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ECG morphologies

Human tasks
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Electrocardiogram

A-V node

A-V bundle

Left
bundle
branch

Internodal <
pathways

Right
bundle
branch

Ventricles

Purkinje
fibers

Sinus node

Atriums

A-V node

A-V bundle

Branches

Purkinje
fibers

Ventricles

\ |




Motivation
Electrocardiogram
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Evolving morphologies

Record €1302 from European ST-T Database



Motivation
Emergence of new morphologies

How do they look like?

When do they appear?

Record 207 of MIT-BIH Arrhythmia Database



Motivation
High variability

Intra-patient
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Scientific Hypothesis

We hypothesize that a Bayesian non-parametric (k=) approach with a
hierarchical structure, where emission distributions are represented by
Gaussian processes, and the latent space is characterised by Markovian linear
dynamics, can adequately model the evolution of a previously unknown number
of morphologies in time series, by splitting them based on similarity grounds.
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Gaussian Processes (Rassmusen & Williams, 2006)

f(t) ~ GP(m(t), k(t,t))
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Background

Linear Dynamical System (Kalman, 1960)

Xn — Axn—l + Wn Wy, "~ N(O, Ew)
v, = Cx,, + €, €n ~ N (0,3)




Background
Switching Linear Dynamical System (Ghahramani & Hinton, 2000)

(Sn—1)

Sp ~ T
X, = AC7)x, 1 +wl) W)~ N(0,25))
yn = CBx, + ¢l5n) elsn) ~ N(0, Bl5n))

Switching variable e @ @ @ 0
Hidden states @9@ @ e

Observations @ @ @ @ @



Background

Dirichlet Processes (Ferguson, 1973)

DP B ~ GEM(v),




Background

Hierarchical Dirichlet Processes (Teh et al., 20006)

B ~ GEM(7y),
HOP | 7 Y DP(ap)

S, ~ qSn—1)
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The HDP-GPC model

The hierarchical Dirichlet process — Gaussian process clustering model (HDP-GPC).

B ~ GEM(v),
) X DP(ag)
¢(J) 11d

Hips.p

s, ~ rsn=1)

£~ GP(mgeen (1), kgon) (b1, 1))
£lsn) — Alsn)g(sn) | ((sn)
X(Sn) O(Sn)f(sn) + E%Sn)

t —gf,(f”)( ) gp(mﬁ’f( )vkﬁk(tnatn»

w X )
Yn NN( T g (s nJ(t ) Ktw tw)




The HDP-GPC model

Generative model

HDP

£157) 0 GP (migiom) (£1), Kgeen) (1, £1))
Flsn) = Alsm)glon) 4 (o)
x(5n) = C(sn)glsn) 4 ¢(sn)
£ = g5 (t,,) ~ GP(mgr (tn), kgr (tn, tn))

(sm)
Yn ~ N(mgen (), ng,tg)




The HDP-GPC model

Generative model

GP fl(sn) ~ GP(mysn) (t1), kgsn) (t1,t1))
Flsn) = Alsm)glon) 4 (o)
x(5n) = Clsn) glsn) 4 e(sn)
£ = g5 (t,,) ~ GP(mgr (tn), kgr (tn, tn))

(sm)
Yn ~ N(mgen (), ng,tg)




The HDP-GPC model

Generative model

B~ G
=) %4

A uid

EM(7),
P(ap)

Hips.p

s, ~ rsn=1)

£57) ~ GP (Mg (£1), kgeen) (b1, 1))
Flsn) = Alsm)glon) 4 (o)

LDS

x(8n) = Csn)flsn) 4 elsn)
() ~ GP(mygr(ty,), kgr (ty,t,))
Vi~ N (e (62), K

Sn )

tw)




The HDP-GPC model

Generative model

Alignment GP

B ~ GEM(v),
70 % DP(afb)
o) " Hyps p

s, ~ rsn=1)
£~ GP(mgien (41), koo (81, £1))
Flsn) = Alsm)glon) 4 (o)

x(5) = Con) glon) 4 (o)




The HDP-GPC model

Generative model

Observation

8~ QG.
=) %4
H) vd

EM(7),
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Hips.p

s, ~ rsn=1)

£57) ~ GP (Mg (£1), kgeen) (b1, 1))
Flsn) = Alsm)glon) 4 (o)

t,) = gn

Y ~ N (M (82), Ko t)

X(Sn) O(Sn)f(sn) + Egbsn)
2 (6n) ~

GP(mgn(t

n)

)7kﬁk(tnatn))




The HDP-GPC model

Generative model
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Inference
What is inference?

Our goal is to infer the posterior probability of the hidden variables conditioned on the time
sequences.

p(M|Y) o< p(Y|M)p(M)

Inference

| ¥

e 1 ! - | I | | | | Iy I | | | |

i |1 .-l_."“"'!a-\_ L ! L1 .jl. ' I. rﬁ'—_r-' '-'\—I—".'— L S g i '.\___.--\"— A b e el N | .-'. q"ﬂ.""-\_-\.-' -\.-.—'h""'. I.__.-...-""--"'..-I L T i = 'H.\_.-""'u-"' | W
h 5 e e

; | | NN I NI I N |
X W I | l I I I ll | l I| I
M 21| N Y| p— | SF LRV T L T WA W | R W A S | p— L ) T L
6 ) Z | \ | |
. a "l,_ -' % 1 h & ! \ M P! -
AR AN . e S Y A |

i
I




Variational Inference
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Variational Inference
Exact inference is intractable: Gaussian Process composition




Variational Inference
Exact inference is intractable: HDP posterior is not available in closed form




Variational Inference
Inference method

Exact inference is intractable, methods as Gibbs sampling or stochastic variational inference could be
considered. But in our case, we have sequential structure to exploit, so we adopt a scalable variational

inference approach which looks for minimizing the KL divergence:

logp(Y) = L(q) + KL(q||p) N
Equivalent to maximize: a

L(q) = E, [logp(M,Y) —log g(M)]

The mean-field approximation is: Yn @
a(-) = a(B)a(m)a(¢)a(S )a(F )a(X )q(G) - ) (e o
H—{ ¢ K
With 82{81,...,8]\7},F:{flj...ij},X:{le...,XN}and N @ @ g
and g — {gl, jng} =

And the optimum family is computed as:

q;(2j) o« exp{E;[log p(M, V)]}




Variational Inference

Scalable variational inference approach.

