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Centre Borelli ¢

» Centre Borelli is a multidisciplinary research unit that brings together researchers
in mathematics, computer science and neuroscience.

Mathematical foundations  Integrative and behavioral Modeling, analysis and
and algorithms for artificial ~ neurosciences in humans simulation of physical and

perception and learning and animals biological phenomena

L. Oudre C. Truong E. Krejci

Mouse ventilation analysis
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Biomedical time series
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Deterministic and recurring biomedical patterns ¢

K-complex PVC Neurological

Sleep spindle Healthy Healthy

EEG ' ECG Gait

» Biomedical time series often exhibit patterns that:
e Consistently observed across different subjects.
e Reflect the physiological states of subjects.

» Biomedical patterns are appealing features for statistical analysis (diagnosis,
longitudinal follow-up, etc).

Thibaut Germain




Statistical analysis with biomedical patterns

Historical approach:
» Extracting and comparing key features from biomedical patterns.

(a) (b)

PQ QRSD JTmax +AUCQRS

.............

-AUCQRs -AUCJT

Figure: From [Mar+17], ECG features accounting for (a) intervals’ duration
and peaks’ height, (b) area under the curve of specific intervals.

Issues:
» Features partially describe the shape of a pattern.
» Features sensitive to pattern deformations.

Thibaut Germain




Sensitivity to deformations

PQ QRSD JTmax

+QRSA
«—>

— Deformed
""" Original

. E >
+QRSA / QT ...................... +QRSA/ QT ......................

Amplitude scaling Offset shift

or o
Time warping

Desirable analysis:

» Comparing the shape of objects independently of some deformations.
» Comparing the shape of objects by quantifying relevant deformations.

Such problematics are specifically addressed by the research community

Shape analysis
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Shape analysis

» Shape analysis finds its roots in biology [Tho17, Gre98],

Fig. 152. Scorpaena sp.

Figure: From [KIi15]. Figure: From [Tho17]

» A strong theoretical background [Boo86, Ken77, Gre94, You10, Bau21],
» Finds applications in medical analysis, Alzheimer [Deb19], glaucoma [Lee17].

y . " > , V\ } : < R
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GW 24 26 28 30 32 34
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Expected sulci Central sulcus| ' Post-central | Sup. temporal 1 Mean curvature 1
development formed sulcus visible | sulcus formed "L — —

Figure: From [Gau23], analysis of fetal brain development.

» Shape analysis is primally concerned with images and must be refined to
encompass temporal dynamics as needed in time series.

Thibaut Germain EDF




Group action for time series

A Group action models:

» The deformation by a group G.

» The geometric objects (time series) by a set M.

» The action of g € G onm € M by the deformed object g - m € M.

Two Time series representations:
» Functional: It is a function f from a closed interval I C R taking value in R4

» Discrete: Itis a sequence (f(t)), ..., f(t,)) € R™?sampled atimet; < ... <t €L
g 1 n P 1 n

Example:
The group of linear trends G = {t €01l ar+p R | (a,p) € Rz}acts on the

set of time series M = L*([0,1], R) by the action:

G X M = M
— o« n_ = [N\
g n\/l/ g-m=m-+4g

Thibaut Germain



Local linear deformations: Similarity search & Convolution |5

Aim: Retrieving all occurrences of a query sequence in a time series.

Shape requirement: The similarity functions might need to be invariant to some
deformations.

Contribution:

1. Metric invariant to linear deformations [Ger24a].

Electrocardiogram (ECG)

Query
Time series

d,r profile

o

deuc profile

2. Convolution locally invariant to linear deformations [Ger25].

[Ger24a] Thibaut Germain, Charles Truong, and Laurent Oudre. “Linear-trend normalization for multivariate subsequence similarity search”. In: 2024 |EEE 40th International Conference on Data
Engineering Workshops (ICDEW). IEEE. 2024, pp. 167-175. DOI: 10.1109/ICDEW61823.2024.00028

[Ger25] Thibaut Germain, Chrysoula Kosma, and Laurent Oudre. “Time series representations with hard-coded invariances”. In the 42nd International Conference on Machine Learning (ICML).
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Global non-linear deformation: Time series embedding ¢

Aim: Embed time series irregularly sampled and of variable length as vectors
accounting for time series shape structure.

Shape requirement: Transitive group action with a relevant group of deformations
for time series.

