A KNOWLEDGE-DRIVEN FRAMEWORK FOR ECG REPRESENTATION AND INTERPRETATION

USCVt b Ramasubramanian Balasubramanian', Theodora Chaspariz, Shrikanth Narayanan2
1LCTD1 'Indian Institute of Technology Madras, Chennai, India
2University of Southern California, Los Angeles, CA, USA

INTRODUCTION AND MOTIVATION QRS DETECTION RESULTS

School of Engineering

A unified model for ECG representation Heuristic approach Signal representation baced beat
and interpretation » Location/coefficients of selected AM sinusoids AA
e Hj - 1 1 0.1 ; ; _. 2000
Motivation our approach Histogram-based group.n)g wrt location of atoms —RoavoRUS Eror lk N
» addresses false positives s N
ECG applications Signal representation . . - ; ; L g oo /\\J W/\“
« need for reliable representation * sparse decomposition Machme-learmng-based approach Zoost N\ U 11000 & ‘ o
. need for interpretability » low dimensionality . 2 ’ 5 T s premature ventricular
* Feature design ; 8 contraction
. . = ‘ }
Wearable devices Dictionary design ¢ type/parameterS/COeffIC]entS Of SeleCted atOmS ; et l l l 8 k N
o I/arymg environmental conditions o paramgtrlc .atoms | o random forests (8-f0ld cross-validation) 0 5 10 | 15 20 w
« large amounts of data « capturing different signal parts OMP Iterations a |
Original signal Selected dictionary atoms | W
Previous work Interpretation 12000 ” 'jo”g‘”a' : ” S | e | SR
. basis function fit(Laguna et al ’96) . detection of meaningful components |[1s00 Lol T el e halfvsiiod M IR :
« convex optimization(Polania et al ’15) « identification of abnormalities 1000 e e I ~ ~ ~ - rd Hermite | o QRS detection
1000+ S R \ " | - —e—Heuristic
v \ O /2 S S | A R Machine Learning(K=5,5=25)
950M [ \]‘V ——Machine Learning(K=5,S=75)
900¢ Lo B T oy Y1400 | | | | . | | | 3 SEE - |=v-Machine Learning(K=15,5=25)
0.2 0.4 0.6 Ti|$1é8(sec)1 1.2 1.4 1.6 0 0.2 0.4 0.6 Tirgf(sec)1 1.2 1.4 1.6 %5 3 3 Machine Learning(K=15,S=75)
. ' Feature design for QRS detection Feature matrix A —Pan-Tompkins Baseline
* MIT-BIH Arrhythmia (Moody & Mark '01) o e R
* 48 subjects (30 mins each) ol n ORS S
ur
* human-derived annotations - < S 5 5 ; : : 10
>0 No QRS Maximum Distance Threshold (samples)

SPARSE REPRESENTATION OF ECG ) 0 02 04 06 Tirgés(sec)1 1.2 . . feature matrix = type, parameters Beat ClaSS]flcat]On
> & coefficients of selected atoms \ ‘ ‘
I

B Daubechies 2

g | e : B Sparse Decomposition
e
e P T % I Features (20 total) S I
\ al * closest selected AM sinusoid & Oth order Hermite N ‘ ‘
R R L L « parameters, coefficients 40 50 60 70 50
Typical ECG components Oth order Hermite AM Sinusoid . distance from frame center Unweighted Accuracy (%)
Dictionary atoms Sparse decomposition * R-R distance
* Oth order Hermite (P/T) -« Orthogonal Matching Classification
* AM Sinusoid (QRS) Pursuit (OMP) * decision tree, leave-one-subject-out cross-validation| |« Unified model: ECG representation & interpretation
* Straight lines (level) * binary: normal / abnormal - Sparse decomposition & parametric dictionaries
* 5/817 atoms * 3-way: premature / paced / ventricular » Future work: data driven methods (e.g. NMF, EMD)

Thanks to the National Science Foundation (NSF), National Institutes of Health (NIH) and Indo US Science and Technology Forum (IUSSTF).