Factor

[.atent variables

Variational family

q(f)
q(m)
q(S)
q(G)
q()
q(A®), 25
g(c. 5 0)

q (F,X)

Stick-breaking variables

Transition distributions

Switching states

Warping functions

LDS parameters

Latent transition parameters

Emission parameters

Latent and emission processes

K

]_[ Beta(vi | Ak, (1 — Ax) i)
k=1

K

]_I Dll (7{(;) |K)rla SRR K_f,,K-F]_)
j=0

Sn—1,j5nk
<
LI &
Ly

. K
\ (()E(k) (gf(? ))
1 =1

— (k) T7(k) T(k) —(k) Gk
MNIW (MY WV 0 50

A 7 A

|

(k) wk) (k) —(k) G(k)
MNIW (NP WS VI 50 50)

[Ta (x®179) g (70)

k=1




Variational Inference

Switching variable

Follows a Markov chain factorization:

N K K

=1L 1111¢

n=197=1 k=1

We compute Jog Cnjk =

1
2

Sn—1,jnk
njik

tllog k| — 5 [log\K vk ]

_'1"!

where  &njk = q(Sn—1 = 7,80 = k)

1 V|

log(27)

gﬂ,!g

g [V — M (89) K L (Y — ms (85))

gnﬂgn

Then use ank to perform forward-backward recursion to compute fnjk

q(fy) =

N (£ | g, S )

7/[AN




Variational Inference

Transition matrix

We recognize a product of Dirichlet distributions

K+1
q () = H Dir(m; |k 1,
j=1

with updated parameters

Kjr = oy Bk] + Njk
N
Njk = 2 =1 &nijk

s RjE41)

7/[AN




Variational Inference

Latent and emission GPs

As the LDS transformations remain linear

P () = L5 £ (1) + vl (8)

ol () = L6 £ () + e (1

the GP structure of the latent process and the emission is
preserved.



Variational Inference

Latent and emission GPs

A message passing algorithm can be used, with forward step

q(fy)) = N(fif\ufg , Dk )

+ Hy(yn — Kﬁﬁéﬁﬁﬂfk )

1 n—1

Sex £ cov(fy) = (I — HYK ME) Py,

where figr = E[f)] = Mﬁufg_

where H,,’,f Is the Kalman gain matrix weighted by responsibilities, and backwards step

q*(f,,,’f) — N(frr]ﬂﬁf?fpifs) where [igk = pgk + Jfr]f(ﬁff;H - Mﬁﬂfjg)
See 2 Sex + JS(if?{fH - P))J,"

Finally, the emission GP is defined as

¢* (xE|EF) = NV (xF | MEEE, SF)




Variational Inference
Stick-breaking weights

The update to ¢(5) is not conjugate given the other factors. The usual
approach, a point estimate - @
a(B) = 35+ (B) O
N

Does not penalize empty clusters, then is suggested a proper Beta distribution
(Hughes et al., 2015)

¢*(v|x,n) = | | Beta(vrArmr, (1 — X))
k=1

then

k—1
Ok = vy H(1 —vj), v ~ Beta(l,7)
j=1




Variational Inference

GP alignment function

The log of the optimized factor is given by

log ¢*(G ) = log p(G )+

Which does not hold a closed-form solution, we then use a maximum a

s .xlogp(V|S, X, G )|+const.

posteriori (MAP) approach, maximizing

log ¢* (Y tn) = log p(ynlm,r(g:), K ¢ ) +logp(ght
gn:8n

And to ensure monotonicity, we parametrize the warping function as (Kazlauskaite et al., 2019)

ay € R such that gf = Q> 7 | [softmax(a})];, with a} ~ N(0,1),

n

) + const.



Variational Inference

Dynamic parameters

The matrix-normal inverse Wishart prior

a(A",55) = q(A"[5)q(E5) = MN (MG, Wi, Va)IW(vo, S;)

provides conjugates to the likelihood equations, then the optimized factor is
given by

q*(Ak,ZZ):MN( m,m— 1\Ijm 1,m— 172517\117"’&—1,?%—1)

IW(Nj + vo, Vo1 + S5)
where

\Ijm—l,m—l — {"-fk fkT ] + Vj{ca
Uynm—1 = E[fE €50 14+ MEVE,
W, = E[fF £577] 4 MAVAM
\Ijm|m—1 =V, m Vo, 1M, — 1\11

VA

m—1m—1"*mm—1




Variational Inference

Variational objective function

Maximizing the objective function can be decomposed as

L(q) = E4 [log p(M, ) — log g¢(M)]

= Lops + Lupp + Lw + H|q(S)]
where
ok e (V.G §) + 1og PAIFOP(FIS) | (o)
OBS q _ng(y\ G ) + log (X F) og q(qb) .
oBs W
] _ Lopr B
Lupp = Eq|log p(SW;EE:)T‘UjQ) | 10%2% Lw W
_ ' Hlq(S)] m

and Lw is absorbed into the constant terms as the MAP estimate 0 () is always
degenerate.