Contribution: An unsupervised framework for learning time series embedding
suited for shape-related statistical analysis [Ger24d].
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[Ger24d] Thibaut Germain, Samuel Gruffaz, Charles Truong, Alain Durmus, and Laurent Oudre. “Shape analysis for time series”. In: The Thirty-eighth Annual Conference on Neural Information
Processing Systems (NeurlPS). 2024
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[.ocal invariance to linear
deformation
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Deformation-based embedding for time series

Aim:
Propose metrics and convolutions (locally) invariant to
linear deformations computationally scalable.

Methodology:
Construct a time series embedding invariant to linear
deformations and scalable thanks to the Fast Fourier
Transform.

Application:
Similarity search, Classification, Domain adaptation

Thibaut Germain




Group action modeling

Question: How to model local linear deformations and their action ?

(a) Amplitude scaliné (b) Offset shift ] (c) Linear trend '

@roup Action: Consider the group action: B
(R X H) x LA(I, R®, p) = L*(I, R®, )
(4, h),f)—= Af+h
with:
LR = (1€ R = R | {0, S0) u(d) < o)
I

and:
. H a finite dimensional subspace of L*(I, R”, u). »

Orbit: Consider f e L*(I, R?, u), its orbitis the set [f] = {Af+ h | (A, h) € R* X H}.

Next question: How to define a deformation-invariant metric ? That is a metric on
the set of orbits, i.e. :

d(lf1,1g) =7

Thibaut Germain EDF




Invariant embedding

Aim: Proposing a embedding L : M = M that is:

1. (R* X H)-invariant:

2. orbit-injective:

L(Af+h) = L(f)

L(f)#L(g) it [f]l#Ig]

$roposition 1: The embedding L

=1

is H-invariant and orbit-injective.

= orthogonal projector

*P.:meMP Z (m, h;)| h; € H with the orthonormal basis (h;);cy1 yp)

Proposition 2: The embedding

L(m)/||L(m)||\, If m € M\H

s (R* X H)-invariant and orbit-injective.

else

Thibaut Germain




Invariant metric and convolution

Proposition 3 (Invariant metric): The application:

d(lf1. 8D = ILCH) = L)l = \/ 2 (1= <L L@) .

Ldeﬂnes a metric on the set of orbits (quotient space).

Kernel (W) Electrocardiogram (f)

B e e e e

Convolution

Invariant to Trend

Proposition 4 (Locally invariant convolution): The application:

f@°w:ueR- J (KZ)(@D), w))u(dr) € R,

I

dvhere KSf = L(t € I — f(t + u)) is locally invariant to deformations.

Computational complexity: Given an orthonormal basis of :

N
(L()w) = (fiw) = I L) w YILCH)I = OWDLlog(L) (FFT [Mat13])
i=1

Thibaut Germain EDF




Experiments: Robustness Study

Classification Accuracy (%)

Conv Inv. Conv INv. Conv | TS-TCC (FT) (2021)

- normal - - offset - - trend - - offset, trend -

Normalized 77.84 + 0.0 72.43 £ 0.54 | 70.54 £ 0.71 88.96 + 1.17

+ off. 41.08 + 0.47 | 72.43 + 0.54 | 70.72 £+ 1.02 47.83 £+ 0.54

HandOutlines + LT 37.39 £ 0.16 | 71.08 + 1.08 | 70.90 + 0.82 40.87 + 1.41
+ off., LT 35.68 £ 0.47 | 70.45 +1.22 | 70.63 + 0.41 37.07 £ 0.87

+ off., RW 35.95 £ 0.0 62.34 + 1.02 | 64.59 + 1.24 35.82 £ 0.15

Normalized 93.91 + 0.39 | 88.48 £ 1.79 | 92.26 + 0.70 93.44 £+ 1.51

+ off. 38.96 + 0.99 | 88.41 +1.83 | 92.24 4+ 0.73 92.56 + 1.31

MixedShapesRegularTrain + LT 20.33 +2.16 | 84.63 &+ 3.92 | 91.55 + 0.69 82.96 + 4.72
+ off,, LT 28.22 + 1.49 84.05 £+ 4.08 | 91.64 + 0.80 81.35 + 4.08

