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Electrocardiogram (ECG)

* Electrical activity of the heart

12 standard leads: same activity sensed from a different spatial viewpoint

aVR o

aVL

Limb leads

Chest leads
(or precordial)
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QT prolongation: ECG predictor of TdP risk

« Drug-induced torsades de pointes (TdP), a life-threatening arrhythmia

QRS: Ventricular depolarization (- contraction)
T: Ventricular repolarization (- relaxation)
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QT prolongation: ECG predictor of TdP risk

« Drug-induced torsades de pointes (TdP), a life-threatening arrhythmia
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* QT monitoring guidelines to anticipate TdP risk (American Heart Association)

QRS: Ventricular depolarization (- contraction) R
T: Ventricular repolarization (- relaxation)
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Automated QT interval measurement

* Deep learning approach 1D input
(ECG beat)
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Uncertainty quantification (UQ)

* Convey model reliability

» Regression: prediction interval (PI), e.g., P{Y € C(X)} =~ 90%
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Uncertainty quantification (UQ)

* Convey model reliability

’ 10-DAY FORECAST

» Regression: prediction interval (PI), e.g., P{Y € C(X)} =~ 90% ‘ Today

Fri
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Uncertainty quantification (UQ)

* Convey model reliability

» Regression: prediction interval (PI), e.g., P{Y € C(X)} =~ 90%

 Human-in-the-loop QT measurement
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UQ in deep learning

—_— Prediction interval (PI)

« Approximate the posterior predictive distribution
pe(¥|x,D)
- Focus on model diversity: posterior over model weights p(6|D) .
Bayesian Neural Networks ; o Gal et 1ML 2016
Dee p ensem b I es [3] Lak,shmi;arayan,an, et al., NeurIPS, 2017

Monte Carlo Dropout?
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UQ in deep learning

—_— Prediction interval (PI)

« Approximate the posterior predictive distribution
pe(¥|x,D)
- Focus on model diversity: posterior over model weights p(6|D) .
Bayesian Neural Networks ; o Gal et 1ML 2016
Dee p ensem b I es [3] Lak,shmi;arayan,an, et al., NeurIPS, 2017

Monte Carlo Dropout?

Can we leverage the diversity in multi-lead ECGs X, = {x{} _ 1., o approximate po (QT|X,, D)?
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Proposed post-hoc UQ method

Approximate Bayesian inference

Training of a cross-validation ensemble

Single-lead ECG input (1D) 100(1- a)% PI
- (]
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Proposed post-hoc UQ method

Training of a cross-validation ensemble

D } Validation
on jth fold

’ . q Training on
remaining
k-1 folds

k-fold cross-validation

Training
dataset
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Approximate Bayesian inference

Single-lead ECG input (1D)

(Ill, aVR, aVL, aVF, V1-V5)
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Deep ensembling

100(1- )% PI
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Distribution of QT predictions

*  UQ-ELM (uQ using an Ensemble of Leads and Models): kK X L estimates fgk(xé)

. . 1
*  UQ-EL (uq using an Ensemble of Leads): L estimates fg(Xé), with fg = 1—629{:1 fgk
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Locally Adaptative Split Conformal Prediction (LASCP)

 Given n past observations (X;,Y;), ..., (X,,, Y;,) construct 90% PI for (X,,;1,7)

[4] Vovk, et al., Algorithmic learning in a random world, 2005
[5] Papadopoulos, et al., AIA, 2008

[6] Papadopoulos, et al., JAIR, 2011

[7] Lei, et al., JASA, 2018
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Locally Adaptative Split Conformal Prediction (LASCP)

 Given n past observations (X;,Y;), ..., (X,,, Y;,) construct 90% PI for (X,,;1,7)

* SCP consists in splitting the n samples into: f(x)-q &) ]; () +q

: e [ ¢ ]
* D;4in to fit predictive model f(x)

* D.qip to compute g, the 9ot percentile of the residual scores |y — f(x)|

[4] Vovk, et al., Algorithmic learning in a random world, 2005
[5] Papadopoulos, et al., AIA, 2008

[6] Papadopoulos, et al., JAIR, 2011

[7] Lei, et al., JASA, 2018
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Locally Adaptative Split Conformal Prediction (LASCP)

 Given n past observations (X,,Y;), ..., (X,,, ¥;,) construct 90% PI for (X,,.1,7)

f(x) _rq f ) ]_T (x) +q

« SCP consists in splitting the n samples into: L ° ]

* D;4in to fit predictive model f(x)
* D.qip to compute g, the 9ot percentile of the residual scores |y — f(x)|

« With LASCP, construct adaptative PIs by further splitting D,;;, into:
D, to fit residual (error) predictor r(x)

. . —f(x)
« D, to compute g, the 9ot! percentile of the new non-conformity scores =)l
’ r(x)
[4] Vovk, et al., Algorithmic learning in a random world, 2005 f(x)- CIT(X) f(x) f(x)+qr (x)
[5] Papadopoulos, et al., AlA, 2008 [ ° 1
[6] Papadopoulos, et al., JAIR, 2011 L J

[7] Lei, et al., JASA, 2018
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Experimental setup

« 12-lead ECGs from 2 drug safety clinical studies®9 (available at PhysioNet.org)
« Patient-stratified 5-fold cross-validation of ResNet

« LASCP residual predictor r(x) - r: Gradient boosting regressor
x: ResNet-extracted ECG features

Dataset Purpose Subjects/12-lead ECGs
Sla Cross-validation 22/2056
Sib LASCP 14/2014 (D) 8] Johannesen, et al., Clin Pharmacol Ther, 2014
(and evaluation of UQ-ELM/EL) 8 / 1149 ( Dz) [9] Johannesen, et al., Clin Pharmacol Ther, 2016
S2 Evaluation (ua-eLm/EL, LASCP) 22/4211
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Good coverage-based calibration

Coverage ideally = 100(1 — a)%
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Good coverage-based calibration

Coverage ideally ~ 100(1 — @)% MW: Mean Pl Width

MAD: Mean Absolute Deviation deviation
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The higher the model error, the higher the uncertainty

S2,a=0.1

120 — UQ-EL
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The higher the model error, the higher the uncertainty
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Future work

 Other ensembling techniques

« UQ for improved predictive performance
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Future work

 Other ensembling techniques

« UQ for improved predictive performance

Take-away

By leveraging the inherent diversity in health time series, we
could build simple and reliable UQ tools
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Thanks !

Contact
mously.diaw@univ-lorraine.fr



