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Abstract: The authors have investigated potential applications of artificial neu-
ral networks for electrocardiographic QRS detection and beat classification. For
" the task of QRS detection, the authors used an adaptive mulilayer perceptron
structure to0 model the nonlinear background noise so as to enhance the QRS
complex, This provided more reliable detection of QRS complexes even in a
noisy environment, For electrocardiographic QRS complex pattern classification,
an artificial neural network adaptive multilayer perceptron was used as a pattern
classificr to distinguish between normal and abnormal beat pattemns, as well as
to dassify 12 different abnormal beat morphologies. Preliminary results using
the MIT/BIH (Massachusetts Institute of Technology/Beth Israel Hospital, Cam-
bridge, MA) arrhythmia database are encouraging. Key words: artificial ncural
networks, adaptive multilayer perceptron structure, QRS detection and classifi-

cation.

Automating electrocardiographic data monitoring
and interpretation is a challenging problem that has
made significant progress in recent years. However.
the performance levels achieved so far leave room
for significant improvement. For example, good con-
temporary QRS complex detectors correctly recog-
nize more than 99.3% of the beats in a standard data-
base. The misclassifications represent an average of
33 false detections per patient per hour, which is not
acceptable in many applications.'

Here, we explore the potential applications of
an emerging, unconventional computation model
called the antificial neural network (ANN) to enhance
the performance of eiectrocardiographic signal detec-
tion and classification. An ANN model distinguishes
itself from conventional digital computers in that it is
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a parallel, distributed, nonlinear computing network
that mimics the infermation processing stnucture of
a biologic neural system. Some have argued that the
ANN structure is superior to existing digital computer
architectures in performing many perceptual-related
tasks, such as pattern classification and nonlinear dy-
namic system modeling. While current ANN struc-
wures are simulated using existing digital computers,
research and development efforts are underway to
build hardware ANN architectures that exhibit mas-
sive parallelism and real-time processing capability.
From among the numerous paradigms of the
ANN,? we focus on a model called the feed forward
multilayer perceptron {MLP), which has found nu-
merous applications in pattem classification. time-
series modeling. nonlinear control, and other areas.
We exploit potential applications of the MLP archi-
tecture to perform two important electrocardio-
graphic processing tasks: QRS complex detection and
QRS beat pattern classification. For QRS complex de-
tection, we used an adaptive MLP structure to model



Applications of Artificial Neural Networks e Hu et al. 67

the nonlinear background noise which, for the pur-
pose of QRS detection, includes P and T waves, 50
that the presence of QRS complexes is emphasized.
For QRS complex beat classification, we trained an
MLP dlassifier with QRS beat patterns and classified
each new pattern presented to the ANN as normal
or into 1 of 12 possible abnormal beat categories.
we compared the results with those for a nearest”
neighbor classifier and found that the MLP classifier
performed significantly better.

Multilayer Perceptron Artificial
Neural Network

Recently, the ANN has received unprecedented at-
tention in many research disciplines.>~® The ANN's
parallel, distributive computational structure is remi-
niscent of the human neural system. In an ANN
structure, many simple, nonlinear processing ele-

menis, called neurons, are interconnected via -

weighted synapses to form a network. Figure 1
shows that the function of each neuron is to compute
a weighted sum of all synapse inputs, subtract the
sum from a predefined bias, and pass the result

through a nonlinear sigmoidal (threshold) function -

whose output ranges between 0 and 1. More specifi-

cally, the ith output activation a is a sigmoid function

- (defined in equation 1 of a so-called net function ui,
which, in umn, is a weighted sum of all the inputs
x; and a bias 9; [compare equation 21).

1

(1) a = flu) = T+ expl—m)

N
(2} u = 2 wix; + 0,
=1
If neurons are grouped in layers with weighted
synapses interconnecting only neurons in successive
layers, the ANN structure is called a multilayer per-
ceptron model (Fig. 2). An MLP model is the most

Fig. 1. Functiona! description of a single neuron.
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Fig. 2. A 3-2-2 configured multilayer percepiron with di-
rect connection between input and outpul.

popular and most extensively studied ANN model.
An MLP consists of an input layer and an output
layer, with one or more hidden layers in between.
Usually, the input units only hold the input signal
without any processing. Compuitation accurs in neu-
rons in the hidden layers and the output layer. Thus,
the structure depicted in Figure 2 is called a two-
layer MLP structure.

