Classification of Atrial Fibrillation Prone Patients

Using Electrocardiographic Parameters in Neuro-fuzzy Modeling
Mirela Ovreiu PhD! » Marc Petre PhD! » Daniel Simon PhD? * Daniel Sessler MD! ¢ and C Allen Bashour MD

Cleveland Clinic

'Cleveland Clinic, Anesthesiology Institute, “Cleveland State University, Electrical and Computer Engineering Department,
Cleveland, Ohio, USA

Data & Methods

ECG Data Used
e 98 CVICU patients with inclusion criteria: no chronic AF and no pacing

FIGURE 1: The architecture of the proposed neuro-fuzzy model * Optimization algorithm: BP 3000 epochs |
* Testing data - 3,974 at 1 hour to 40,949 at 9 hours prior to AF onset

Abstract

Atrial Fibrillation (AF) is a significant clinical problem

and the complications of cardiovascular postoperative
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e Method to identify patients with highest Inflection Point ms 2. Fuzzy Rule based Layer | | Parameters derived In real_—tﬁﬂe from patient ECG signals will be interpreted by
_ _ L Shape scalar e 25 |F-THEN fuzzy rules determined by a fuzzy c-means clustering algorithm the neuro-fuzzy model which calculates a single parameter, the AF index. The
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AF Prediction Index

IF PAC/min is MFPAC# 14 and NN is MENN#14 and SDNN s
MFSDNN#14 and RMSSD is MFRMSSD#14 and TP is MFTP#14 and _ G
HF is MFHF#14 and LF is MFLF#14 and LF/HF is MFLF/HF#14 and ([ P i

LFn is MFLFn#14 and ApEn is MFApEn#14 and Pwave duration Is
MFPdur#14 and Pwave infl point is MFPInfl# 14 and Pwave shape is
MFPshape# 14 and Pwave en ratio is MFPen r#14 and Pwave

avallable information

 AF - the most common cardiac
arrhythmia: 2.5 million people/year/US;
> 350/min electrical impulses from

Neuro-fuzzy network

e 43 AF vs. 55 control patients

* Pairs of ECG inputs and known outputs use to build the network: for
AF patients ECG parameters for 30 minutes prior to AF onset as inputs
and the output is 1 (AF), for control group 30 minutes before the end

ectopic sources over the atria

o of the registration and the output is O (no AF) magnitude is MFPmagn# 14 then AFindex is MFAF#14
* Prediction of AF from ECG parameters .
\ f ol | ; e 2054 data pairs to develop the network 3. Defuzzification Layer
* Neuro- model to solve prediction - - - L - ayer | | | ,.
Uuro-fuzzy ve predictl Number of rules, Gaussians membership parameters, and inter-nodal The output, AF classification index, is the weighted average of the TN MONITOR S RO Uy

problem MODEL

weights obtained via optimization and training outputs of each rule with multiplication used as the AND operator.