Variational Inference

Algorithm 2 Online variational inference

Input: A dataset ) = {(i:”,,_}y”)}f;"’:1 of time sequences
Input: A model p(M,))
Output: The variational density g(M|)Y)

[: procedure ONLINEVARIATIONALINFERENCE(), M)

2 for all (t,,,y,) € Vdo

3 while £ has not converged do

4 forallk =1,2,...do

5: compute q(g;ﬁ) numerically using eq. (3.22) //local update
6 compute g(s,x) using eq. (3.14)

7 forallm=1.....n; do

8 compute q(ﬂ;) and q(xﬁ,l) using eq. (3.31)

9 end for
10: compute g () using eq. (3.19) //global update
[1: compute g (v ) numerically using eq. (3.38)
12: compute ¢(¢*) using eq. (3.26)
[3: end for
14: compute L = Lops + Lupp + Lw + H|[q(S)]
15: end while
16:  end for

17:  return g(M]|)Y)

18: end procedure




Variational Inference

Multi-output
To deal with multi-output signals v withl = {1,..., L} a MOGP could be proposed, but the LDS
update entangles output channels through latent function requiring block-structured LDS
parameters. _
1,1 1,2 1,1
fa 0] [&x' K® - K] [Cj Cj Cé z
£2 ol [g2' g22 ... g2! 'A1,1 AL2 L Al,l‘ CJ"
"~ gP " " " J J J .
- ’ " A2 A2 .0 A2
. ' 1 olz o ! 7 T ot
. \L0] LKy Ky Ky : f e J
) ~ ] /1 ,2 1]
K. _AJ. AJ. AJ. _

We assume a pragmatic simple approach: conditional independence across outputs given the
discrete regime, defining an observation contribution as a geometric mean.

L
- (1) 1) ) wal oo — Elloo D160 7D
Pnlsn X G) o [ [|pOA 150, X0, 6D))] 08 Lnjk = Ellogmji] + ) wy, log £,
/=1 =1
[
Where w}g ) IS chosen depending on the application.



Stability-Plasticity dilemma

Where should variability go?




Stability-Plasticity dilemma

Hyperparameters of the model condition the behaviour of the clustering.

Plasticity 2., > 2.,

_—/ - -~ /1 .\'
o SR N e e )
. =~ /_/‘_

Stability >, > >,

SEE————— //\ \/\/ e —




Stability-Plasticity dilemma

Motivation example of dynamic clustering

S Y Yy T

N N N \V N

Record €1302 from European ST-T Database



Stability-Plasticity dilemma

Our model captures correctly the nature of evolving morphologies

Modelont = 2

N

Model on t = 100

N

V"

Model on t = 2000

N

YA

Ventricular beat morphology

V

W\/\/m

Model on t = 5035

N

Record €1302 from European ST-T Database
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Applications: myocardial conduction
analysis




Applications: myocardial conduction analysis

MIT-BIH Arrhythmia Database

PhysioNet S35

48 half-hour two-channel ambulatory
ECG records

~110000 beat-level annotations
Complex combinations of arrhythmias
Morphological variations

Noise levels

Symbol  Description Count  Proportion
N Normal beat 75052 68.250%
L Left bundle branch block beat 8075 1.343%
R Right bundle branch block beat 7259 6.601%
A Atrial premature beat 2546 2.315%
a Aberrated atrial premature beat 150 0.136%
J Nodal (junctional) premature beat 83 0.075%
S Supraventricular premature or ectopic beat 2 0.002%
e Atrial escape beat 16 0.015%
] Nodal (Junctional) escape beat 229 0.208%
n Supraventricular escape beat (atrial or nodal) 0 0.000%
\Y Premature ventricular contraction 7130 6.484%
E Ventricular escape beat 106 0.096%
F Fusion of ventricular and normal beat 803 0.730%
/ Paced beat 7028 6.391%
f Fusion of paced and normal beat 982 0.893%
Q Unclassifiable beat 33 0.030%
! Ventricular flutter wave 472 0.429%




Applications: myocardial conduction analysis
Multi-output SNR

Signal-to-noise ratio (SNR) using the GP

prototype
1)
Lead | W,(,l T L (D
l n
P(Yulsn X.G) o< | | [p(yp | SH,X(”,Q(”)]
=1
0 20 40 60 80
(1)
SNR () _ __XP(en)
(2) softmax | le;zl exp(goff))
Lead I Wy
l ¢
(RPN SR
- - - ; : SNR (pn — 10 Ogl[] (1) U) 9
¢ =0 % o0 =0 \HYH — Xy H2+8

Record 103 of MIT-BIH Arrhythmia Database



Applications: myocardial conduction analysis
Multi-output SNR

O Lead | w'V
O Lead |l w,(f)

30
Lead | W i ikl b s Al ik
SNR w““ /by w |
[
o) o
_10_
1.0
0.8-
SNR os6-
Lead Il softmax ,,!
IR
i = 500 1000 1500 2000

Record 103 of MIT-BIH Arrhythmia Database
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lllustrative results

ECG CLUSTER 1 (N)
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ECG CLUSTER 6 (V)

200 A
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80 A
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Record 210 of MIT-BIH Arrhythmia Database
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Results and comparison

Method Clusters Acc./Purity ARI AMI NMI Homo. Comp.
Lagerholm et al. [22] 1200 0.985 — — — - -