An MLP can be regarded as a mukltidimensional
nonlinear mapping function from the input space to
a hypercube. With a sufficient number of synapse
weights, an MLP is capable of approximating any
nonlinear functional mapping to arbitrary accuracy.
In the QRS complex detection application, we use
the MLP 1o model the background noise process.
From a different perspective, since each output is a
sigmoidal function, the MLP can also be regarded asa -
nonlinear discriminating function that distinguishes
whether the input vector belongs to a class {eg, has
an output value near 1) or not {has an output vatue
near 0). In this way, an MLP structure can be used
as a pattern classifier.

The application of an ANN usually consists of a
training phase and a testing phase. During the train-
ing phase, patterns (samples) are applied at the input
and the corresponding desired outputs (the teaching
output) are presented to the MLP classifier. A train-
ing algorithm is executed to adjust the weights (wy)
and bias (8} so that the acmal output of the MLP
best matches the desired output. This training process
continues unti} the user is satisfied with the perfor-
mance. Upon completion of the training phase, a set
of test samples, which are not part of the training
sample set, are applied to the trained MLP classifier
1o test whether it is able 10 generalize reasonably
well, The training of an MLP is usually accomplished

ECG QRS mark
= QRS - QRS .
ephancement | _ detection

Fig. 3. A QRS detection system.
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using a stochastic gradient-based algorit.hm called
the (emor} backpropagation algorithm.

Application of the Muitilayer
Perceptron to QRS Complex
Detection

Problem Statement

Reliable detection of the QRS complex enables
continuous vital sign monitoring and rhythm analy-
sis of the electrocardiographic signal. Qur past efforts
in QRS detection algorithm development have
yielded satisfactory results for detecting the QRS in
noiseless or low-noise environments.!-’~'2 The ob-
jective here is to study whether using an ANN-based
approach will enable us to further improve the per-
formance of the QRS detector. Specifically, we fo-
~cused on the ability to adaptively remove nonlinear,

. time-varying background noise.

Approach

Figure 3 depicts a block diagram of the QRS detec-
tion algorithm. The detection is carried out in two
phases. In the QRS enhancement phase, the back-
ground noise, including P and T waves, is removed
so that the signal (QRS complex) to noise ratio is
enhanced. The enhanced QRS complex signal then
passes through the QRS detection block to detect and
mark the position of the QRS complex.

For the purpose of QRS enhancement, we assume
the electrocardiographic signal x(t) as the superposi-

tion of the QRS complex s(t) and background noise
n(t). That is x(t} = s(t) + n(t). The objective of QRS
enhancement is to find an output §(t) that is a (de-
formed) approximation to s(t}. This is found by sub-
tracting a model of the background noise process fi(t)
from x(t) as depicted in Figure 4. Using an MLP
model, fi(t) is estimated as a nonlinear combination
of the p past samples of x{t), {x{t — i); 1 =i =
p}. Using the backpropagation training algorithm, we
adaptively update the weights of the MLP model so
that the mean-square prediction error E{| x(t) —
A{t) |?} is minimized. Using the fact that a QRS com-
plex has a high slope that cannot be predicted weil
with only p past samples, the prediction error [x(t)
— fi{t)] will exhibit a significantly large error when
a QRS complex is present and will be relatively small
in its absence. Thus, the error signal can be regarded
as a deformed approximation of the QRS complex
signal s(t). This signai is then sent 10 the QRS detec-
tion block for further processing. The details of the
QRS detection. block are omitted here due to space
limitations. They can be found in Hamilton and
Tompkins.' i :

~ Experimental Results

‘We conducted a preliminary experiment using
data records 105 and 108 of the MIT/BIH arthythmia -
database (Massachusetts Institute of Technology.
Cambridge, MA), We chose these records because -
they are particularly noisy and cannot be handled
well with existing methods.

We used a two-layer MLP ANN with a 6-3-1 con-
figuration. We selected the input window size p (6)
and the number of hidden units (3) empirically, we
trained the MLP using the backpropagation aigo-
rithm during an initial training period. The weights

Fig. 4. Muliilayer perceptron-
based QRS enhancement.
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Table 1. Results of the Evaluation of Three QRS Detection Algorithms Using Record 105 of the MIT/BIH
Database With a Total of 2,572 Heartbeats

False False Total Failed Failed
Positive Negative Detection Deteclion
Filtering Methods (Beats) {Beats) {Beats) Rate (%)
Artificial neural network adaptive. nonlinear 10 4 14 0.50
Linear adaptive filtering 40 22 62 2.40
Bamvdpass filtering 67" 22 89 3.46

were adaptively updated during testing for each new
incoming data point.

