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Statistics of longitudinal shape data

Abnormal & —— A
—— Tau-meditated neuronal injury and dysfunction r
—— Brain structure
—— Memory
—— Clinical function
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Cognitively normal : MCI : Dementia
Clinical disease stage
— Need to study the dynamics of anatomical alterations for: Jack et al. Lancet Neurol’10

* To monitor disease progression
* Detect subjects at risk

* Classify subjects according to patterns of anatomical alterations

— Challenges:
* Shape data: image, 3D surface meshes, point sets, etc.
* Infer dynamics from few time points
* Average inter-subject differences = normative scenario
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Forms and deformation

ONGROWTH  dj
AND FORM

Thie Conplere: Fa ised Blivn C -

Complex differences
in shape can be
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Grenander (1993), Miller, Younes, Trouvé, etc..: the emergence of the field of Computational Anatomy



Forms and deformation
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Forms and deformation
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Forms and deformation
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Forms and deformation
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Forms and deformation
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Forms and deformation
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Forms and deformation
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Forms and deformation
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Forms and deformation
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Forms and deformation
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Forms and deformation
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Forms and deformation

|+

|
- EZ
d siam
TN W
{ u sy Al
= |
N y ! W O
8 W tSii=e
1 -
4o : z B
1l A
1 11 -
I
N = 1 .

v(tvx) — ZK<xﬂck(t))O‘k(t) S(t) - {Ck?(t)aak(t)}
k

1
Extremal paths of H = / lv(t, )|§( dt

0
er(t) = v(t, cr(t)) = Y K(ck(t), cp(t))ap(t) .
p & Sit) = F(S(1))
() = =Y () ap(H) V1K (cr(t), cp(t))

17



Forms and deformation

|+

Etariiey y
i —T:F NG I| \ _t’:-f
55, 222 S
com 1 ;1 1 :1:
: P D 2
0UET) ot g(ta)) » X(8) = vt X (1))

Q ot = G(S(t), X(1))
& 5 ¢(0,z) =z

1
Extremal paths of H = / lv(t, )|§( dt

0
er(t) = v(t, cr(t)) = Y K(ck(t), cp(t))ap(t) .
p = S(t)
() = =Y () ap(H) V1K (cr(t), cp(t))




Forms and deformation

i 1 7
o - N :::E. -] Il
fi | { J— Tt \ Lr '
: luuiimw '
bs ) T = - '"—"_
- HTII - :1: -----
N FHHHH
O (t
’ UET) o (o(ta)) > X(8) = ot X (1)
ot = G(S(t), X (1))
»(0,2) =z

v(t,x) =Y K(x,cp(t)ar(t)  S(t)
k

1
Extremal paths of H = / lv(t, )|§( dt

0
er(t) = v(t, cr(t)) = Y K(ck(t), cp(t))ap(t)
() = =Y () ap(H) V1K (cr(t), cp(t))

19



Forms and deformation

41
(111
1
\




Forms and deformation

fr—
——
g
SR, L
— T M X g —
o~ o m s \ :JN"“‘"‘— — | _',,,_.._—aL—I_
rtJ- INGHE 11 VL L
PRS- M 1 — | o |
=11 4 __4_ 1 \
ra | e
1 Sl 1 T - L
| | l - - 1 § —
PR . 7 -
== 5 S o= aus
L1l 1 71
~1 | 11;11 LAY o ——|
3\ TPt .%,{ A -+

I




Forms and deformation
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Forms and deformation
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X(t) = v(t,

s.t.

The solution is a geodesic path!



Forms and deformation
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Forms and deformation
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Forms and deformation
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D(X(1),Y) = || X(1) = Y], or norm of currents, norm of varifolds, norm between images, etc..
[Glauneés’05, Durrleman’08, Charon’13,



Forms and deformations

,
e

Atlas-to-patient registration of basal ganglia [Fouquier et al. DBSMC’14] Deformation of white matter tracts [Gori et al. MICCAI'13]

=0

32
Registration of sulcal curves [Durrleman et al. Media’08] Registration cortical surface between baseline and follow-up
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Regression of time-series shape data

Y; Y, Y3
Australopithecus
amcanus Homo habiis Homo erectus Maf?denamns’b Saptons S&Q‘Gﬂb
1 | |
-4 -1.7 —0 7 —0.2 0

time (in millions of years)
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Regression of time series shape data

Y;
Australopfmecus
africanus Homo habilis Homo erectus neandenalons: sapens saplens
—4 -1 .7 —0 Fé —0.2 0 t

time (in millions of years)
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Regression of time-series shape data
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afmcanus Homo hablis Homo erecrus M&M@R&Mﬂﬂb sap.ens saplens
X4 X(1.7) X(-0.7) 02 X(0) t
time (in millions of years)
1 2 ! 1 2
E(S(t)) = 5,3 DX Y+ | LS () (so) = 55 D(X(1),Y)* + L(S)
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Regression of time-series shape data
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B(S(0) = 55 3 DIX(1), Yo + / LS B(50) = 5 5 DIX(1), Y)? + L(S))
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Regression of time-series shape data