Castro et al. [23] 629 0.972 - — — — -
DTW+k-medoids [24], [25] 119 0.943 = 0.063 0.224 1= 0.340 0.221 = 0.306 0.222 1 0.305 0.288 = 0.322 0.232 £ 0.330
DTW-+hierarchical-average [24], [26] 107 0.934 = 0.087 0.367 == 0.399 0.340 = 0.372 0.341 = 0.372 0.355 = 0.373 0.506 &= 0.413
CAE+DBSCAN [27], [28] 168  0.946 = 0.064 0.373 = 0.308 0.323 = 0.270 0.325 = 0.269 0.490 == 0.302 0.287 £ 0.243
CAE+DPGMM [27], [29] 906 0.979 = 0.041 0.271 = 0.326 0.298 £ 0.281 0.301 = 0.281 0.754 £ 0.278 0.225 = 0.237
DEC [30] 128  0.958 = 0.059 0.375 = 0.421 0.352 £ 0.383 0.353 = 0.382 0.461 = 0.371 0.364 £ 0.409
HDP-GPC MO offline 342 0.976 = 0.045 0.434 == 0.356 0.435 = 0.312 0.437 == 0.312 0.665 == 0.350 0.414 £ 0.319




Applications: myocardial conduction analysis

Discussion
Method Clusters Acc./Purity ARI AMI NMI Homo. Comp.
HDP-GPC MO offline 342 0.976 = 0.045 0.434 £+ 0.356 0.435 = 0.312 0.437 = 0.312 0.665 = 0.350 0.414 + 0.319

Interpretability emerges from the model structure
Cluster assignments
GP prototypes
Uncertainty bands
LDS dynamics

Warping functions



Applications: myocardial conduction analysis

Future work

Method Clusters Acc./Purity ARI AMI NMI Homo. Comp.

HDP-GPC MO offline 342 0.976 2 0.045 0.434 = 0.356 0.435 £ 0.312 0.437 = 0.312 0.665 = 0.350 0.414 £ 0.319

Where does variability go?
Cluster assignments
GP prototypes
Uncertainty bands
LDS dynamics

Warping functions



Applications: myocardial conduction analysis

Future work

Fully variational warp computation.
Truly multi-output modelling (tested in supervised degree’s thesis).

Explore different kernels to deal with artifacts as pacemakers.



Applications: breath estimation



Applications: breath estimation
Interpretabllity

Generative modelling enables new questions to be asked about how the observations have been
generated.




Applications: breath estimation
Interpretabllity

Generative modelling enables new questions to be asked about how the observations have been
generated.




Applications: breath estimation
Interpretabllity

We hypothesized that inspiration-expiration cycle causes a delay in the ECG signal due to the dielectric
medium (air), added to the propagation medium, in the lungs.

Can we estimate the breathing signal from the ECG signal?

MMMMMMMMMMMM%MMMMMMMMMNMMMM




Appendix. Breath estimation

Uncover a relation between the warps and the corresponding breathing signal segment.

A min |[[AX — B]] B

Ntrain X q XGRq Ntrain X q



Applications: breath estimation

Can we estimate the breathing signal from the ECG signal?
Reconstructing breath signal: Fantasia Database (250Hz)

Bl Ground truth

yO1 B Reconstructed

. A
L A \A NAA/ A \AAAA AA . - A\ A\ A TN, NAV.V VA A\
W W SN g YN Y /'\" \V'f W YV ,N / Y‘v/ /¥ W > ‘1"”; nﬁ i Ay # 1* 4N oy MY Y J'J Y W O\ \/

\ \

10 s

003
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Applications: breath estimation

Can we estimate the breathing signal from the ECG signal?

Period estimation in apnea records: Apnea Database (100Hz)
Bl Ground truth

B Reconstructed
Signal

AR AR

Period

60 s

Rolled mean period 10min

b

N*)‘f“ ey,
2 I A‘f*i“q N } "




Applications: breath estimation

Discussion and future work

Components encode physiology.
Can the signal be reversed, work as an input for the warp computation?

With enough data, may we be able to estimate a breathing pattern without any

respiration signal? (maybe not amplitude, but period)



Applications: takotsubo identification



Applications: takotsubo identification

Acute cardiac condition which mimics myocardial infarction early clinical features

Uncommon but clinically relevant:
estimated to be 1-3% of acute coronary
syndrome presentations.

Affects mostly post-menopause woman.

Physical or emotional stress is frequent
but not always present.

There is no gold standard diagnostic test.

Kurisu S, Sato H, Kawagoe T, et al. Tako-tsubo-like left
ventricular dysfunction with ST-segment elevation: a novel
cardiac syndrome mimicking acute myocardial infarction



Applications: takotsubo identification

SCAAR database. Multi-centre retrospective study from Stockholm, Sweden. ECG database
with patients admitted to hospital with a suspicion of Ml and an indication for coronary
angiography.

Suspected M|

~15000 controls

NSTEMI

STEMI

Anterior
STEMI

~500 Takotsubo cases

Takotsubo
Syndrome

Apical
Takotsubo



Applications: takotsubo identification

Graphical abstract
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Applications: takotsubo identification

Results and comparison on the different scenarios.