In Tables 1 and 2, we compare the QRS complex
detection rates of two existing QRS enhancement
methods, the linear adaptive filtering method and
the bandpass filtering method, to the adaptive MLP
method using complete data records 105 and 108 of
the MIT/BIH database, which include 2,572 and
1,763 beats, respectively. For data record 105, the
ANN-based filtering method had only 10 false posi-
tive (FP) and 4 false negative (FN) beats out of 2,572
beats in the record. This corresponds to a total failure
rate of 0.5% ([10 + 4)/2,572]) x 100), which is
much better than the failure rate of the bandpass
filtering method (3.5%) and the linear adaptive filter~
ing method (2.4%). Forrecord 108, the ANN method
had 25 FP and 16 FN beats, which is a 2:3% failure
rate. The failure rates of the bandpass filter and the
linear adaptive filter approaches were aiso higher,
12.5% and 4.4%, respectively. The potential advan-
tages of an MLP-based approach are quite clear from
these preliminary experiments.

Applications of the Artificial
Neural Network to
Electrocardiographic Beat
Classification

QRS beat classification is a crucial task in electro-

cardiographic diagnosis. Many current beat pattern '

classification methods rely on various features ex-
tracted (measured) from the electrocardiographic
waveform. For example, such measurements as the

QRS width and amplitude are often used as part of a
measurement matrix of extracted features. The actual
QRS pattern (the raw data) is currently used in tem-
plate matching sorting techniques.

To date, several researchers have reported atiempts
at using an ANN to classify electrocardiographic
beats. Yeap et al.'? proposed to use the amplitude of
the QRS, the offset of the QRS, the T-wave slope,
and the prematurity as the inputs to an ANN struc-
ture with 20 hidden units. On the American Heart
Association database, they reported a 67.6% classifi-
cation rate on the test set. Linnenbank et al.'* used
a three-layer ANN model to classify 62-lead ventricu-
lar tachycardia QRS integral map patterns. Pattern
classification was obtained with reference to a data-

_base of 18 different paced QRS integral map patterns.
Each reference pattern corresponds to activation

onset in a localized left ventricular segment. In com-

~ parison to visual classification by an experienced.

human observer, 92% of the tested 77 ventricular
tachycardia QRS integral map patterns were cor-
rectly classified. Tsai et al.’® used power spectral den-
sity of the electrocardiographic signal as the input
feature 1o classify five different types of normal and
abnormal electrocardiographic beats. Lee'® reported
the use of a higher-order ANN model for electrocar-
diographic classification. We previously proposed a
method to train the network with shifted versions
of the electrocardiographic signal.!” The test results
show that the network trained by this method is
more robust for time-shifted versions of the same
type of electrocardiographic signals. Bortolan et al. 18
reported on the use of input features, including both
morphology signals and multiplicative terms, with
an order as high as 39 and a total of 780 input fea-
tures.

Table 2. Resulls of the Evaluation of Threc QRS Detection Algorithms Using Record 108 of the MIT/BIH
Database With a Total of 1,763 Heartbeats

False False Total Failed Failed
) Positive Negative Deiection Delection
Filtering Methods {Beats) {Beats) {Bearts) Rate (%)
Artificjal neural network adaptive, nonlinear 25 16 41l 2.32
Linear adaptive filtering 58 20 78 4.42
Bandpass Eltering 199 22 221 12.54
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In the next section, we apply an MLP classifier to
direcily classify the QRS complex wavelet patterns
into the normal class or into t of 12 abnormal classes.
We compare the results with a nearest neighbor clas-
sifier, a widely used classification method.

Methods

We used an MLP structure as a pattern classifier.
The input to the MLP is the original QRS beat pat-
terns with appropriate linear amplitude scaling. Each
output is associated with a particular class. If the out-
put corresponding to a class is maximum among all
other outputs for a given QRS beat pauern, that beat
is classified into that class. We used different numbers
of hidden units and outpuis for different experi-
ments. We added direct connections from the input
nodes to the output nodes in this application as we
found that it helped in improving the classification
performance,

We extracted 6,474 QRS complex templates classi-
fied into 13 beat types from the MIT/BIH arrhythmia
database. Each template contains 51 samples cen-
tered on the annotation fiducial mark in the record.
Since the sample rate of the database is 360 Hz, each
QRS template represents a time segment of about
142 ms. Figure 5 illustrates several of these data rec-
ords. Data in each record are taken from the same.
patient. From Figure 5 we can make several obser-
vations. First, QRS beats within each record are rela-
tively clustered. Second, the morphology of wave-
forms in the same class (ie, with the same beat anno-
tation), but from different records (patients), can
exhibit significant variations. For example, left bun-
dle branch block morphologies from different pa-
tients are quite different. Third, QRS beats from dif-

1400

ferent classes and different patients may look very
similar. For example, nodal premature beat QRS
complexes are very similar in morphology to normal
QRS beats. In this study, we did not use beat-to-beat
time intervals to help in the classification. We used
only the beat morphologies. Figure 5 shows an over-
lay of the 50 nodal premature beats selected from
the MIT/BIH database for this study. We did not nor-
malize the amplitudes, remove baseline offsets, or
adjust time alignment of any of the beat sets that we
used. They were simply removed from the database
using the annotation location as a fiducial point.