+ off., RW 2294 £ 0.71 | 76.98 £+ 4.62 | 90.59 + 0.64 68.56 + 4.86

Normalized 91.35 + 0.05 | 86.53 + 0.06 | 85.00 + 0.33 84.19 + 1.18

+ off. 15.32 £ 0.44 | 85.11 +£ 0.73 | 83.84 4+ 0.12 71.47 £ 6.51

NonlnvasiveFetal ECG Thorax1 + LT 8.09 + 0.23 42.49 4+ 0.33 | 82.56 + 0.45 49.54 £+ 5.97
+ off,, LT 6.09 + 0.17 42.36 + 0.65 | 82.02 + 0.52 47.61 £ 6.70

+ off., RW 3.48 £ 0.14 37.22 £ 0.94 | 73.33 + 0.05 31.55 £ 6.16

Normalized 82.35 + 0.57 | 83.33 £ 0.5 | 82.84 + 0.65 78.37 + 0.30

+ off. 60.91 + 3.17 | 81.61 + 1.33 | 83.37 + 0.31 78.29 £+ 0.43

FordB + LT 53.83 £ 1.10 | 70.50 + 6.02 | 82.68 + 0.91 76.85 + 2.23
+ off,, LT 53.04 £ 0.75 | 69.47 + 7.34 | 82.35 + 0.66 76.49 £ 2.83

+ off., RW 50.91 £ 0.26 68.80 + 8.21 | 80.37 + 0.43 75.77 £ 1.67

Normalized 76.12 £ 0.24 | 76.80 £ 1.69 | 76.92 £+ 0.14 80.64 + 0.63

+ off. 53.73 £ 0.26 | 72.07 = 1.93 | 75.71 + 0.18 74.97 £ 1.59

Yoga + LT 52.86 + 0.14 67.71 +2.99 | 74.17 + 0.29 62.21 £+ 0.74
+ off,, LT 51.13 £ 0.07 64.85 + 2.05 | 72.88 + 0.38 61.85 £+ 1.26

+ off., RW 48.82 + 0.12 | 65.67 = 0.74 | 72.58 £+ 0.19 62.69 + 2.64

+ off. -48% =+ 20% -1% + 2% 0% + 0% -13% + 17%

Percentage Drop (%) + LT -55% £ 22% | -16% + 17% | -1% £+ 1% -26% + 19%
with respect to Normalized + off.,LT -57% + 22% | -18% £ 17% -1% + 2% -28% + 20%
(lower the better in abs. value) | + off., RW -59% £ 23% | -23% + 16% -6% + 4% -34% £ 22%

Settings:

Figure. FordB dataset (UCR archive), with the normalized input
(dotted line) and deformed versions of the series (in blue).

Amplitude

Amplitude

o

— + Off,, LT (offset, trend)
---------- Normalized Time Series

0 100 200 300 400
Time

- Addition of random offset and linear trend -

—— + Off., RW (offset, rw trend)
---------- Normalized Time Series

0 100 200 300 400
Time

- Addition of random offset and random walk trend -

» Task: Classification on five UCR datasets [Dau19], trained on raw data and

tested on 4 unseen synthetic deformations.

» Models: Self-supervised TS-TCC (pre-trained on deformations) vs CNNs with
different filter types: normal (non-invariant), offset-invariant, and trend-invariant.

Thibaut Germain
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Experiments

Accuracy vs Computational Cost

Classification Benchmark:

