). Another point of interest could therefore be
to compare the properties of the PAs with other variables used to
characterize motor control. For example, the maximum Lyapunov
exponent (LyE) is frequently calculated to characterize local
dynamic stability of the neuromuscular control system (Dingwell
et al., 2001; Stergiou and Decker, 2011). The LyE calculated on
the first principal position, PP1 (Federolf et al., 2012; Longo et al.,
2018a), should be related to the cycle-to-cycle variability in the
first principal acceleration, PA1, since larger LyE, i.e. less pre-
dictable movements, imply more variability in the accelerations
producing these movements.

The purpose of the current technical note was to (i) compare the
acceleration variance explained through the PAs with the variance
explained through the PPs; (ii) clarify the relationship between PAs
and segment accelerations; and (iii) test the hypothesis that the
LyE calculated for PP1 is related to the cycle-to-cycle variability
in PA1.
2. Method

2.1. Participants, procedures and equipment

The data for the current technical note was taken from a previ-
ously reported study (Longo et al., 2018b). In brief, nineteen
healthy participants [12 females; age 30y (SD: 10.1y)] performed
repetitive tapping movements for 15 min between two pairs of tar-
gets displayed on a touchscreen (ProLiteIiyama, Iiyama Corpora-
Table 1
Eigenvalues EVk and characterization of the first 6 principal movement components.

k Eigenvalue
EVk [%]

Qualitative description of what aspect of the overall
movement is predominantly represented in each PMk

1 57.77 Flexion/extension of both shoulders and elbows
2 19.33 Trunk flexion/extension
3 7.70 Shoulders abduction/adduction
4 5.37 Sagittal plane sway of the trunk
5 2.48 Elbows internal/external rotation
6 1.91 Elbows flexion/extension
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Fig. 2. Box plots of the explained relative variance of postural positions, PP_rVARk, (left)
in the 19 participants. For better clarity, only k = 1 to 10 are displayed (k = order of the
tion, Tokyo, Japan). This earlier study proved that PCA is a useful
tool in investigating the relationship between postural reconfigu-
rations and pain emerging during the repetitive task (Longo
et al., 2018b). All participants provided written informed consent
and the study was approved by an institutionalized ethics review
board (ECSW2016-2006-405).

An upper-body MVN motion capture system (Xsens technolo-
gies BV, Enschede, The Netherlands) consisting of 11 inertial sen-
sors (3D gyroscope, 3D accelerometer and 3D magnetometer)
was used to record the kinematics at 60 Hz. Data acquisition was
done via the accompanying software (MVN Studio 4.2, Xsens tech-
nologies BV, Enschede, Netherlands). The Xsens system was
selected for the current study since it provided an output of the full
kinematics of each segment: position, velocity, and acceleration.
Underlying data processing and filtering are described in
(Schepers et al., 2018). The current study used the position and
acceleration data of 11 segments: pelvis, T8, head, shoulder (2:
left&right), upper arm (2), forearm (2) and hand (2). All further
data processing was conducted in Matlab (The MathWorks Inc.,
Natick, MA, USA).

2.2. Data analysis

2.2.1. PCA and kinematics in posture space
A PCA was performed in analogy with previous studies (Troje,

2002; Daffertshofer et al., 2004). The 3D coordinates (x,y,z) of all
segments at a given time t were expressed as a posture vector: p
(t) = [x1(t),y1(t),z1(t),x2(t),. . .,ys(t),zs(t)], where s is the number of
segments. The p(t) were normalized by subtracting the subject-
mean pn(t) = p(t) � subjpmean. Then the pn(t) of all subjects were
concatenated into a 342,000 � 33 matrix P [participants (19) * trial
duration (5 min) * measurement frequency (60 Hz) � number of
segments (11) * 3D (x,y,z)], whose covariance matrix was decom-
posed by the PCA algorithm. The PCA provides a set of orthogonal
eigenvectors PCk, a set of associated eigenvalues EVk, and a set of
scores PPk(t) [k = order of PM]. The whole set of eigenvectors PCk

form an orthonormal basis in posture space, where each eigenvec-
tor PCk represents a specific pattern of correlated segment move-
ments. The scores PPk(t) quantify the subject’s postural
movements (i.e. postural positions as a function of time) with
respect to the basis spanned by the associated PCk (Federolf
et al., 2013b). The first and second time derivatives of PPk, PVk=
d
dt PPk and PAk ¼ d2

dt2
PPk, quantify the ‘principal velocity’ and ‘princi-
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k

