
Aute Myoardial Infartion: Analysisof the ECG Using Arti�ial NeuralNetworksMattias OhlssonDepartment of Theoretial Physis, Lund UniversityLund, Swedenmattias�thep.lu.seHolger Holst and Lars EdenbrandtDepartment of Clinial Physiology, Lund UniversityLund, Swedenholger.holst�klinfys.lu.se, lars.edenbrandt�klinfys.lu.seAbstratThis paper presents a neural network lassi�er for the diagnosis of autemyoardial infartion, using the 12-lead ECG. Features from the ECGswere extrated using prinipal omponent analysis, whih allows for asmall number of e�etive indiators. A total of 4724 pairs of ECGs,reorded at the emergeny department, was used in this study. It wasfound (empirially) that a previous ECG, reorded on the same patient,has no or very little e�et on the performane for the neural networklassi�er.1 IntrodutionFor patients attending the emergeny department with hest pain, an earlydiagnosis of aute myoardial infartion is important beause of the bene�tsof immediate and orret treatment. Di�erent diagnosti methods have beenstudied, but the 12-lead ECG together with patient history is still the bestmethod for early diagnosis of aute myoardial infartion.The ECG diagnosis an be a diÆult problem and misdiagnosis do our.The use of a omputer-based ECG interpretation program is therefore valuablein order to detet infartion ECGs. Arti�ial neural networks (ANN) is oneomputer-based method that has shown to be even better than experienedphysiians in the ECG diagnosis, regarding myoardial infartion [1, 2℄.In linial pratie the physiian inlude in their ECG analysis a omparisonbetween the urrent ECG and a previous one of the same patient, (if suh oneis available) as an aid in the deision making. The purpose of this study wasto onstrut a neural network lassi�er for the diagnosis of aute myoardialinfartion and to see if a previous ECG, reorded on the same patient, aninrease lassi�ation performane.



2 Study PopulationThe study is based on patients who present to the emergeny department of theUniversity Hospital in Lund, Sweden during the period January 1990 - June1997 and who had an ECG reorded and stored at that oasion. The 12-leadECGs were reorded using omputerized eletroardiographs (Siemens-ElemaAB, Solna, Sweden). Eah of these ECGs were analyzed as follows:� (i) If the ECG was reorded on a patient who was admitted to the oro-nary are unit after the ECG reording, and was disharged with thediagnosis "aute myoardial infartion" and (ii) an earlier ECG reordedon the same patient was found in the ECG database of the hospital (notneessarily reorded at the emergeny department).then this pair of ECGs was de�ned as an aute infartion ase. On the otherhand:� (i) If the ECG was reorded on a patient not su�ering an "aute my-oardial infartion" at that oasion and (ii) an earlier ECG reorded onthe same patient was found in the ECG database of the hospital (notneessarily reorded at the emergeny department).then this pair of ECGs was de�ned as a ontrol ase. Only ECGs with severetehnial de�ienies and paemaker ECGs were exluded.The aute infartion group onsisted of 924 pairs of ECGs and the ontrolgroup onsisted of 3800 pairs of ECGs. A separate test group of 1000 pairs(200 infartions and 800 ontrols) were randomly seleted from the total set of4724 ECGs.3 Feature Extration3.1 12-Lead ECGThe digitized ECG onsists of 12 leads where eah lead represents one heartbeat omplex, approximately 1000 sample values long (1000 Hz). From eahomplex one extrats standardized measurements1, that inludes amplitudes,durations and areas. Figure (1) shows a generi ECG omplex with P-, QRS-and T-waves. Common measurements are Q-, R-, S-amplitudes and sample val-ues along the ST-segment. From a physiology point of view aute myoardialinfartion ause hanges in the ST-segment. We used the following measure-ments from eah of the 12 leads:1. Q-, R- and S-amplitudes.2. QRS-area (area of the QRS wave).1Computation of these measurements is performed by the reording software (SiemensElema in our ase).



Figure 1: A generi ECG omplex with a P- and QRS-wave followed by anST-segment and an ending T-wave.3. jST-amplitudej / QRS-peek to peek (absolute value of the �rst ST am-plitude divided by peek to peek amplitude of the QRS-wave).4. ST-amplitudes (3 measurements taken from the start, 2/8 and 3/8 of theST-segment).5. ST-slope (the slope at the beginning of the ST-segment).6. T-max (maximum of the T-wave).7. T-min (minimum of the T-wave).In total 144 measurements from eah ECG were seleted for further analysis.For eah patient there is two ECGs, the urrent and one previous ECG.Sine the objetive is to �nd out whether a previous ECG an help the lassi�erto determine aute myoardial infartion, we have two di�erent datasets. The�rst onsists of the urrent ECGs, i.e. the ECGs reorded at the emergenydepartment. In the seond dataset measurements of the di�erene between theurrent and the previous ECG have been added. The di�erene Æ between eahmeasurement � is simply taken as:Æ� = �urrent � �previous (1)3.2 Prinipal Component AnalysisThere is a high degree of orrelation between measurements from the 12 leads.This orrelation omes from the fat that 4 of the 12 leads are simple linearombinations of two other, e.g. lead II = lead I + lead III. There is also anatural orrelation among some of the leads, beause they are physially lose