Metric

TTS vs
suspected MI

TTS vs
STEMI

TTS vs
NSTEMI

TTS vs
verified MI

apical T'TS vs
anterior STEMI

ROC AUC
PR AUC
Sensitivity
Specificity
F1 score

Accuracy
PPV

NPV

0.89 (0.88-0.91)
0.29 (0.25-0.33)
0.84 (0.80-0.87)
0.80 (0.79-0.81)
0.22 (0.20-0.24)
0.80 (0.80-0.81)
0.12 (0.11-0.14)
0.99 (0.99-0.99)

0.94 (0.93-0.95)
0.84 (0.80-0.87)
0.87 (0.84-0.90)
0.86 (0.85-0.88)
0.73 (0.70-0.75)
0.86 (0.85-0.88)
0.62 (0.58-0.66)
0.96 (0.95-0.97)

0.91 (0.89-0.92)
0.59 (0.55-0.64)
0.83 (0.79-0.86)
0.84 (0.83-0.85)
0.54 (0.51-0.57)
0.84 (0.83-0.85)
0.40 (0.37-0.43)
0.98 (0.97-0.98)

0.92 (0.90-0.93)
0.53 (0.48-0.58)
0.82 (0.78-0.89)
0.87 (0.86-0.88)
0.49 (0.46-0.52)
0.87 (0.86-0.87)
0.35 (0.32-0.38)
0.98 (0.98-0.99)

0.90 (0.88-0.92)
0.71 (0.65-0.75)
0.89 (0.85-0.92)
0.79 (0.76-0.81)
0.65 (0.61-0.68)
0.81 (0.79-0.83)
0.51 (0.46-0.55)
0.97 (0.96-0.98)

Scenario

Hakansson et al.

HDP-GPC approach

ROC AUC PR AUC

ROC AUC

PR AUC

TTS vs suspected MI
TTS vs verified MI
TTS vs STEMI

TTS vs NSTEMI

Apical TTS vs anterior STEMI

0.85
0.87
0.88
0.86
0.84

0.26
0.438
0.72
0.54
0.59

0.89 (0.88—-0.91)
0.92 (0.90-0.93)
0.94 (0.93-0.95)
0.91 (0.89-0.92)
0.90 (0.88-0.92)

0.29 (0.25-0.33)
0.53 (0.48-0.58)
0.84 (0.80-0.87)
0.59 (0.55-0.64)
0.71 (0.65-0.75)




Applications: takotsubo identification

Logistic regression provides interpretable features.

TTS vs suspected Ml

- V2_

Variable Coefficients Odds ratio

| v6

Intercept
1-1

2-

3-

1-11

2-1l

3-Il

4-11

5-I

6-Il
1-V1
1-V2
2-V2
3-V2
1-V4
2-V4
1-V5
1-V6
N.Clust.
N.Samp.
Sex

-4.827

0.287

-0.343

0.627
0.440
0.141

-0.333

0.290
0.245
0.314

-0.409

0.247
0.427
0.260

-0.293
-0.306
-0.260

0.346

-0.053

0.361
1.503

0.008
1.333
0.710
1.871
1.552
1.152
0.717
1.336
1.278
1.368
0.664
1.280
1.533
1.297
0.746
0.736
0.771
1.413
0.948
1.435
4.496



Applications: takotsubo identification

Criteria identified from the interpretable features.

Novelty [1,2,3,4,5] [3,5] [1,2,4] [1,2,4] [1] [1,2,4]
Findings | I[))Tvl;gzﬂ ST-elevation STI‘::(!?;?;:;I; ’ ST-depression S?— Izlz;l:;;ﬁn il;[;:;‘:z;(?n proltgl;a fion
biphasic shape changes
TTS from suspected MI | I - — I V4 -
TTS from verified MI [ II II, V5, V6 — — [ V4 [1
TTS from STEMI [ 1 I1 [,1I, V2, V3 - I — V3
TTS from NSTEMI [ II, V4 [, 11 - — - V4 -
Apical TTS from anterior STEMI [I. VI,V2 [ II [, II Vi — [ [

[1] Christian Templin, Jelena R. Ghadri, Johanna Diekmann, et al. Clinical features and

outcomes of Takotsubo (stress) cardiomyopathy. New England Journal of Medicine,
373:929-938, 2015.

[2] Antonio H. Frangich, Slayman Obeid, Jelena-Rima Ghadri, et al. ECG criteria to
differentiate between Takotsubo (stress) cardiomyopathy and myocardial infarction.

Journal of the American Heart Association, 5, 2016.

[3] Gassan Moady, Gal Rubinstein, Loai Mobarki, and Shaul Atar. Takotsubo syndrome in
the emergency room — diagnostic challenges and suggested algorithm. Rev. Cardiovasc.
Med., 23(4):131, 2022.

4] J elena-R. Ghadri, Victoria L. Cammann, Stjepan Jurisic, et al. A novel clinical score

[5]

(InterTAK diagnostic score) to differentiate Takotsubo syndrome from acute coronary

syndrome: results from the international Takotsubo registry. European Journal of

Heart Failure, 19:1036-1042, 2017.

Riyo Ogura, Yoshikazu Hiasa, Takefumi Takahashi, et al. Specific Findings of the Stan-
dard 12-Lead ECG in Patients With "Takotsubo’ Cardiomyopathy-Comparison With the
Findings of Acute Anterior Myocardial Infarction. Circulation Journal, 67:687-690,

2003.



Applications: takotsubo identification

Discussion and future work

External validation

Promising results using the GP mean, but what happens with the rest of the model parameters?

LDS parameters — encode dynamical information

Need of longer records
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Applications: wave spectra analysis

The surface wave field is affected by phenomena which ranges very different temporal and
spatial scales.
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Applications: wave spectra analysis

Directional spectra

The directional component of the spectra could be integrated but we lose some information.
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Applications: wave spectra analysis

Australian three-buoy dataset (Indian Ocean) during austral winter of 2024 July-August

One coastal moored buoy: Hillarys

Two drifting buoys Sofar Ocean Spotter

devices: Drift03 and Drift08 },)3
Point estimates fails due to asynchronous A
event registration due to drifting and

asymmetric origin. - Fillary Buoy Trajectory

— Drift03 Buoy Trajectory
— Drift08 Buoy Trajectory

=
N

=
o

Wave Height (m)
N O h O ®

2024-07-04 2024-07-11 2024-07-18 2024-07-25 2024-08-01 2024-08-08 2024-08-15 2024-08-22 2024-08-29



Applications: wave spectra analysis
Multi-output approach

We worked with directional spectra using the multi-output inference method.

