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Two figures on neuro-degenerative diseases in France!

m Multiple Sclerosis (MS): > 100,000 patients
m Parkinson's disease: > 200,000 patients

Walking disabilities analysis:
m One of the most frequently observed symptoms [1].
m Impact on the daily life of patients [2].
m Essential element in neurology diagnosis [3].
|

Development perspectives for other pathologies (e.g. the elders).

Our Approach: Determination of a biomarker called Individual Gait Pattern
(IGP) from data measured by a wearable Inertial Measurment Unit (IMU)

Inttps://solidarites-sante.gouv.fr/soins-et-maladies/maladies/
maladies-neurodegeneratives
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Gait Measurement Device:

m An Inertial Measurement Unit (MetaMotionR?) placed on the belt at the
right hip.

m Recording of the wearer's hip rotations in the form of unit quaternions time
series.

4
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The orientation of the MetaMotionR is
the rotation between:

m A fixed frame (i.e. the Earth frame)
Ry = (f1, £, f3)
m Its own frame R, = (s1, s2,83)
Natural representation of this rotation:

m its angle of rotation 6 € [0, 27]

m its axis of rotation
u = (up, up, u3) € S%, where §? is

Figure 1: Orientation of the MetaMotionR
the 2-sphere.

The unit quaternion representing this rotation is:

0 .0
q:w+xz’+yj+zk:(:os§+(u1i+qu+U3k)sm§, (1)

with i2 =2 = k> = jjk = —1 and ||q|| = /w2 + 22 + y2 + 22 = 1.
The unit quaternion time series represents the hip rotation during time.

Pierre Drouin Semi-supervised clustering of quaternion time series



Individual Gait Pattern
Presentation of the eGait project

Gait biomarker: Individual Gait Pattern
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The biomarker Individual Gait Pattern (IGP) represents the orientation of the hip
at each percent of duration of a typical walking cycle.
It is a unit quaternion time series () = (qo,
Step 1: Data recording
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»9100)-
Step 2: Walking cycles detection
/N1 /Z\ ]

£ 11/ \
| B
.,j‘ v

Time (s)

Step 3: Individual Gait Pattern (IGP)
computation

Figure 2: IGP determination method
in part on the presence of gait disorders.

T P "
Hypothesis: The shape of the IGP is dependent on the individual’s gait, and thus

Pierre Drouin
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A study was prepared in collaboration with the research teams of Pr D-A Laplaud
and Pr P-A Gourraud (University Hospital Center of Nantes):

m Sample: 27 MS patients
m Data measured:
m Expended Disability Status Scale (EDSS) score [4]

]
Normal Increasing Decreasing

neurological neurological walking Not able to
function disabilities ability walk

0 1 15 2 25 3 35 4 45 5 55 6 65 7 75 8 85 9 95 10

Figure 3: EDSS overview

Pierre Drouin Semi-supervised clustering of quaternion time series
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Semi-supervised clustering of MS patients’ IGPs

Material

A study was prepared in collaboration with the research teams of Pr D-A Laplaud
and Pr P-A Gourraud (University Hospital Center of Nantes):
m Sample: 27 MS patients
m Data measured:
u
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m IGP durng the Timed 25 Foot Walk [3]

9% Duration of Indvidual Gait Pattern

Pierre Drouin

Figure 3: Patients IGPs

Problematic: Build groups of patients with similar gait disorders with
method allowing to consider both sources of information.

=
Semi-supervised clustering of quaternion time series
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Methods

Semi supervised clustering
Semi-supervised clustering of MS patients’ IGPs
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Three categories:
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m Constraint based clustering [5]
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Clustering methods accounting for multiple data sources: semi-supervised
m Ensemble clustering [6]

m Compromise based clustering [7]

and two semi-supervised hierarchical based clustering methods:

In this study, we compare unsupervised hierarchical ascendant clustering (HAC)
m En ensemble clustering method: mergetrees [8].

