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2. Methods & advanced
data processing

multidimensional data analysis,
time series analysis



DATA ANALYSIS
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MULTIDIMENSIONAL DATA ANALYSIS

Principal component analysis
from muscle activations to isometric joint torque

flexion/extension task
EMG data — 8 muscles, 6.2 s, 1 kHz
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MULTIDIMENSIONAL DATA ANALYSIS

Nonnegative matrix factorization

dimensionality reduction
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MULTIDIMENSIONAL DATA ANALYSIS
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THE COORDINATION PROBLEM

Concepts
— |s the CNS concerned with the control of each individual 'muscle" or

does the CNS simplify control by combining !muscles" into groups and
contro#ing each group, rather than the individual 'muscle"?
— synergies , structural units, coordinative structures, ...

, ( conTROLLER )
The controller organizes
relations among elements
at a hierarchically lower
level, and these relations ELEMENTS

assure stability of motor
performance with respect

to a particular motor task

dimensionality reduction

4 dof 3 dof

. / Ody parts
® — Latash et al., 2002, Exerc Sports Sci Rev 30:26

— Macpherson, 1991, in Motor Control: Concepts and Issues, Wiley




SYNERGIES

¥ Debnition

— “acting together”

— common source or coincidence

— muscles, joints, multi-segmental / whole-body movements
— anatomical vSfunctional

e.g muscle synergy — a set of muscles which act together to
produce a desired effect

¥ Narrow to broad meaning

— agonist / which acts with the prime mover / synonymous of motor
coordination / patterns of activity that occur at the same time

e.g. locomotion (Bernstein) — an extremely widespread synergy
Incorporating the whole musculature and the entire moving skeleton anc

bringing into play a large number of areas and conductions pathways of
central nervous system



POSTURAL SYNERGIES

Theory

— Nashner’s «fixed» postural synergies in subjects

standing on a moving perturbation platform
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Postural synergies are
activated in a mutually
exclusive fashion — each
muscle was activated by only
one postural synergy

4

Flexibility in patterns
of muscle activations
(amplitude, prior
experience)

e.g. ankle/hip strategies

— Nashner, 1977, Exp Brain Res 30:13
— Horak & Macpherson, 1996, in
Handbook of Physiology, OUP



SYNERGY AS COORDINATION

Old muscle synergy concept

Neural command OR Neural command

Rejection and new concept 1 ;
— rejection of the notion of synergy: t00 ISV”""” ‘”'I Sv"“glez
constraining and Inf3exible for the production of —
natural movements

— new concept: more than one muscle synergy [ l =

can be activated during a postural response anc
each muscle can also be activated by more that % —/\ ~/¥M
synergy. By varying the magnitude of the neural "“"’””Ne'w:s‘;wg"y;::“’ o
command signals to just a few muscle synergies, e a0 e connans
many di$erent muscle activation patterns can be 9 5 2
generated 1 . “Bm

descriptor that indicates some form of

motor coordination — no insight into the
underlying mechanism of coordination

[Muscie 1]  [Muscle 2] [Muscle 3

— Macpherson, 1991, in Motor Control: Concepts and Issues, Wiley J__A ——/\— :A
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— Ting & Macpherson, 2005, | Neurophysiol 93:609-613 ol g g




MOTOR PRIMITIVES

¥ Compositional elements
for movement construction

¥ Kinematic primitives VP o fectes e Spocos o e o |
segmentation/decomposition /| »

/\'s\

¥ M USC|e Synergles MP2 SPATIAL MUSCLE SYNERGIES, MP3 TIME-VARYING MUSCLE SYNERGIES &
. ASSOCIATED FORCE-FIELD MOTOR PRIMITIVES TEMPORAL PATTERNS

— based on EMG signals UL DS

— coordinated recruitment & g

of a group of muscles with

specific activation balances or

M1

Fixed Muscle Synergy
& Limb force/torque patterns Fixed temporal muscle patterns

Sp e Ciﬁc a,C tivation Wave fo rmS Adjustments: vary time pattern & strength Adjustments: vary phase & muscle composition