L w®
p(YH | Sm X& g) X 1_[ I:p(yfgl) | Sm ‘)C’(l)a g(l))]
=1

We define the weights per direction using the energy
proportion per direction

L
log {njk = Ellog x| + Z w;g) log (}Elj?k
/=1

where

N
22y Su(fj.01) total energy in direction 6;

wa(l) = 3 = —,
g ! nyi Sa(fi600) total energy across all directions




Applications: wave spectra analysis

Directional clustering Drift03
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Applications: wave spectra analysis

CLARA (Hamilton, 2010) comparison on Drift03
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Event identification
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Applications: wave spectra analysis

Event pair identification

Using a physics-based approach we defined an event similarity function composed by three
terms: time-lag, angular mismatch and Kullback-Leibler divergence between prototypes.
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Applications: wave spectra analysis

Source location and prediction using paired events

Defining a loss function
depending on information of the
paired events we were able to
estimate the source and the
reaching time.
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Applications: wave spectra analysis

Source location and prediction using paired events

Defining a loss function
depending on information of the
paired events we were able to
estimate the source and the
reaching time.

Copernicus Marine Service. Sea surface wave
significant height [m] for 2024 August 05 05:00
UTC.
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Applications: wave spectra analysis

Source location and prediction using paired events
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Applications: wave spectra analysis

Discussion and future work

Clustering becomes event discovery.
Directional spectra preserve multi-system wave structure.
HDP avoids choosing K as in classic approaches as CLARA.
LDS avoids artificial fragmentation.

Avoid observation-by-observation inconsistencies.

spectra — regimes —* events — physics

Future work
Joint buoy modelling / spatio-temporal GP representation.

Regime dynamics for arrival prediction.



Applications: pedestrian
trajectory clustering



Applications: pedestrian trajectory clustering

Spatiotemporal Trajectories of Pedestrian Mobility at the Train Station

PB-CAM2 PB-CAM1

>

PB-CAM3 PB-CAM4

I PB-CAM1 - measurement area
PB-CAM2 - measurement area
| PB-CAM3 - measurement area

[ pB-CAMA4 - measurement area

[ PB-CAMS - measurement area
PB-CAM6 - measurement area
a4 Exit

8 == Seats
Static objects

0 2 46 8 10m

Tomas Apeltauver, Ondrej Uhlik, Jifi Apeltauer, and Vojtéch Jufik. Spatiotemporal tra-
jectories of pedestrian mobility at the train station: Evidence of 24 million trajectories.
Scientific Data, 11(1):1254, 2024.




Applications: pedestrian trajectory clustering

Time problem

Ordering is local within each trajectory, but not globally well-defined in the database.

yu(7) = (xn(7),20(7)), 7€ [0,1]

Y1 | | ‘ Nested intervals

y2 | ] Overlapping intervals
73 | Interrupted trajectories
?51 ] [ ] Interrupted IDs

Yo | mm |

No obvious information on the ordering

Time



Applications: pedestrian trajectory clustering

Time problem

Ordering is local within each trajectory, but not globally well-defined in the database.

yu(7) = (xn(7),20(7)), 7€ [0,1]

We can collapse all transitions rows to the global HDP weights,
71'(].) — ﬁ, Sn ~ ﬁa

S0, assignments are exchangeable rather than Markovian. In addition, we can fix the dynamical
A =1, C) =1. Observations are then emitted directly from the representative GP:

f(k)(-) ~GP (mg(k) (), kg (-, '))
yu(7) = £ (1) + €,(7).



——— Applications: pedestrian trajectory clustering
Clustering of PB-CAMG
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Applications: pedestrian trajectory clustering

Discussion and future work

Assumptions — model decisions.
No route ground truth, exploratory analysis.
Longitudinal study — compare patterns between days.

Potential order and dynamical clustering.
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Conclusions

P A domain-agnostic generative model was proposed covering each of the motivation
challenges

¥ Temporal structure becomes scientific discoveries

Breathing estimation: alignment as physiological signal

Takotsubo: GP prototypes as common ECG representation
Wave spectra: temporal regimes as event segmentation

Pedestrian paths: modularity of the model
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Future work

Latent spaces exploration:

Does a deep temporal model learn an organized dynamical latent space?

Can we recover that organization?
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Conclusions
Code & contact

https://github.com/AdrianPerezHerrero/HDP-GPC/

adrianperezherrerol997@outlook.es
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Conclusions

Clustering time-series helps understanding

complex systems, systems where

time itself matters
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Sampling
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—— Appendix. Group results MIT-BIH.

Record [22] Nmo Norr NonN Record |22] Nmo Norr NonN
100 4 2 3 2 201 15 10 6 10
101 4 2 3 2 202 9 7 8 6
102 10 10 9 8 203 33 7 12 38
103 10 4 5 2 205 14 10 7 9
104 16 15 10 27 207 61 9 15 36
105 10 4 10 50 208 28 17 11 30
106 27 4 8 11 209 10 6 9 6
107 11 6 3 11 210 27 9 9 11
108 22 2 8 9 212 5 3 4 5
109 13 8 9 11 213 17 15 12 23
111 8 2 5 5 214 21 12 12 18
112 4 3 2 2 215 16 16 7 10
113 5 3 3 2 217 28 11 10 22
114 8 4 4 5 219 14 12 10 10
115 11 3 4 3 220 2 3 7 3
116 10 7 7 9 221 14 7 9 6
117 4 4 3 3 222 8 4 3 3
118 3 5 6 12 223 23 11 10 20
119 6 3 4 5 228 14 14 10 16
121 5 4 5 6 230 3 4 3 6
122 1 1 2 2 231 5 4 7 6
123 3 3 3 2 232 4 2 3 3
124 14 9 7 7 233 24 21 10 20
200 20 16 13 22 234 5 4 5 3

TOTAL 629 342 335 539

MIT-BIH Arrhythmia Database

BASELINE:
[22] Castro D et al., A Method for Context-Based Adaptive QRS Clustering in Real Time. IEEE J Biomed Health Inform. 2015



—— Appendix. Performance results MIT-BIH.