Three-way Cross Validation. To estimate the
classification rate accurately, we adopted the cross-
validation method that is designed 10 minimize the
variations due to imperfect random sampling of fi-
nite-size data samples. We partitioned each class of
the data set randomly into three disjoint subsets of
approximately equal size denoted by, say, A, B, C.
The training and testing was performed three times
each with each one of the three subsets as the test
set and the other two as the training set. We did
the actual partition using MATLAB (The Mathworks,
Inc., Natick, MA) software. Table 3 summarizes the
results. A - :

Preprocessing. For ANN applications it is customary
to scale the input data so that it has a dynamic range
between — L and + 1. Since most data entries lie be-
tween 800 and 1,600, we scaled each entry by 0.001

and then subtracted 0.8 from the result, thereby,

placing each scaled data entry in the range of 0 to
0.8.

Nearest Neighbor Classifier. We used a simple
nearest neighbor classifier as the baseline compari-
son. First, we computed the mean {centroid} of the
samples in each class. Then we calculated the Eu-

1300

Fig. 5. Overlay of 50 nodal
(junctional) premature beats

used in this study. 1100

1000
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Table 3. Distribiution of Samples in Each Class and Each Partition

Number of QRS No. of
Beat Type Templates Records Seta Serb Set.<
Normal 3,891 319 1.299 1.299 1.293
Left bundle branch block 200 4 . &7 67 66
Right bundle branch block 300 6 101 1101 98
APC 383 8 128 128 127
ABERR 50 - 1 17 17 16
Nodal prematurc beat 50 1 17 17 16
PVC 1.000 20 334 334 332
Fusion 100 2 34 34 32
Fiwave 50 ; 17 17 16
NESC 50 | 17 17 16
VESC 50 1 17 17 16
Pace 200 4 67 67 66
PFUS 150 3 51 - 51 48
Total - 6,474 — 2,166 2,166 2.142

clidean distances between a test vector x and each
of these cenuoids {w;; 1 =i =< #-—-—classcs} The test
vector was classified into class i* if

) it = argn dlx w) = argm i x - wil

- We used no elaborate distance measurement or fine. .
* tuning of the centroid locations. Three-way cross val- .
-idation was also adopted in this technique to provide -

a fair basis for comparison.

Trainmg and Testmg We used a public-domain

backpropagation training package called ASPIRIN .-
v.6. (MITRE Co., Boston, MA) as the training tool. -
Based on a given network configuration file, ASPI-

RIN generates optimized C language code on the
target platforrn, which, in this experiment, was a
Hewlett-Packard 720 precision architecture RISC
workstation. We adjusted the learning rate a and the
moment p for each training set empirically to maxi-
mize the classification rate. We used a maximum of
2,000 epochs to limit the number of training itera-
tions. Each epoch consisted of presenting all of the
training samples in the training set once. The training
was stopped when either all training samples were
correctly classified or when the iteration limit was
reached.

Upon completion of the training phase, we ex-
tracted the weights of the trained network and fed
them into a MATLAB program to compute the classi-
fication rate on the test set on a class-by-class basis.
Even in the first experiment where only a normal or
abnormal decision must be made, it is impornant to
know how each individual abnormal class performs
with the given classifier.

Experimental Results

we performed two experiments. In the first experi-
ment, we atiemnpted to classify all 13 classes simul-
taneously using an MLP structure configured as 51-

40-13. Table 4 summarizes the results. The classifica-
tion rate in this experiment was about 65%. Al-
though this is low, it is still much better than the
nearest neighbor classifier results that achieved, on
average, less than 30% classification rate. _
In the second experiment, we first classified each
beat pattern as a normal or a abnormal beat ‘(two
outputs). We accomplished this with a 51-25-2 MLP

