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tThis paper presents a neural network 
lassi�er for the diagnosis of a
utemyo
ardial infar
tion, using the 12-lead ECG. Features from the ECGswere extra
ted using prin
ipal 
omponent analysis, whi
h allows for asmall number of e�e
tive indi
ators. A total of 4724 pairs of ECGs,re
orded at the emergen
y department, was used in this study. It wasfound (empiri
ally) that a previous ECG, re
orded on the same patient,has no or very little e�e
t on the performan
e for the neural network
lassi�er.1 Introdu
tionFor patients attending the emergen
y department with 
hest pain, an earlydiagnosis of a
ute myo
ardial infar
tion is important be
ause of the bene�tsof immediate and 
orre
t treatment. Di�erent diagnosti
 methods have beenstudied, but the 12-lead ECG together with patient history is still the bestmethod for early diagnosis of a
ute myo
ardial infar
tion.The ECG diagnosis 
an be a diÆ
ult problem and misdiagnosis do o

ur.The use of a 
omputer-based ECG interpretation program is therefore valuablein order to dete
t infar
tion ECGs. Arti�
ial neural networks (ANN) is one
omputer-based method that has shown to be even better than experien
edphysi
ians in the ECG diagnosis, regarding myo
ardial infar
tion [1, 2℄.In 
lini
al pra
ti
e the physi
ian in
lude in their ECG analysis a 
omparisonbetween the 
urrent ECG and a previous one of the same patient, (if su
h oneis available) as an aid in the de
ision making. The purpose of this study wasto 
onstru
t a neural network 
lassi�er for the diagnosis of a
ute myo
ardialinfar
tion and to see if a previous ECG, re
orded on the same patient, 
anin
rease 
lassi�
ation performan
e.



2 Study PopulationThe study is based on patients who present to the emergen
y department of theUniversity Hospital in Lund, Sweden during the period January 1990 - June1997 and who had an ECG re
orded and stored at that o

asion. The 12-leadECGs were re
orded using 
omputerized ele
tro
ardiographs (Siemens-ElemaAB, Solna, Sweden). Ea
h of these ECGs were analyzed as follows:� (i) If the ECG was re
orded on a patient who was admitted to the 
oro-nary 
are unit after the ECG re
ording, and was dis
harged with thediagnosis "a
ute myo
ardial infar
tion" and (ii) an earlier ECG re
ordedon the same patient was found in the ECG database of the hospital (notne
essarily re
orded at the emergen
y department).then this pair of ECGs was de�ned as an a
ute infar
tion 
ase. On the otherhand:� (i) If the ECG was re
orded on a patient not su�ering an "a
ute my-o
ardial infar
tion" at that o

asion and (ii) an earlier ECG re
orded onthe same patient was found in the ECG database of the hospital (notne
essarily re
orded at the emergen
y department).then this pair of ECGs was de�ned as a 
ontrol 
ase. Only ECGs with severete
hni
al de�
ien
ies and pa
emaker ECGs were ex
luded.The a
ute infar
tion group 
onsisted of 924 pairs of ECGs and the 
ontrolgroup 
onsisted of 3800 pairs of ECGs. A separate test group of 1000 pairs(200 infar
tions and 800 
ontrols) were randomly sele
ted from the total set of4724 ECGs.3 Feature Extra
tion3.1 12-Lead ECGThe digitized ECG 
onsists of 12 leads where ea
h lead represents one heartbeat 
omplex, approximately 1000 sample values long (1000 Hz). From ea
h
omplex one extra
ts standardized measurements1, that in
ludes 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 a
ute myo
ardialinfar
tion 
ause 
hanges in the ST-segment. We used the following measure-ments from ea
h 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 re
ording 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 ea
h ECG were sele
ted for further analysis.For ea
h patient there is two ECGs, the 
urrent and one previous ECG.Sin
e the obje
tive is to �nd out whether a previous ECG 
an help the 
lassi�erto determine a
ute myo
ardial infar
tion, we have two di�erent datasets. The�rst 
onsists of the 
urrent ECGs, i.e. the ECGs re
orded at the emergen
ydepartment. In the se
ond dataset measurements of the di�eren
e between the
urrent and the previous ECG have been added. The di�eren
e Æ between ea
hmeasurement � is simply taken as:Æ� = �
urrent � �previous (1)3.2 Prin
ipal Component AnalysisThere is a high degree of 
orrelation between measurements from the 12 leads.This 
orrelation 
omes from the fa
t that 4 of the 12 leads are simple linear
ombinations of two other, e.g. lead II = lead I + lead III. There is also anatural 
orrelation among some of the leads, be
ause they are physi
ally 
lose



to ea
h other. The 144 original measurements 
an therefore be redu
ed to asmaller set of more \e�e
tive" variables. We used prin
ipal 
omponent analysis(PCA) to a
hieve this redu
tion.Prior to the PCA the 144 variables were grouped into the 7 groups listedabove. The PCA was then applied to ea
h of these smaller datasets separately.Figure (2) shows the eigenvalues of the 
ovarian
e matrix, normalized so thatthe largest is one, for ea
h group of variables. Clearly, there exists a large degree
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Figure 2: Prin
ipal 
omponent analysis of the measurements from the datasetof 
urrent ECGs. The plots show the (normalized) eigenvalues of the 
ovarian
ematrix for the variables i group 2-7.of (linear) 
orrelation between the measurements within ea
h group. As 
an beseen in �gure (2B) the 12 measurements jST-amplitudej / QRS-peek to peek
an in pra
ti
e be redu
ed to a single variable. The PCA analysis of datasetwith di�eren
es 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 approa
h for 
las-si�
ation problems. A general introdu
tion to the subje
t 
an be found inref. [3℄. We used a standard multilayer per
eptron ar
hite
ture with one hid-den layer of 10 nodes. The output layer 
onsisted of one neuron that 
oded



Number of PCA 
omponentsCurrent ECG dataset Di�eren
e 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 a
ute myo
ardial infar
tion (1) or not (0). Asummed-square error fun
tion was used together with a Langevin extension [4℄of the ba
kp-propagation updating rule. Langevin updating 
onsists of addinga random Gaussian 
omponent to the gradient, whi
h has the e�e
t of speed-ing up the minimization pro
edure. 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 in
lude the thresholdweights sin
e they should not be part of the regularization.The � parameter was set using a 5-fold 
ross-validation s
heme on the train-ing set. Finally, a 
ommittee of 20 networks was trained on the full trainingset using this �. The 
lassi�
ation performan
e on the test set was 
al
ulatedusing 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 re
eiver-operating 
hara
teristi
 (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 ea
h 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 astatisti
al analysis gives a p-value of 0.29. There are of 
ourse many ways ofrepresenting the di�eren
e between two ECGs. The one employed in this paperdid not appear to in
rease 
lassi�
ation performan
e i.e. a previous ECG doesnot help (or at least not signi�
antly) the 
lassi�er for the task of diagnosinga
ute myo
ardial infar
tion.



Dataset Number of inputs Area under theROC 
urveCurrent ECGs 16 0.84Current ECGs +previous ECGs 22 0.85Table 2: Performan
e of the network 
ommittee on the test set.6 Con
lusionA neural network 
lassi�er were 
onstru
ted to dete
t a
ute myo
ardial in-far
tion, using the 12-lead ECG. Key indi
ators were extra
ted with prin
ipal
omponent analysis on 
ommon measurements of the ECG. When diagnosingan a
ute myo
ardial infar
tion ECG a previously re
orded one (if available) isoften used as a referen
e. The presen
e of su
h a previous ECG appears tohave little e�e
t on the performan
e of the network 
lassi�er.7 A
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