0

20

40

60

80

100 PA

N =19

and explained relative variance of postural accelerations, PA_rVARk (right) observed
principal movement).
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pal acceleration’ (Fig. 1), respectively. In the current study, the PPk
were not filtered before differentiating, since the Xsens system
outputs filtered position data.

2.2.2. Principal movements and variance explained by PPk and PAk

The eigenvalues EVk calculated through the PCA represent the
variance explained by each associated eigenvector. Often the
Fig. 3. (a) Movement of the right hand segment as described by the original position
principal positions PPk(t) (Eq. (1), thin black line) in x,y,z coordinates; (b) acceleration of t
(thick grey line); reconstructed from the all principal accelerations PAk(t) (Eq. (2); thin b
(green broken line). (For interpretation of the references to colour in this figure legend,
explained variance is considered as a criterion for the decision of
how many principal components need to be considered in the
analysis (Daffertshofer et al., 2004). In case of concatenated data
from several subjects, a subject-specific explained relative variance,
PP_rVARk, can be calculated from the PPk of each subject (Zago
et al., 2017b; Federolf et al., 2013b). In the current study we also
calculated the corresponding explained relative variance for postural
data provided by Xsens (thick grey line) and reconstructed from the all (k = 1.33)
he right hand segment obtained from differentiating the original Xsens position data
lack line); and, for comparison, the acceleration data provided by the Xsens system
the reader is referred to the web version of this article.)
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Fig. 4. Top two panels: representation of 100-cycles of the first principal position (PP1) over time and its space-time representation for calculation of the Lyapunov exponent
(LyE) in blue. Representation of the first principal acceleration (PA1) and the mean ± SD between cycles in red. Two subjects with low (A) and high (B) LyE were selected for
this visual comparison. Bottom panel: correlation between mean cycle variability SDc of PA1 and LyE of PP1 using the data from all participants. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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accelerations, PA_rVARk, i.e. the contribution of each PAk to the
overall acceleration variance of each subject.

2.2.3. Relationship between segment movements in 3D and PM-
movements in postural space.

Each of the j columns in the original posture vector pðtÞ repre-
sents the position of the specified segment coordinate j in 3D
space. Hence, at any given time t each original segment coordinate
can be reconstructed from a linear combination of the scores
PPkðtÞ, the eigenvectors PCk and the subject-mean subjpmean.

pj tð Þ ¼ ð subjpmeanÞj þ
XN

k¼1

PPk tð Þ � PCj;k ð1Þ

Similarly, the acceleration of a specific segment coordinate ajðtÞ
can be expressed as a linear combination of the PAkðtÞ and their
eigenvectors PCj,k

aj tð Þ ¼
XN

k¼1

PAk tð Þ � PCj;k ð2Þ

A formal derivation of the latter equation is attached in the Sup-
plementary Materials.

2.2.4. Relationship between PA and LyE
For each subject, 100 cycles of PP1(t) were selected. The PP1(t)-

amplitude was normalized to unit standard deviation. The
amplitude-normalized PP1-time series were also double differenti-
ated to obtain PA1. The Lyapunov exponent (LyE) of PP1 and the
between-cycle variability (SDC) of PA1 were calculated for compar-
isons (Fig. 3). LyE, was calculated by applying Wolf’s algorithm
(Wolf et al., 1985), which involves a state space representation of
the time series (Fig. 3). The time delay (s = 9) and embedding
dimension (m = 4) were determined using the average mutual
information (AMI; Fraser and Swinney, 1986) and the false nearest
neighbor algorithms (Kantz, 1994), respectively. SDC was deter-
mined by first interpolating each cycle (i.e. expressed in percent).
Then, for each sample the standard deviation between cycles was
determined, and the mean of the standard deviations over the
whole cycle was calculated (Fig. 3). Pearson’s correlation coeffi-
cient r between SDC of PA1 and LyE of PP1 were evaluated using
SPSS Version 22 (IBM, Chicago, IL, USA).