Record Beats Clusters Purity NMI ARI Homo.  Comp. M-F1
100 2272 2 0.985 0.092 0.056 0.048 1.000 0.664
101 1865 2 0.998 0.584 0.571 0.413 1.000 0.666
102 2187 10 0.991 0.452 0.328 0.872 0.305 0932
103 2084 R 0.999 0.000  -0.002 0.002 0.000 0.500
104 2229 15 0.918 0.496 0.335 0.785 0.363 0.497
105 2572 R 0.986 0.496 0.661 0.619 0.413 0.566
106 2027 4 0.992 0.768 0.891 0.919 0.660 0.989
107 2137 6 0.997 0.236 0.095 0.850 0.137 0.972
108 1763 2 0.993 0.616 0.759 0.581 0.656 0.359
109 2532 8 0.998 0.224 0.155 0.903 0.128 0.653
111 2124 2 1.000 1.000 1.000 1.000 1.000 1.000
112 2539 3 0.999 0.000  -0.001 0.009 0.000 0.500
113 1794 3 0.997 0.016 0.004 0.254 0.008 0.721
114 1879 R 0.991 0.663 0.725 0.694 0.635 0.388
115 1952 3 1.000 0.000 0.000 1.000 0.000 1.000
116 2411 7 0.999 0.356 0.181 0.965 0.218 0.665
117 1535 RS 0.999 0.001 -0.000 0.109 0.001 0.500
118 2278 5 0.958 0.311 0.247 0.196 0.747 0.659
119 1987 3 1.000 0.997 1.000 1.000 0.993 1.000
121 1863 4 0.999 0.091 0.057 0.501 0.050 0.667
122 2476 1 1.000 1.000 1.000 1.000 1.000 1.000
123 1518 3 1.000 0.089 0.041 1.000 0.047 1.000
124 1619 9 0.975 0.306 0.187 0.542 0.213 0.409
200 2601 16 0.978 0.674 0.814 0.836 0.565 0.492

MIT-BIH Arrhythmia Database

201 1963 10 0.974 0.551 0.351 0.776 0.428 0.533
202 2136 7 0.982 0.246 0.134 0.510 0.162 0.781
203 2980 7 0.970 0.413 0.366 0.717 0.290 0.378
205 2656 10 0.995 0.716 0.824 0.908 0.592 0.664
207 2332 9 0.897 0.642 0.740 0.760 0.556 0.686
208 2955 17 0.969 0.711 0.799 0.908 0.585 0.703
209 3005 6 0.891 0.167 0.206 0.108 0.377 0.734
210 2649 9 0.981 0.561 0.670 0.769 0.441 0.384
212 2747 3 1.000 0.900 0.908 1.000 0.818 1.000
213 3250 15 0.961 0.498 0.472 0.745 0.375 0.680
214 2262 12 0.996 0.481 0.355 0.932 0.325 0.496
215 3363 16 0.999 0.786 0.973 0.968 0.661 0.665
217 2208 11 0.984 0.709 0.603 0.933 0.571 0.960
219 2154 12 0.996 0.403 0.334 0.854 0.263 0.623
220 2048 3 0.954 0.007 0.045 0.012 0.005 0.488
221 2427 7 1.000 0.835 0.962 1.000 0.716 1.000
222 2483 4 0.830 0.005 -0.017 0.004 0.007 0.227
223 2605 11 0.952 0.510 0.592 0.676 0.409 0.323
228 2053 14 0.999 0.425 0.196 0.978 0.271 0.666
230 2256 4 1.000 0.007 0.001 1.000 0.004 1.000
231 1571 4 0.999 0.904 0.926 0.982 0.838 0.749
232 1780 2 0.776 0.002  -0.002 0.001 0.034 0.291
233 3078 21 0.994 0.618 0.786 0.961 0.455 0.534
234 2753 4 0.987 0.404 0.519 0.319 0.551 0.829
Total/mean 109958 342 0.976 0.437 0.434 0.665 0.414 0.671
Global 109958 342 0.975 0.392 0.028 0.928 0.249 0.636




—— Appendix. Confusion matrix MIT-BIH.

MIT-BIH Arrhythmia Database

N L R a A% F J A S E ] / e f Q !
N | 74852, 0O 1 39 128 62 36 895 2 1 223 0 16 144 11 0
L 0 8075 0 0 18 3 0 l 0 1 0 0 0 0 2 18
R 0 0 6858 0 3 2 29 99 0 3 4 0 0 0 0 24
a 1 0 0 107 0 0 0 1 0 0 0 0 0 0 0 0
v 86 0 0 4 6824 74 0 2 0 0 1 0 0 1 4 0
F 68 0 0 0 46 662 0 1 0 0 0 0 0 0 0 0
J 5 0 0 0 0 0 18 0 0 0 0 0 0 0 0 0
A 2 0 397 0 28 0 0 1546 0 0 1 0 0 0 0 38
S 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
E 0 0 0 0 16 0 0 0 0 94 0 0 0 0 0 41
j 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
/ 0 0 0 0 6 0 0 0 0 0 0 7021 0 16 0 0
e 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
f 32 0 0 0 11 0 0 0 0 0 0 7 0 821 13 0
Q 0 0 0 0 0 0 0 0 0 0 0 0 0 0 3 0
! 0 0 3 0 49 0 0 0 0 7 0 0 0 0 0 351



Appendix. Variational Inference. Offline.