Pierre Drouin

m A compromise based clustering method: hclustcompro [7].
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Problem setting:

m Xi,...,X,,: m data sets observed on the same n individuals.

m 7 ={Ti,...,Tm}: m dendrograms obtained from these data sets with any
hierarchical clustering method.
Mergetrees principle:
Build a consensus tree C (T") according to the following rule: For any individuals
iandjin{l,...,n}, i #j, ifi and j are not in the same cluster in at least one of

the trees of T at a given height h, then they are not in the same cluster in C (T)
at height h.

Figure 4: Application of mergetrees on two dendrograms

o (=] =
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Problem setting:
n X1 = {1171, ceey Zl’n}.
m Xo ={20,1,-.,%0,n}

®m dy and do: dissimilarity measures.

® D; and Dg: normalized dissimilarity matrices.

ding=0 diag=0
i D, i Dy
. » n n
: .
X[ Xon| o, = Do) =
LACYEN)] do((ros%0,)
o Al || ma oo xa)

(a) Normalized dissimilarity matrices
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Semi-supervised clustering of MS patients’ IGPs Methods nanlT R&D Department / Ma natics departm
Problem setting: nd X X, MEZ0 n  WEE0 a
1 [¥a][¥ou i D @ Dy
Xy ={z11,...,%1,0} ﬂ
LV n n
m Xo={z0,1,--.,%0o,n} » o
® dy and do: dissimilarity measures. P -
. . L . () dolon o)
m D; and Dg: normalized dissimilarity matrices. G || T o)

(a) Normalized dissimilarity matrices

diag=0 , Ileiqht

m D,, convex combination of Dy and Dy: S
1 e Cophy (&)
Do = aD; + (1 — &) Dy, (2) . »
Et

with o € [0, 1]
m Apply HAC on D, to obtain T,.

Principle of hclustcompro:

Dendrogram

(b) Hierarchical clustering on Dy

ierre Drouin



CENTRE

Hclustcompro [7] HENRI LEBESGUE

CENTRE DE MATHEMATIQUES

Semi-supervised clustering of MS patients’ IGPs Methods nanlT R&D Department / Mathematics departm
nd X, X ding=0 ding=0
1 [¥a][¥ou i D @ Dy
Problem setting: ]| %0 » R n
s Xy ={z11,...,%1,0} o) o
B Xo = {= R . %on| [oiGn= X
0 {zo,1, , To,n} " ) dy(xo0%0,)
m di and dp: dissimilarity measures. T e )
m D; and Dy: normalized dissimilarity matrices. (a) Normalized dissimilarity matrices
diag=0 , Ileiqht
S

Principle of hclustcompro: - 5
* Cophe (i, /)
m D,, convex combination of Dy and Dg: »
U]
Do = aDy + (1 — a) Dy, ) B

Dendrogram
axDy(i,j) + (1 = @)xDo(i,j)

(b) Hierarchical clustering on Dy

with o € [0, 1]
m Apply HAC on D, to obtain T,.

diag=0 diag=0 diag=0
N N i D, i peorn [ D
Determination of the weighting parameter a: ! “ ’
m D" Cophenetic matrix of T [9]. "G " h=
m CorCrit, = L Copha (i, )N

L T )
Y

Y
‘ CorCrit, = |Cor(Dy, DE™) — Cor(Do, DEP™)| ‘

| Cor(DSP", D1) — Cor(DSP", Dy)|.

m & = arg min, CorCrit,

(c) Weighting parameter optimization.

ierre Drouin i d clustering of quaternion time series
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Data: Supplementary Main
EDSSs: IGPs:
EDSS;, ..., EDSS, Qs Qn
1 1
Gower() QDTW®
i i
Matrix:
mergeTrees :
Dendrogram: | i o o [;E] estm—" »[e(T, 7
\ J
|
Partitioning  Choice of K, the number of clusters to form:
- Within cluster Sum of Squares.
- Average Silhouette Width.
Lege”fjnsupew‘sed susering Evaluation - Internal: proportion of within-cluster inertia, Dunn
Ensemble clustering Index and EDSS distribution.
. o erbased custering - External: within-cluster T25FW distribution,
clinicians observations.