MUSCLE SYNERGIES

¥ Principle

dimensionality reduction =~ — mapping simplified by a low-

dimensional representation of the motor output: If a# useful muscle
patterns can be constructed by the combination of a sma# number of
elements, selecting the appropriate muscle pattern for a goal requires ol
determining how these elements are combined

¥ Organisation

— spatial, time-independent synergies

— time-dependent, time-invariant synergies
— time-varying synergies

¥ ldentibcation
multidimensional data analysis



MUSCLE SYNERGY IDENTIFICATION

¥ In frogs, cats, humans

— evidence that the CNS flexibly combines fixed muscle synergies
for generating the muscle patterns necessary to perform many
motor tasks and behaviors

— a variety of muscle patterns used in different behaviors are
generated by the combination of a small number of time-invariant
and time-varying synergies

¥ Methods

— principal-component analysis (PCA), nonnegative matrix
factorization (NMF)

— criterion: variance accounted for (VAF) of the experimental
EMG after synergy decomposition



TIME-INVARIANT SYNERGIES

P = number of observed patterns =5
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method — close to nonnegative matrix factorization —Tresch et al.,, 1999, Nat Neurosci 2:162




TIME-INVARIANT SYNERGIES

Observed responses N = number of synergies discovered = 4
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TIME-VARYING SYNERGIES

Muscle activation patterns =
during kicking, jumping and e T \\
walking in unrestrained frogs | N
temporal patterns of muscle activation : . !
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TIME-VARYING SYNERGIES

a medial kick caudal kick lateral kick
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HOW MANY SYNERGIES?

Cross-validation

— too many synergies = over-fitting

— determine the model order (number of synergies) with

the best generalization performance = the best reconstruction
of the data not used to bt the model

— partition of the dataset

hypothesis  reconstruction 0.8
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0.7}
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: c
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n i : =
© ! 0 : ©
o 0 : = 05}
T | i 7
: 8 o4}
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v 0.3}
N synergies
found 02 A A A A A A A A M "
repeat for —

several test sets Number of synergies



LIMITATIONS OF MUSCLE SYNERGIES

¥ Criterions

— accuracy in accounting for muscle activity (reconstruction)
— explaining as much variance of muscle activity as possible
— how many synergies

¥ Can muscle synergies extracted during an

action be used to produce this action?

— no consideration for task achievement (e.g. trajectories)

— proper EMG reconstruction, but erroneous kinematics

— requires fine-tuning to achieve satisfactory motor behavior



MOTOR VARIABILITY

Noise or 3exibility?

— variability as noise VSstructured variability

— how to compare the variability of different motor variables?
— notion of task-relevant and task-irrelevant dimensions

— uncontro#ed manifdldCM): variables that are stabilized
by neural control mechanisms are assumed to be less
variable than variables not relevant to the motor task
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— Gordon et al,, 1994, — Todorov & Jordan, 2002,

Exp Brain Res 99:97 Nat Neurosci 5:1226



UNCONTROLLED MANIFOLD

ConbPguration space, CVs and subspaces

— controlled variables (CVs)
— uncontro#ed manifdldCM)
set of all configurations that
lead to the same values of CVs

task — pressing with
two effectors with
a total force of 10 N

configuration space (Fi,F2)
CV = F1+F>
UCM — Fi1+F,=10

alternative hypothesis
(GAVAS T T
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— Latash et al., 2002, Exerc Sports Sci Rev 30:26



UNCONTROLLED MANIFOLD

Formal example
— final posture of a redundant arm

J(! %) =

X=Lscosls+ L.cosl.+ L, cos!,
y = Lgsinlg+ Lesin!eg+ Ly sin!y,

linearized

o

Lscos!?

T+

| Lgsin!? ! Lesin!9 1 Lysint?®
L.cos!