Algorithm 1 Offline variational inference

Input: A dataset ) = {(t,.y,)} _, of time sequences
Input: A model p(M,))
Output: The variational density g(M]))

[: procedure OrFrFLINEVARIATIONALINFERENCE()/, M)
2 while £ has not converged do
3 while L, g has not converged do
4: forall k =1,2,...do //local update
5: foralln=1,...., N do
6 compute g(s,x) using eq. (3.14)
7 end for
8 forallm=1,....n; do
9. compute ¢(g,) numerically using eq. (3.22)
10: compute ¢(f¥) and ¢(x*) using eq. (3.31)
11: end for
12: compute ¢(¢*) using eq. (3.26)
3: end for
14: end while
15: forall kK =1,2,...do //global update
16: compute g () using eq. (3.19)
17: compute g (v, ) numerically using eq. (3.38)
18: end for
19: compute L = Lops + Lupp + Lw + H[q(S)]

20:  end while
21:  return g(M|))

22: end procedure




Appendix. Variational Inference. Multi-output.

This observation contribution allows us to run the inference independently for each output channel but keeping
a global assignment §; and just iterating over leads

Algorithm 3 Oft-line multi-output variational inference

Input: A dataset ) = {(t,, y,,)}ﬁ;l of time sequences
Input: A model p(M,))
Output: The variational density g (M]))

I: procedure OFFLINEMOVARIATIONALINFERENCE()Y, M)
2 while £ has not converged do
3 while L s has not converged do
) forall/ =1,2,.... L do
5: forall k =1.2,...do //1local update
6 foralln=1..... N do
7 compute g(s,x) using eq. (3.14)
8 end for
0: forallm =1, ..., n; do
10: compute ¢(gX ) numerically using eq. (3.22)
11: compute ¢ (f*) and ¢(x* ) using eq. (3.31)
12: end for
13: compute ¢(¢*) using eq. (3.26)
14: end for
15: end for
16: end while
) |7 forall/ =1,2,..., L do
18: forall kK =1.2,...do //global update
19: compute g(m;) using eq. (3.19)
20: compute g(vg) numerically using eq. (3.38)
21: end for
22: end for
23: compute L = Lops + Lupp + Lw + H[g(S)]

24:  end while
25:  return g(M]))
26: end procedure




Appendix. Empirical complexity.
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Appendix. Takotsubo ablation

Results takotsubo identification, sex ablation.

TTS vs TTSvs  TTSvs TTS vs apical TTS vs
Metric suspected MI STEMI1 NSTEMI verified MI anterior STEMI
ROC AUC (Sex) 0.80 0.83 0.81 0.82 0.82
ROC AUC (ECG) 0.77 0.85 0.83 0.83 0.76
ROC AUC (All) 0.89 0.94 0.91 0.92 0.90
PR AUC (Sex) 0.11 0.49 0.32 0.25 0.48
PR AUC (ECG) 0.14 0.68 0.42 0.34 0.48
PR AUC (All) 0.29 0.84 0.59 0.53 0.71




Appendix. Takotsubo ablation

Results takotsubo identification, mean ablation.

TTS vs TTS vs TTS vs TTS vs Apical T'TS vs
Metric suspected MI STEMI NSTEMI verified MI ant. STEMI
ROC AUC (Std) 0.84 0.86 0.83 0.83 0.84
ROC AUC (Bayes) 0.86 (4+1.9%) 0.88 (+3.3%) 0.83 (4+0.1%) 0.83 (4+0.0%) 0.88 (4+4.4%)
PR AUC (Std) 0.17 0.68 0.40 0.34 0.51
PR AUC (Bayes) 0.19 (4+12.9%) 0.78 (+14.5%) 0.45 (4+10.1%) 0.36 (+6.2%) 0.61 (4+19.9%)
Sens (Std) .86 .86 0.88 0.82 .86
Sens (Bayes) .86 .86 0.88 0.82 .86
Spec (Std) 0.72 0.72 0.59 0.7 0.78
Spec (Bayes) 0.75 (+4.3%) 0.82 (+14.9%) 0.69 (+17.1%) 0.81 (+7.2%) 0.82 (+5.8%)
Acc (Std) 0.72 0.76 0.63 0.76 0.79
Acc (Bayes) 0.75 (+4.0%) 0.83 (+10.3%) 0.71 (4+14.2%) 0.81 (+6.3%) 0.83 (+4.3%)
F1 (Std) 0.18 0.66 0.36 0.39 0.59
F'1 (Bayes) 0.19 (49.7%) 0.74 (4+12.4%) 0.43 (4+18.0%) 0.44 (+14.0%) 0.64 (18.6%)
PPV (S5td) 0.10 0.53 0.23 0.25 0.45
PPV (Bayes) 0.11 (4+11.2%) 0.65 (+21.5%) 0.28 (4+23.7%) 0.30 (4+19.1%) 0.51 (4+13.1%)
NPV (Std) 0.99 0.93 0.97 0.98 0.96

NPV (Bayes)

0.99 (+0.1%)

0.94 (40.9%)

0.98 (4+0.4%)

0.98 (+0.1%)

0.97 (+0.6%)
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