77.5 ° Model Size
InvConvNet ‘
200K
Mean Rank on UEA E O —(—
13 12 11 10 9 8 7 6 5 4 3 2 1 . (2225, 3.11M) e 1M
Lolalal | Lolelala] SEE Inception
' T i [ < (2.02s, 133.4K) ® >3v
5 70.0 o ° o Crossformer
© (2.64s, 3.20M) . 15M
5 DLinear ResNet PatchTST
O 67.5 (1.82s,378.3K) (2.07s, 538.6K) (2.41s, 1.18M) )
; 9.3200 3.6200 9 o  TimesNet
DLinear —= ' InvConvNet < 65.0 (2.60s, 895.4K)
Per|-m|d_ 9.0200 44200  Rocket (2.00s, 728.1K) “iTransf. \
Inception 8.4200 2.9400  TGLANet 62.5 ° (Zggri-g?gdzk()zAzs, 465.3K) (;r(is?eMigg'\rA )
. . . .32s, . .68s, 14.
TimeMixer —&:4000 61400 TimesNet
PatchTST —£:2000 62800 ResNet
. 75600 6.9800 1.8 2.0 2.2 2.4 2.6 7.7
iTransf. Cnn . .
70000 Training Time per Epoch (sec)
' Crossformer
[ J [ ] [ J
o
Classification Accuracy (%)
INVCONVNET TIMESNET PATCHTST CROSSFORMER ITRANSF. PERI-MID. TSLANET DLINEAR TIMEMIXER INCEPTION RESNET CNN ROCKET
Datasets (ours) (2022) (2022) (2022) (2023) (2024) (2024) (2023) (2024a) (2020) (2017) (2018) (2020)
UEA (26 datasets) 71.81 + 0.80 66.87 £1.72 66.18 £1.26 6637+ 135 64424205 60.87+3.00 6870+ 1.19 61.51+1.05 64.60+1.69 62.86+196 67.37+1.59 65.67+1.64 71.29+ 0.90
UCIHAR 96.63+ 049 91.66+0.62 85744050 9343+0.56 94.13+£0.03 92.64+057 9471 +0.66 57.47+0.73 8440+107 9526+0.55 96.04+048 95.78+0.20 92.06+0.15
Sleep-EDF 84.95+039 74.64+0.73 7853+028 79.82+0.89 53.11+021 63504152 8498043 36.15+021 74.07+205 84.06+039 85.62+0.13 8241+0.56 83.88+0.09
Epilepsy 98.43 +0.04 97.62+020 98.01+0.05 9823+0.12 97.80+£026 97.99+029 9823+0.05 82264006 97.94+0.18 97.65+020 98.16+0.04 97.61+0.28 98.38 £0.02
[ ]
Transfert Learning:
[ ]
[ ] [ ] [ ] o
Classification Accuracy (%)
Train — Test
Methods A— B A—C A—D B— A B—C B—D C—o A C— B C—D D— A D— B D—-C Avg. Acc. (%)
TS-TCC (FT) 55334+ 144 52524455 6213+139 4805+3.32 7150+ 1.83 100.0+0.0 40.76+2.22 9825+122 99.34+0.50 4698+065 100.0+0.0 7428-+277 | 70.76 + 1.66
TS2VEC (FT) 54114146 54074191 5254+189 55064017 88.72+0.47 100000 57.81+2.18 7830+3.80 7841+439 60.37+1.95 99974002 86.82+0.54 | 72.18 +1.57
INVCONVNET (Sup.) | 5590+ 042 55.93+0.34 53.41+0.14 8510+0.63 78.54+0.17 99.05+0.08 70.75+1.32 85044013 85.12+0.15 7091+0.73 100.0+0.0 7849 +0.38 | 76.52 + 0.37
INVCONVNET-N (Sup.) | 60.55 + 0.88 55.50 4+ 1.82 53.50+0.85 60.26+2.01 77.30+0.60 93.50+0.90 64.93 +0.48 84.87+023 84.46+051 59.98+098 99.96+00 77.14+0.14 | 72.66 + 0.78

Task: training and testing on A, B, C, D sub-datasets of Fault-Diagnosis [Les16]. InvConvNet, InvConvNet-N

(normal) are supervised on source and TS-TCC, TS2Vec are self-supervised (fine-tuned on source).

EDF
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Conclusion

Advantages:

» Generalisation (Robustness to unseen domains and deformations).
» Scalable computation.

» Lightweight models (requires smaller training datasets).

Limits:
» Preselected sets of deformations.
» Sensitivity to signals with irregularities.

Future work:
» Activation layer for selecting the appropriate sets deformation.
» Learning the set of deformations.

Thibaut Germain




Detormation-based embedding for
time series

Thibaut Germain




Deformation-based embedding for time series

Aim:
Analyze inter-individual variability in a dataset of irregular
sampled and variable sequence length time series.

Methodology:
Unsupervised representation learning with Large
Deformation Diffeomorphic Metric Mapping (LDDMM) to
capture spatiotemporal structure.

Application:
Mouse ventilation analysis

Thibaut Germain




Mouse ventilation analysis

Aim: Assessing mouse ventilation and its alterations in response to physiological or

environmental changes.

Applicability: Studying drugs’ effects on the respiratory system, monitoring mouse
models of human diseases, evaluating airway irritants, etc.

Measurement: plethysmography
[ | N
Nasal airflow

Amm e
RV v v Vv

Inspiration

ml/s
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Mouse ventilation analysis

Aim: Assessing ventilation response after the exposure of a neurotoxin for mice of
different genotypes.