to eah other. The 144 original measurements an therefore be redued to asmaller set of more \e�etive" variables. We used prinipal omponent analysis(PCA) to ahieve this redution.Prior to the PCA the 144 variables were grouped into the 7 groups listedabove. The PCA was then applied to eah of these smaller datasets separately.Figure (2) shows the eigenvalues of the ovariane matrix, normalized so thatthe largest is one, for eah group of variables. Clearly, there exists a large degree
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Figure 2: Prinipal omponent analysis of the measurements from the datasetof urrent ECGs. The plots show the (normalized) eigenvalues of the ovarianematrix for the variables i group 2-7.of (linear) orrelation between the measurements within eah group. As an beseen in �gure (2B) the 12 measurements jST-amplitudej / QRS-peek to peekan in pratie be redued to a single variable. The PCA analysis of datasetwith di�erenes between the urrent and the previous ECG shows a similarbehavior with large linear orrelations. Table (1) summarizes the variablesused as inputs for the neural network lassi�ers.4 Arti�ial Neural NetworksFeed-forward ANN have turned out to be a very powerful approah for las-si�ation problems. A general introdution to the subjet an be found inref. [3℄. We used a standard multilayer pereptron arhiteture with one hid-den layer of 10 nodes. The output layer onsisted of one neuron that oded



Number of PCA omponentsCurrent ECG dataset Di�erene datasetQRS-amplitudes 2 0QRS-area 1 0jST-amplitudej /QRS-peek to peek 1 1ST-amplitudes 4 3ST-slope 2 0T-max 3 1T-min 3 1Total 16 6Table 1: Summary of the variables used as inputs to the neural networks.whether the patient su�ered from aute myoardial infartion (1) or not (0). Asummed-square error funtion was used together with a Langevin extension [4℄of the bakp-propagation updating rule. Langevin updating onsists of addinga random Gaussian omponent to the gradient, whih has the e�et of speed-ing up the minimization proedure. In order to avoid over-training a weightelimination [5℄ regularization term was used, i.e.E ! E + �Xi w2i~w2 + w2i (2)where ~w was set to 1. The sum over weights does not inlude the thresholdweights sine they should not be part of the regularization.The � parameter was set using a 5-fold ross-validation sheme on the train-ing set. Finally, a ommittee of 20 networks was trained on the full trainingset using this �. The lassi�ation performane on the test set was alulatedusing the average output of the ommittee.5 ResultsTable (2) presents the result of the networks on the test set. It it presented interms of the area under the reeiver-operating harateristi (ROC) urve. Thearea for the networks trained on the data set with only the urrent ECGs is0.84. The networks trained with information from two ECGs for eah patient,i.e. both the urrent and the previous ECG, got a area under the ROC urveof 0.85. Although slightly higher than the network without this information astatistial analysis gives a p-value of 0.29. There are of ourse many ways ofrepresenting the di�erene between two ECGs. The one employed in this paperdid not appear to inrease lassi�ation performane i.e. a previous ECG doesnot help (or at least not signi�antly) the lassi�er for the task of diagnosingaute myoardial infartion.



Dataset Number of inputs Area under theROC urveCurrent ECGs 16 0.84Current ECGs +previous ECGs 22 0.85Table 2: Performane of the network ommittee on the test set.6 ConlusionA neural network lassi�er were onstruted to detet aute myoardial in-fartion, using the 12-lead ECG. Key indiators were extrated with prinipalomponent analysis on ommon measurements of the ECG. When diagnosingan aute myoardial infartion ECG a previously reorded one (if available) isoften used as a referene. The presene of suh a previous ECG appears tohave little e�et on the performane of the network lassi�er.7 AknowledgmentsThis study was supported by grants from the Swedish Medial Researh Counil(K99-14X-09893-08B), The Swedish Foundation for Strategi Researh and theSwedish National Board for Industrial and Tehnial Development, Sweden.Referenes[1℄ Hed�en B, Ohlsson M, Rittner R et al. Agreement between arti�ial neu-ral networks and human expert for the eletroardiographi diagnosis ofhealed myoardial infartion. J Am Coll Cardiol 1996;28:1012-1016[2℄ Hed�en B, �Ohlin H, Rittner R, Edenbrandt L. Aute myoardial infar-tion deteted in the 12-lead ECG by arti�ial neural networks. Cirulation1997;96:1798-1802[3℄ Hertz J, Krogh A and Palmer RG. Introdution to the Theory of NeuralComputation. Addison-Wesley, Redwood City, Ca, 1991[4℄ R�ognvaldsson T. On Langevin updating in multilayer pereptrons. Neuralomputation 1994;6:916-926[5℄ Hanson SJ and Pratt LY. Comparing biases for minimal network onstru-tion with bak-propagation. In: D. S. Touretzky (ed) Advanes in NeuralInformation Proessing Systems. Morgan Kaufmann, San Meteo CA, 1989,pp 177-185 Morgan Kaufmann (1989)