L, cos!{

UCM— null space of Jacobian matrix

{17309 =0}

Varqr

1%

analysis — projection
of final postures on
the linearized UCM
and its complement
and calculus of
variance

— Scholz and Schoner, 1999,
Exp Brain Res 126:289



UNCONTROLLED MANIFOLD

Sit-to-stand task
what are the CVs — center of mass (CM), head or hand position?

r= f(1) r!l =30 90 119

d dimension of task-space

n dimension of joint-space

r task-space variable dimd

! joint-space variable dimn

|0 reference joint-space value

f forward kinematics

J Jacobian matrix dimd" n
{1730 °!'=0} nullspace dimn! d
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null . -
space component variability per dof
!‘]"d |2
-
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— Scholz and Schoner, 1999,
Exp Brain Res 126:289



Sit-to-stand task

UNCONTROLLED MANIFOLD
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— Scholz and Schoner, 1999, Exp Brain Res 126:289



TIME SERIES ANALYSIS

Variablility across time/trials

e.g. spatial errors in a pointing task — random eftects
independently added to a constant mean?
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— van Beers et al., 2013, ] Neurophysiol 109:969
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SPECTRUM ANALYSIS

Fourier analysis
— power spectrum

e.g. stride interval during locomotion
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— Hausdorff et al., 1995, | Appl Physiol 78:349
— Hausdorff et al., 1996, | Appl Physiol 80:1448




ENTROPY ANALYSIS

Approximate entropy (ApEn)
— how to quantify the difference in regularity of physiological
signals (e.g. normalvs pathologica

minteges 1> 0 VA VANVANE VAN

u(l),...,u(N) time series of raw measuremer same mean, same variance
but different regularity

x(1),...x(N! m+1) sequence of vectors R™ AN N

x(i) = [u(i),..,uli + m! 1)]

number ofx(j ) /d [x(1),x(J)] " ra ji N m+y)
N! m+1

CM(Naw it N" m+1) =

dlx (1), x ()] = max [x (i ! X )]

— likelihood that similar patterns of

llle'n+l observations will not be followed by
! m(r) = ( NI m+ 1) Iog(Cim(r)) additional similar observations
i—1 — many repetitive patterns ! small ApEn

ApEn=1T(r)! I ™ (r) | o
— Pincus et al., 1991, Clin Monit 7:335



EXAMPLE N ENTROPY ANALYSIS

Isometric force
visual feedback frequency
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EXAMPLE N ENTROPY ANALYSIS
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DIFFUSION ANALYSIS

Posture guiet stance |

— CoP (center of pressure)

trajectory during quiet standing
— summary statistics (length of
sway path, average radial area) 15 L

displacement y (mm)
(<]
I

displacement x (mm)

For a given Ar (spanning m data intervals):

N-m
¥ (ar)

{=

1
(N- "1)

2
<Ar >, =

(XN—ms YN )

random walk (Brownian motion)

Il 2" =2D! t

Xtyms Yism) fractional Brownian motion H=1/2% C=0$ random walk
2 o +2H H> 1/2%$ C> 0% persistence

I_. 530" # S %" O<H<1 H< 1/2% C < 0$ anti-persistence

correlation

(XZ-'”I ) }“2 wm )

2H! 1 — Collins and De Luca, 1993,
C=227""3% 1) Exp Brain Res 95:308



DIFFUSION ANALYSIS

Stabilogram diffusion plot

CoP (center of pressure) trajectory Schematic Representation of
. . ) w0 Stabilogram-Diffusion Plot
during quiet standing " TSion P E——
80 4 Region
He> 1/ 2 e persistenc , iCritical Point = (Al,e.< A% )
] . <Ar“> :
H < 1/2 anti-persistenc mn?) 0 ) ' H,
P slope=2D,
.“'“ Sl()Pe — 2[),, H S
— over short time intervals, 0 i ' . ;
0 2 4 6 8 10

the postural system is not
controlled (open-loop)

Time Interval (s)

— at long time interval,
there is active feedback
control (closed-loop)

interpretation?