Experimental protocol: For each genotype (WT, ColQ):

Control period

Drug injection Exposed period
15 to 20 minutes

Physostigime 35 to 40 minutes

Analysis insights: A time series with elementary patterns.

Respiratory cycle Inspiration Expiration

A

v 7 \J

Before Exposure After

o R ——

ColQ  #1

Nasal airflow

R e e
Vv vmvesymvall 4

ml/s
ml/s

O ml/s

Results:
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Representing time series

Input: A time series dataset {Sj : Ij — R4 | j = 1,...,N}.
> Any time series s; is associated to its graph G; = {(7, 5(7)) | t € L}.
In practice, it is a sampled graph: (~3j = {(tl-,j, st D)) 1, <...< by € IJ-}

> Any G; is represented by the parameters a; € R™ of a deformation whose action
on a graph G, = {(#, 5¢(?)) | t € I} verifies:

G; % ¢, Go = {g, (1.50(1) | 1 €T},

where gbaj : R s R4 s a diffeomorphism parametrized by a; € R™.

Mo, e
\\/J > A
@' \/ @, CTITITTD ® o

Pe, V\ o, CETEEEER 1 e
G, 4 S —  o; CEEEEEER : ~
~— \/’\4 o, CETEERER as

I/\ a ‘H - «; CTTTIITD o®
G, -

Question: How to learn the reference graph G, and the deformations qbaj.
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An optimization problem

The reference graph G, and the deformation qﬁaj are learned by solving the

empirical Fréchet mean problem:

arg min

Go-(@))er1.37

where gbaj : R s R4 s a diffeomorphism parametrized by a; €

the varitold loss [Kal17].

Questions:

1 N
N2
j=1

( )

dé(¢aj ) G()a GJ) + Ad(%(ld, ¢aj)

\data attachment regula?ization)

» How to parametrize diffeomorphisms?

» What distance dg should be considered?

Thibaut Germain
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Building diffeomorphisms with LDDMM [BegO5] ¢

Theorem [Gla05]: Assuming v € L*([0,1], V) a time-varying velocity field in R, B

where V is an RKHS with some regularity assumptions [Gla05]. For any x, € R”, the
differential system:

dX(7) |
—— = v(X(@) with  X(0) =x,

has a unique solution defined for all 7 € [0,1].

» At any time 7 € [0,1], the flow application:

¢d) :xg € R" = xo+ J v, (xy))dr € R”
0

Js a diffeomorphism. »

(A metric group: The group of diffeomorphisms @ = {¢! | v € L*([0,1], V)} is R
metrizable such that for any ¢ € ®:

1
dg(ld,¢) =  inf {J v lI5de |, = & }

veL*([0,1],V) 0
the infimum is reached with a v* and it conserves its norm along its geodesic path
i Vil = v llvs Ve € [0.1]

J
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Geodesic shooting

. \L

V Id
O
exp, (Vo) V\ exp,,(v;)
exp,,(vo) - Gy exp,,(v) - Go

An Exponential map: By denoting 7 = p, (7) the geodesic starting from Id with
initial conditions v, € V, the exponential map is [Mil06]:

exp, Vg EVip, (1) E® and di(Id, exp, (Vy)) = 1vollZ

In practice: v, is parametrized by K, the kernel associated with V, the sampled time
series graph G, € (R and the parameters a, € (R*1)* such that:

vy 1 x € R Z K(g(’)‘, x)a(’)‘ e Rt+1
kE[N,]
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Application to time series

Problem: A general diffeomorphism does not necessarily preserve the structure of
a time series graph.

space
space

e——>

T e[ T

Intuition: Let s, : I = R%and s : J = RY the diffeomorphic deformation ¢

mapping s, to s should be seen as distortion 2 : I = R and a time parametrization
y~1:J e Isuchthat: ¢ - G(sy) = G((sg+ h) oy~ 1) = G(s).

Thibaut Germain



A kernel for time series deformations

Gaussian Kernel: For any n € N* and 6 > 0, the n-dimensional Gaussian kernel is:

Kg”) L (x,y) € R"X R" = exp( —||x — y||*/o) € R

The proposed kernel: Let K be a kernel defined for any (1, x), (£, x') € (R4+1)?, A

CoKtime 0 ) o Kiime = K§D(t,1)

KG((ta X), (tla x,)) —
0 Clepace Kspace = K(g)l(t, t’)Kgf)(x, XV Mgn

@arametrized by 674, 07 1,0, > 0 and the constants ¢,, ¢; > 0. y

Eemma: For any initial velocity field vy € V, the RKHS associated to K5, and for an?