Austrggpfmecus
amcanus Homo habiis Homo eréctus neandena!ensm sapens saplens
(—4) X (-1 7) X(0.7) -0.2 X(0) t

time (in millions of years)

B(S(1)) = % > DX (1), Vi) + /01 L(S()dt  E(S)) = 53 2 DX (£, Yi)? + L(S0.
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Regression of time-series shape data

Y;
Austra;opfmecus

amcanus Homo habiis Homo erecrus neandonafansz sapens saplans @

(—4) X(- 17) X(0.7) -0.2 X(0) t

time (in millions of years)
1 1 1

B(S®) = 5 ;D<X<ti>,m2 + / LS()dt B(S0) = 55 Y. DX (8). ¥)? + L(S0)
s C(#) = _ X(t) =G(S(t),X(t) X(0)=Xo
o X(H)=G(S(1),X(1) X(0) =X, s {3 S plsemxor 20 2

Piecewise geodesic solution
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Regression of time-series shape data

Y;
Austra;opfmecus

amcanus Homo habiis Homo erecrus neandonafansz sapens saplans @

(—4) X(- 17) X(0.7) -0.2 X(0) t

time (in millions of years)
1 1 1

B(S®) = 5 ;D<X<ti>,m2 + / LS()dt B(S0) = 55 Y. DX (8). ¥)? + L(S0)
s C(#) = _ X(t) =G(S(t),X(t) X(0)=Xo
o X(H)=G(S(1),X(1) X(0) =X, s {3 S plsemxor 20 2

Piecewise geodesic solution
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Regression of time-series shape data

i Yi " Y5 Y3 Y, 3/5
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- @\ Q — | C——/~)
e RS &
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Piecewise geodesic solution geodesic solution
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Regression of time-series shape data

Yi Y,
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X(-4) X(1.7) X(-0.7) 02 X(0) t
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B(50)) = 3,7 X DX (@07 + [ s B(%)) = 575 > DX (1), + 1455
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Regression of time-series shape data
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5 O — _ X(t)=G(S1), X)) X(0)=Xo
£ X(0) = G(S(t), X(£) X(0)= X, ot { e o=

Piecewise geode lution
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Regression of time-series shape data

Y; Ys
Australopithecus
ancanus Homo hab/is Homo erectus neandonamns: sap.ens saplans
X(-4) (‘Iﬂ X(-0.7) @02) X(0) t
time (in millions of years)
1 ) !
E(S(t)) o ;D(X(t ), Y; +/0 L(S(t))dt E(so) - 202 ZD 2 LISy
C(4) = _ X(t) =G(S@1),X(t) X(0)=Xo
t. Xt)=G(S(),X(t) X(0)=X . .
st X(1)=G(5().X(1) X(0) =X st {Swzﬂﬂm O,
Piecewise geodesic solution geodesic solution
Vs(t)E = 82GT9(t) + VS(t)L VSOE = 5(0) + VSOL
with  0(t) = =1 G(t)T0(t) = > 6(t —1;)VxuyD and 6(T) =
i SN T B T .
Durrleman et al. MICCAI’'09, 1JCV’13, | f(t) a azG 8<t) ds(t)F f(t) S(T) =0

Fishbaugh et al. IPMI’13, GSI'13, ISBI'14

Yy, E = 6(0)



Regression of time-series shape data

Geodesic regression: fixed baseline
Australopithecus

aricanus Homao habliis Homo erectus neandena!ens:s sapfens saplens
1 | 1 | 1
-4 -1.7 -0.7 -0.2 0 t

Durrleman et al. MICCAI'09, 1JCV’13, Fishbaugh et al. IPMI’13, GSI'13, ISBI'14



Regression of time-series shape data

Geodesic regression: fixed baseline

Australopithecus
africanus Homo habilis Homo erectus neandena)ens:> sap.'ens saplens
| | i l |
-4 -1.7 -0.7 -0.2 0 t

Geodesic regression: estimated baseline

* Joint optimization:
* Estimation of a baseline (intercept)
* Estimation of initial momenta and control points (slope)

Durrleman et al. MICCAI'09, 1JCV’13, Fishbaugh et al. IPMI’13, GSI'13, ISBI'14



Regression of time-series shape data

Geodesic regression: fixed baseline
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Geodesic regression: estimated baseline
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Durrleman et al. MICCAI'09, 1JCV’13, Fishbaugh et al. IPMI'13, GSI'13, ISBI'14