(1) Gower dissimilarity [10].
2 @QDTW: Quaternion Dynamic Time Warping [11], a generalization of the
method Dynamic Time Warping to unit quaternion, timg series,

Pierre Drouin Semi-supervised clustering of quaternion time series
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m Hclustcompro weighting parameter estimation: & = 0.69.
m Optimal number of clusters: K =5

mergeTrees
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helustcompro
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Figure 6: Dendrograms obtained with HAC, mergeTrees and hclustcompro
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HAC mergeTrees helustcompro

==
=
“ * +’ B3 o1
—_— _. B3 c2
B cs

g ]
(e _..4._* e

Figure 7: Clusters description

$sa3

mdsel

m HAC: Heterogeneous clusters (number of patients and disabilities).
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HAC mergeTrees hclustcompro
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Figure 7: Clusters description
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m Mergetrees:

m Patients with stronger disabilities in C4 and C5.
m Patients with similar disability split in different groups.

m No ordered difference in terms of walking speed.
o [ =

i
it
N
el
]
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HAC mergeTrees hclustcompro
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Figure 7: Clusters description
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m Hclustcompro:
m Cl and C2: patients with normal to moderate neurological disabilities.
m C3 and C4: patients with moderate disabilities.
m C5: patients with severe disabilities.
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Discussion of the results
m Additional information improve clustering interpretability.

m Compromise based method hclustcompro provide better results in this
application.

m Results need to be confirmed on a larger cohort.
Perspectives

m Extend hclustcompro to the cases of more than two sources of information.
(as in factorial method STATIS [12, 13]).

m Investigate of how well the IPG correlates with state-of-the-art
spatio-temporal parameters (Gaitrite [14]).

Pierre Drouin
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Unit quaternion algebra HENRI LEBESGUE
Quaternions are hyper-complex numbers with 4 dimensions
q=w+ix+ jy+ kz,

where 2 = 2 = k2 = jjk = —1

)

— the product of two quaternions (i.e. Hamilton product) is noncommutative
qiq2 =W W2 — T1%2 — Y1Y2 — 2122
FHwr e + zwe + Y122 — 21Y2)0

+(wrye — 2120 + yrwz + 2122)]
+(w122 + 1Yo — Y122 + leg)k

Pierre Drouin
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Some definitions:
m Re(q) = w: the scalar part of q.
m Im(q) = iz + jy + kz: the vector part of q.
m q* = Re(q) — Im(q): the conjugate of q.

m [|q]| = V/aq = \/w2 + 22 + 32 + 22: the norm of q.
mql= ”q;”: the reciprocal of q

Pierre Drouin Semi-supervised clustering of quaternion time series
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Quaternions of norm one form the set of unit quaternions H,, = {q; ||q|| = 1}.
Unit quaternions represent rotation in 3 dimensions space.
Natural representation of a 3D rotation:

m its angle of rotation 6 € [0, 27]

m its axis of rotation u = (uy, up, u3) € S?, where S? is the 2-sphere.

The unit quaternion representing this rotation is:

0 9
q:w+xi+yj+zk:cos§+(u1i+qu+U3k)sin§, (5)

A possible distance between two unit quaternions q; and qs is the geodesic
distance[15]:

d(q1,92) = 2arccos (qflqg) (6)

Pierre Drouin
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QDTW purpose: find the warping path W such

as:
K
. QDTW(Q1, Q2) = min ;1 A(q1,w; 15 92,w;)»
()
- l with d(.,.) the geodesic distance between two
! unit quaternion and W following these rules:
E “E"VS);Z) @) wig =wi2 =1, wg,1 = Ny,
! — wi 2 = No.
Wiz ‘ M ‘ (2) Each element of Q) is aligned with at

) ) least one element of Qo.
Figure 8: QDTW: Warping path
(3) wk,1 < wy41,1 and

wk72 < wk+1’2, Vk € {1,. . .,K - 1}

A

(4) w1 — wg—1,1 <1 and
Wg2 — Wg—1,2 < 1.

u]
]
|
i
it
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Choice of the number of clusters: WSS HENRI LEBESGUE
Let Ql, AN
The WSS is given by:

, Qn be a sample of n QTS grouped into K clusters (1,
addition, let Vi :={f € [l,n]: Q¢ € Ci}.