3. Results

The first 6 PMs together quantified 94.56% of the overall vari-
ance (Table 1) and represented various combinations of arm,
shoulder, trunk and head movements (Fig. 1, Table 1). PP_rVAR
and PA_rVAR showed substantially different distributions (Fig. 2),
specifically, PM6 showed an over-proportional contribution to
the participants’ postural accelerations.

The mathematical equivalency of segment accelerations ajðtÞ
with the corresponding vector coefficients j in the linear combina-
tion of all PAk (Eq. (2)) was derived in the Supplementary Materials
to this paper. As an example, Fig. 3 shows this relationship for the
coordinates of the hand sensor: the acceleration curves obtained
from the PAs and from a direct differentiation of the position data
are identical, however, we observed some deviations from the
acceleration raw data exported from Xsens (Fig. 3). Obviously,
the Xsens MVN Fusion Engine algorithm applies additional filters
in the calculation of the position data (Roetenberg et al., 2013,
Schepers et al., 2018).

Finally, we observed a strong correlation r(17) = 0.92, p < 0.001
between the cycle variability SDC of PA1 and the LyE of PP1 (Fig. 4),
suggesting that the cycle variability in PA1 explained approxi-
mately 85% of the variance in the LyEs of PP1.
4. Discussion

The most important result of the current study is probably the
observation that the PP-explained variance and the PA-explained
variance can exhibit substantially different distributions. This is
relevant, because it demonstrates that an additional criterion
needs to be considered when reducing the dimensionality in pos-
tural movement analysis through PCA: if kinetic aspects of the
movement are of interest, then the decision of how many PMk

are considered should be based on both, PP- and PA-explained vari-
ance: there may be movement components that are small in posi-
tional amplitude, but are carried out fast enough to considerably
influence accelerations and thus forces acting in the system. In
the current study, PM6 is an example of such a movement compo-
nent. Furthermore, this observation also demonstrates that calcu-
lating a PCA on position data and then differentiating the PP to
obtain PAs (current approach) is not equivalent to first differentiat-
ing the positional data to obtain the accelerations of these refer-
ence points and then performing a PCA on these accelerations.

In the current study, Xsens data was selected to establish the
relationship between PAs and segment accelerations, since the
Xsens system directly measures accelerations. When considering
data from marker-based motion tracking systems, which deter-
mine positional data, noise amplification due to differentiation
becomes an additional issue to be considered. In marker-based
PA calculations low-pass filters have to be applied (Promsri et al.,
2018; Haid et al., 2018). In the current study these filters were
implemented in the Xsens motion tracking software (Schepers
et al., 2018), but led to differences between differentiated acceler-
ation and the acceleration data provided by Xsens.

Finally, we outlined a possible application of PAs for motor con-
trol studies. While the SDC of the first principal acceleration and
the LyE of the first principal position do not quantify exactly the
same aspects of the neuromuscular controller, the high correlation
suggests that these two variables share a large proportion of the
information that they provide. One advantage of assessing move-
ment control with PAs compared to calculating non-linear vari-
ables like LyE, entropy, detrended fluctuation analysis, etc. might
be that the non-linear calculations require relatively long, station-
ary time series (Van Emmerik et al., 2016), while PAs can be calcu-
lated for every data point. Thus, underlying structures, as visible in
the PA time series of Fig. 4B, can be observed. Furthermore, inter-
preting the structure and properties of the accelerations that pro-
duce postural movements might be more intuitive than
interpreting results from the aforementioned non-linear methods.

In conclusion, the current technical note highlighted some of
the properties of the PAs, which were purported as a new set of
variables that could be helpful in investigations into human move-
ment and how it is controlled.
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