-structure. The classification rate, which is tabulated

in Table 5, is typically about 90%. In a separate MLP -

- network with a configuration of 51-30-12, we used
12 outputs, each denoting 1 of the 12’ abnormal -
_ classes. A normal beat applied to this network would

have a target value of all zeroes. This second MLP
network catéegorized the beats identified as abnormal
by the preprocessor MLP into 1 of the 12 abnormal
classes. The results are tabulated in Table 6. Upon
completion of the training and testing of both MLP
structures, we cascaded the two networks such that
the output of the first MLP, which indicates when a
beat is abnormal, was applied 1o mask out the output
of the second network. In other words, if the first
network determined that a given QRS complex was
normal, then all of the outputs of the second network
were reset to zero. Only when the QRS beat was
deemed to be an abnormal beat was the output of
the second network allowed to pass through the
mask and indicate an abnormal class. Using this com-
posite MLP classifier, the total classification rate im-
proved from 65.5% in the first experiment to 84.5%.
Table 7 shows the results.

Conclusion

We trained an ANN MLP classifier with QRS beat
patterns and classified each new pattern presented
to the ANN as normal or into 1 of 12 possible abnor-
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Table 4. Classification of All 13 Classes Using a 51-40-13 Multilayer Perceptron

Beat Type Trial a Trial.b Triakc Average
Normal 60.89 64.36 47.80 57.70
keft bundle branch block 88.06 98.51 93.94 $3.50
Right bundle branch block 84.16 90.10 9388 89.33
APC 44.53 55.47- 60.63 53.52
ABERR 82.35 88.24 87.50 86.00
Nodal premature beat 88.24 100.00 100.00 96.00
PVC 72.75% 74.85 79.22 75.60
Fusion 79.41 82.35 78.13 80.00
Flwave 82.3% 94.12 75.00 84.00
NESC 88.24 100.00 100.00 96.00
VESC 100.00 82.3% 100.00 94.00
Pace 95.52 92.54 89.39 92.50
PFUS 45.10 62.75 66.67 58.00
Total 65.74 69.94 60.78 65.51
Nearest neighbor 24.79 26.08 25.92 25.60
Table 5. Classification of Normal versus Abnormal Beais
Classes TriaLa Trial b Trial_c Average
Normat 93.69 90.84 98.69 94.40
Abnormal 87.77 88.34 78.23 84.33
Total 91.32 89.34 90.58 90.58
Nearest neighbor " 7114 7391 73.90 72.98
Table 6. Classification Among All Abnormal Beats .
Beat Type Trial a . TrialL.b Trial < Average
Left bundle branch block - 100.00 97.01 86.36 94.50 -
Right bundle branch block ©96.04 " - 95.05 95.92 95.47
APC ‘ ' 59.28 64.84 64.57 62.92
ABERR 94.12 88.29 87.50 90.00
Nodal premature beat 100.00 100.00  100.00 100.00
PVC 76.05 86.23 72.89 78.40
Fusion 94,12 70.59 87.50 84.00
Flwave 76.47 94.12 100.00 90.00
NESC 88.24 100.00 100.00 96.00
VESC 100.00 82.35 100.00 94.00
Pace 91.04 92.54 77.27 37.00
PFUS 60.78 70.59 81.25 70.67
Total 80.28 84.54 79.03 81.29
Table 7. Composite Classification Rate
Beat Type TriaLa Trialb Trialc Average
Normal 93.69 9.54 97.99 94.17
Left bundle branch block 100.00 97.01 86.36 94.50
Right bundle branch block 92.08 91.09 77.55 87.00
APC 30.47 35.16 25.98 30.55
ABERR 94.12 88.24 37.50 90.00
Nodal premature beat 0.00 0.00 0.00 0.00
PVC 75.45 B85.63 71.39 77.50
Fusion 82.35 58.82 25.00 $6.00
Fiwave 70.59 88.24 68.75 76.00
NESC 52.94 82.35 12.50 50.00
VESC 100.00 82.35 100.00 94.00
Pace 91.04 92.54 49.70 84.50
PFUS 47.06 64.71 64.58 58.67
Tofal 84.72 85.00 83.94 8455
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mal beat categories. For this study, we extracted
6,474 beais having 13 differem annotations from the
MIT-BIH electrocardiographic database. We pre-
sented only the beat morphologies to the ANN. We
did not use any features extracted from the signal,
such as beat-to-beat time intervals. We classified
about 84.5% of the beats correctly based on mor-

phology alone. Although this is a much lower perfor- .

mance than many other published QRS complex
classifiers, we expect that we can improve on this
result by (1) providing the network with parameters
about each beat, such as its temporal relationship
with the beats around it and (2) training the network
with a larger number of QRS complexes.
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