K

cey CK. In
k=11i€Vy

wss =33 QpTw (0. @)

(8)

where @k is the medoid of the cluster Cj computed as:

JE Vi,j7#1

Qr = @i, where i, = argmin Z QDTW (Q;, Qj)2
i€ Vi

Pierre Drouin
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Choice of the number of clusters: ASW HENRI LEBESGUE
For an observation 7 assigned to a cluster k:
m Cohesion coefficient
1
A(i k) =
0= W=

> QDTW(Q:, @)

JE Vi, j#i
m Separation coefficient

B(i, k) := rznﬁcl

|V| Z QDTW(Q;, Q)).-
m Silhouette width

s(i, k) ==

B(i, k) — A(i, k)
ma (A(7, k), B(, b))
The average silhouette width (ASW) of a partition ( V7,
ASW (V14,...,

ey VK):
1 K
~ IS S
Pierre Drouin

k=11i€V}
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Within-cluster inertia I‘(/‘I;) of each cluster Cj:
1 ~
Iy = —— 3" QDTW?(Q:, Qu).
Vil v,
Between-cluster inertia I](Bk):
K -~ ~
1) = QpTw? (41, Q).
where é is the overall medoid of the data set:
Q= Q,

7 = arg min
Proportion of within-cluster inertia:

; > QDTW?(Qi, Q).
bl jeqnnl g
(k)
w.__ Iw
W (k) (k) *
Iy + 1
At the level of the entire partition:
I

_ T vl
Sre Vil

(10)
k
_ i vl
i Vil
Pierre Drouin

and pw =

Iw + Ip
o =
Semi-supervised clustering of quaternion time series
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Dunn index HENRI LEBESGUE
Dunn Index:
DI . ik ceq, k12,04 0 (Cr, C)
maXge[1,K] A(Cy)
with
g (Ck7 CZ) =

)

(12)
i DTW (Q;, Q;) (separation) and
regiin, Q (Qi, @) (separation)
A(Cy) = max QDTW (Q;, Q) (cohesion).
©,J€ Vi
This index is expected to be large when clusters are compact and well-separated [16]
Pierre Drouin
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Figure 9: Tanglegrams
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Figure 10: Within-cluster sum of squares (WSS) and average silhouette width (AS
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Table 1: Summary of the clusters in terms of size (n), proportion of within-cluster IGP inertia
(p(vl‘;)) and median EDSS (EDSS). For a given cluster, its proportion of within-cluster inertia is
computed on the IGP data according to eq. (10).

Classification  Critére de liaison C1 c2 c3 ca C5
n pl) Eobss n P Epss n PP Epss n plY) EDSS n P\ EDSS

CAH average 1 0.0 0 1 0.0 1 10 47.0 2 2 286 0 13 438 2.5
mergeTrees average 1 00 O 11 526 2 5 655 0 8 370 3 2 435 55
hclustcompro average 1 00 O 8 698 0 8 520 2 8 339 3 2 435 5.5
CAH complete 1 0.0 0 1 0.0 0 10 50.5 2 2 286 0 13 438 .5
mergeTrees complete 1 00 0 6 636 1 8 552 1.5 3 223 25 9 38.0

hclustcompro complete 4 647 0 5 636 0 8 520 2 8 339 3 2 435 55

Pierre Drouin i-supervised clustering of quaternion time series



Internal criteria (2)

CENTRE

HENRI LEBESGUE

CENTRE DE MATHEMATIQUES

Annexes manlT R&D Department / Mathematics departmi
Table 2: Performance metrics of IGP data at the partition level.

Clustering Linkage Using all clusters Using only clusters that are never singletons
PW DI W DI

HAC average 34.0 0.377 42.5 0.377

mergeTrees average 42.7 0.288 49.2 0.288

hclustcompro average 45.9 0.192 42.1 0.467

HAC complete 35.0 0.428 43.8 0.428

mergeTrees complete 40.2 0.288 41.4 0.329

hclustcompro complete 51.6 0.214 42.1 0.467
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Figure 11: Geodesic distance of the clusters medoids
An intuitive easy-to-read representation of the IGP is the time series of the angles
of its rotations:

0; = {2arccosRe (q;0),...,2arccos Re (q;100)} (13
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