— Collins and De Luca, 1993, Exp Brain Res 95:308
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FRACTAL ANALYSIS

Detrended [3uctuation analysis

Xt (t =1...N )
!t
Xt = (x- 1" X8
i=
ny2
F (n) = N Y
t=1
» a < 1/2: anti-correlated (=
N’
 a =~ 1/2: uncorrelated, white noise LL
» a > 1/2: correlated g)

e a ~ 1: 1/f-noise, pink noise
» & > 1: non-stationary, unbounded
e a ~ 3/2: Brownian noise

lower ! — less correlated

structure, less predictability

local detrending

logn

400 600 800 1000

log,o S(f)

log,, f

"=(!+1)/2 (dataof inPnite length,



EXAMPLE N FRACTAL ANALYSIS

Stride interval during locomotion
9-min walking at self-determined speed

Original
Stride Interval (sec) Stride Interval (sec)

A
{ 'Jr“ ﬂf 4 Mmffl J W‘J\ “’{Wﬂf V}‘wwd r W 'TH\J !

4(!) 5(!)

— noisy fluctuations in stride
duration during walking display
complex fractal properties

i
0 100 2(!)

| Vuwwww N »Ju

— variability not simply
attributable to uncorrelated
random fluctuations, but
exhibited long-range power-law

Mfﬁ' 'WWNM i WW

Stride #

C
— '01 e correlations and self-
054 107 similarity, indicative of a
' 5 fractal process
C) 10 4
& 1.0 3
g @10
= k> — long-memory processes
=0 x Original (slope: 0.83) 107
' ogmmummox»
-20 Y T v T T 1 10 il
05 10 15 20 25 1000 10 10" 10 — Hausdorff et al., 1995,
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EXAMPLE N FRACTAL ANALYSIS

Stride interval during locomotion
1-hour walking at usual, slow and fast paces w/o metronome
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— Hausdorff et al., 1996, | Appl Physiol 80:1448



EXAMPLE N FRACTAL ANALYSIS

Running

8
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— Jordan et al., 2006, Gait Posture 24:120

— Nakayama et al., 2010, Gait Posture 31:331




MODELING PROPERTIES OF TIME SERIES

Postural sway
classical feedback control model

stabilogram diffusion plot e
20 € “
2 10| o 20 T, SDF Time Delay 5
< 9 22,10
= <10 5 € ! /
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7.29 218 0.97 13.05 0.79 033 | — Peterka, 2000, Biol Cybern 82:335
7.27+4.11| 2.51+1.76 | 0.97+0.46 |12.6+£10.71 | 0.77+0.04 | 0.38+0.1 — Collins and De Luca, 1993, Exp Brain Res 95:308




MODELING PROPERTIES OF TIME SERIES

¥ Postural sway

— classical feedback control model " X
. (AN
— can reproduce some experimental // =%
. b A X
characteristics LY P/v XA

— when driven by suitable noise

¥ But

— the sway pattern (CoM) is not the
result of a specific control action e ——

(magnitude of action = size of noise) "l NN N | q |
— intermittency: stabilization phase .
data 0.40%0.29 S
model  0.02+0.03 s - A}
W VU D W
— Bottaro et al., 2005, Hum Mov Sci 24:588 .




DISCLAIMER ON TIME SERIES ANALYSIS

¥ Methods sensitive to the nature of the signal

duration, sampling frequency, nonstationarity

e.g. an Increase In entropy cannot genera#y be interpreted as a refdectio
same physiological changes across a# studies

¥ Unreliable?

— two-stage model of Collins and De Luca (1993): statistical
artifacts? (Deligniéres et al. 2003)

— disappearance of fractal correlations in stride interval series in
metronomic conditions (Hausdorff et al. 1996): not confirmed by an

ARMA method (Deligniéres and Torre 2009)

¥ Loss-of-complexity hypothesis — Deligniéres et al., 2003,
Mot Behav 35:86
— Delignieres and Torre,

2009, | Appl Physiol 106:127 |