7 € [0,1], there exist a time parametrization ¥, and a distortion /_such that

. exp, (Tvy) - G(s) = G ((sp+ 1) e 7). D

Thibaut Germain




Related work

Time series are not curves:
»Acurves:t € [0,1] —» s(f) € R interestin its image: {s(r) | r €[0,1]}.
»Atime series s : 1 € I = s(¢) € RY, interest in its graph: {(,s(¢)) | t € I}.

Shape analysis:
Tailored for curves analysis (independent of time parametrization):
» LDDMM for curves analysis [Gla08]

»Square Root Velocity (SRV) [Sri10, Heo24]
Tailored for time series analysis:

» Functional data analysis (Shape-FPCA) [Wu24]

space

Deep learning:

| time
»RNN-Based: [Med?9,Chu14] \
» Attention-based: [Shu21,Lee21] - oure: Difference between
»Neural-ODEs and its variants: [Lec20, Oh24] curve and time series

Thibaut Germain




Robustness to irregular sampling

Experimental protocol:

» Task: Classification with different scenarios of irregular sampling.
» Datasets: 15 UCR/UEA datasets.

» Metric: f1-score.

» Algorithms: TS-LDDMM, LDDMM and 8 deep learning algorithms.

Results:

First & second best performers. TS-LDDMM is the best performer on three out of
four dropping rate.

Methods Regular 30 % dropped 50 % dropped 70 % dropped
F1l-score Rank Fl-score Rank Fl-score Rank Fl-score Rank
RNN (1999) 0.64 +0.21 6.2 0.53 £ 0.23 6.6 0.48 +0.21 7.2 0.44 £+ 0.21 6.07
LSTM (1997) 0.61 +£0.29 6.0 0.57£0.29 6.27 0534025 6.07 0.51 £0.29 5.27
GRU (2014) 0.71 £0.26 4.2 0.68 £0.28 4.27 0.66 :0.28 3.73 0.59 £ 0.28 3.67
MTAN (2021) 0.59 £ 0.28 7.13 0.58 £0.28 5.8 0.54+0.29 5.33 0.51 £0.28 5.0
MIAM (2022) 0.48 +£0.35 6.93 042+0.33 827 047+£0.31 6.93 0.35+0.31 7.6
ODE-LSTM (2020) 0.63 +0.24 6.0 0.57+0.25 6.53 0.514+0.24 7.27 0.45 +0.23 6.73
Neural SDE (2019) 0.48 +£0.28 767 047+026 747 045+0.27 7.13 0.45+0.25 6.0
Neural LNSDE (2024) 0.7 +0.27 3.87 0.68 +£0.29 4.0 0.67+0.25 3.53 0.66+0.23 2.47
LDDMM (2008) 0.72 £0.2 4.53 0.7+ 0.21 4.2 0.57 +0.25 5.0 0.4+ 0.25 7.13

TS-LDDMM (ours) 0.83+0.18 293 08+£0.18 2.07 07026 3.33 0.51+0.27 5.67

Thibaut Germain




Mouse ventilation analysis

Aim: Assessing ventilation response after the exposure of a neurotoxin for mice of
different genotypes (WT and ColQ).

Experimental protocol:

Control period Drug injection Exposed period
15 to 20 minutes Physostigime 35 to 40 minutes

4 | ) 4 I )

- _/ -

Data analysis:

1[0,
il

Thibaut Germain EDF 31/45

time
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Control period analysis

Kernel PCA applied on the initial velocity fields parametrized with (Gg, @) cp1 7

PC1

AN

PC2

PC densities

—— colq
— wt

—-400 -200 O 200

—-200 -100 0 100

ColQ

Deformations by flowing along PCs

-20pc

Go

+20pc

—— Thoracic

\ — Nasal

Observations:
» PC1 accounts for the cycle duration and PC2 for the ratio inspiration/expiration.
» PC1 negative tail for ColQ mice seems to highlight impairment of motor control.

Thibaut Germain
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Conclusion

Advantages:

» Interpretable method (Dialogue around the data)
» Statistical guarantees (representation infectivity)
» Handles irregularly sampled time series of variable size

Limits:
» High computational cost.
» Requires smooth time series.

Future work:
» Layout the downstream machine learning pipeline.
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Thank you for your attention.

Any questions?
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