Regression of time-series shape data

Geodesic regression: fixed baseline

Australopithecus
ammcanus Homao habliis Homo erectus neandenaﬁens;s sapfens saplans
1 | 1 | 1
-4 -1.7 -0.7 -0.2 0 t
Geodesic regression: estimated baseline
Output:
Australopithecus
afncanus Homo habliis Homo erectus neandena!ens;s sapfens saplans
1 | 1 | 1
-4 -1.7 -0.7 -0.2 0 t

Durrleman et al. MICCAI'09, 1JCV’13, Fishbaugh et al. IPMI'13, GSI'13, ISBI'14



Regression of time-series shape data

u

~2 months ~12 months ~24 months
2 months 8 months 12 months 18 months 24 months
0.0 M| ™ 1‘m |||||||| ! l‘m 0.20
Velocity (mm/month)

Growth of the genu fiber tract [Fishbaugh et al. IPMI'13]



Regression of time-series shape data

Geodesic regression of join image and surface data [Fishbaugh et al. MICCAI'13]
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Longitudinal Data Analysis
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Repeated measurements of a series of subjects. Subjects differ in:
* Shape

* Pace of development .



Longitudinal Data Analysis

Comparison between two lineages (toy example)

R I
o

| | | | | | | |

-1600 -1400 -1200 -1000 -800 -600 -400 -200

53



Longitudinal Data Analysis

Comparison between two lineages (toy example)
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1200 1000
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Longitudinal Data Analysis

 Comparison between two lineages (toy example)
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Longitudinal Data Analysis

600 400 - 200

Comparison between two lineages (toy example)
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1400 -1200
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Longitudinal Data Analysis

 Comparison between two lineages (toy example)




Longitudinal Data Analysis

Comparison between two lineages (toy example)

1200 _-400 - -200
oF slope = 1.66
It
e /\ -0.3
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LA
g 15}
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| 1 i |
-1600 -1400 -1200 -1000
age (in thousands of years)
2 2 -1.6 -1 '5 58-1

ag-e (in millions of years)



Longitudinal Data Analysis

Compare regression between subjects [Durrleman et al. JHE'11, [JCV’13]



Longitudinal Data Analysis

Compare regression between subjects [Durrleman et al. JHE’11, 1JCV’13]

Bonobos Chimpanzees

60



Longitudinal Data Analysis

Compare regression between subjects [Durrleman et al. JHE’11, 1JCV’13]

Bonobaos Chimpanzees

Morphological changes

61



Longitudinal Data Analysis

Bonobaos

Morphological changes

Compare regression between subjects [Durrleman et al. JHE’11, 1JCV’13]

Chimpanzees

adult

ol young
juvenile uvenile sub-adult

dental age of chimpanzees

child

Time warp

Bonobos in advance ’
w.r1. Chimpanzees 4

sope = 0.42

S Bonobos delayed
# w.rt. Chimpanzees

child young old sub-adult adult
juvenile juvenile 62

dental age of bonobos



Longitudinal Data Analysis

*  Multiple subjects comparison: [Durrleman et al. IJCV’13]
*  Construction of an average growth scenario
* Spatiotemporal deformation of the average scenario to each subject



Longitudinal Data Analysis

*  Multiple subjects comparison: [Durrleman et al. IJCV’13]
*  Construction of an average growth scenario
* Spatiotemporal deformation of the average scenario to each subject

* Developmental delays in autistic children:
* 2 scans (initial age 2-3 years, follow-up 4-5 years)

* 12 subjects (4 autistics, 4 developmental delays, 4 controls)
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Conclusion

 An approach to biological shape analysis based on deformations
* Regression of time series shape data:
* Piecewise geodesic regression
* Geodesic regression
e Other alternatives include:
* Acceleration-controlled (continuously differentiable trajectories) [Fishbaugh’11]
* Riemannian splines (perturbation of Hamiltonian equations) [Vialard’10]
e Statistics of longitudinal data sets:
* Morphological deformation
* Time-warp

e Joint work with: J. Fishbaugh, G. Gerig, X. Pennec, M. Prastawa, A. Trouvé
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essentially computes deformations of the ambient 2D or 3D ambient space, which, in
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Deformetrica comes with two applications:

« registration, which computes the best possible deformation between two sets of
objects,
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in the collection.
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The Deformetrica team

Check out our tutorals! Find more help In the
Get Help section with the user's manual and

Visit our gallery to find out what Deformetrica
can do. Just few examples... and we are
walting for your contributions!

Deformetrica is released! March 13, 2014

Welcorne!
Project
Downloads
Get Help
Code documentation
User's Manual
Installation Instructions
Command-line apps
Available object types
Available options
Ust of parameters in xml files
Utitities
Tutorials
Tutorfal: Registration (1/2) 66
Tutorlal: Registration (2/2)



67



