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Abstract. In this work we present a study which compares method based oninductive modeling called
GAME with several classification algorithms. To compare these methods we will use long-time Holter
ECG data. More specifically we focused on the task of classification of normal N beats and premature
ventricularV beats.

Some of the tested methods represent the state of the art in pattern analysis, while others are novel
algorithms developed by us. All the algorithms were tested on the same datasets, namely the MIT-BIH
and the AHA data bases. The results for all the employed methods are compared and evaluated using
the measures of sensitivity and specificity.
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1 Introduction

Long term holter [1] monitoring is widely applied to patients with heart problems such as arrhythmias.
Identification of heart beats with unusual timing or unusualelectrocardiogram (ECG) morphology can
be very helpful for early diagnosis of hearts with pathological electrophysiology.

Many different methods have been proposed to solve the crucial problem of long-term holter record-
ings evaluation which actually is transformed into the problem of discrimination between normal N and
premature ventricular V beats. Solving this problem is of major importance for the identification and di-
agnostic of heart problems. An advanced system with automatic classification and analysis capabilities
is needed in order to process the large amounts of data the holter measurement records.

Much research effort has been put till today to examine and classify data, which are usually based on
beat-shape description parameters [2, 3] , shape descriptive parameters transformed with the Karhunen-
Loeve coefficients [4], and hermite polynomials [5]. Some other works use frequency-based features [5]
or time-frequency features [6] and features obtained from heartbeat interval measurements [7] to iden-
tify cardiac arrhythmia. Different methods which deal withthis problem range from linear discriminants
[5, 3], neural networks [5], and self-organized maps [8], toother methods as in [8].

In any case, for the comparison of different approaches the setup of the experiments, where the type
of the training and the selection of testing sets are defined,is of high importance. There are two main
setups to be considered: training based on a local learning set [8, 2] and on a global learning set [8, 9].
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When the local training is used, the classifier is fitted at least partially to the data given by the
measurements on the patient on which the testing will be performed. Therefore this approach requires a
cardiologist to annotate part of the signal in advance before the automatic classification can be started.

On the other hand the global classification is independent ofa patient and therefore it is expected
to be much more robust in classifying new recordings becauseit does not require an annotation of
a cardiologist in advance. But the drawback of this method isthat it usually yields worse results in
comparison with the locally trained classifiers since the morphology of N and V beats differ not only
from patient to patient, but also according to the position of the ECG leads, even on the same person.

In addition to this, published works differ also in the results presentation. Some papers use accuracy
measures [9] this is common for the classical AI field. Othersuse as measures the sensitivity and
specificity [8] that are more suitable for the classificationin the medical field. While the accuracy
gives an overall insight of the correctness of the methods, the sensitivity and the specificity evaluate
the methods from the clinical point of view; this is more suitable for decision making in the situations
dealing with uneven numbers of beats for each classificationgroup.

In this paper we attempt to provide a thorough investigationof different pattern analysis techniques
using a global classifier on two different datasets. The results are then compared by the means of
sensitivity and specificity.

In our work we will use two different databases with Holter ECG recordings. One of them will
be MIT-BIH and the second AHA (American Heart Association) databases [10, 11]. These will be
described in details in Section 5. Both data bases have undergone the same preprocessing steps, where
the same features have been computed. In Section 6, the results are compared using the well established
measures of sensitivity and specificity and we will discuss our results.

2 GAME Inductive Modelling Method

In many applications it is important to find optimal model of unknown system (for example in classi-
fication, prediction, approximation, etc.). Such model canbe found using two different approaches –
deductive and inductive. The GAME artificial neural network(ANN) is based on inductive approach.
This means that parameters and also structure of the ANN are parts of a learning process (the parameters
are selected and the NN is constructed from some minimal blocks during the learning process).

The GAME ANN extends the concept of GMDH network [12, 13]. TheGMDH allows only one
type of minimal block (neurons with one transfer function).On the other hand in GAME ANN there
are neurons with many different transfer functions (linear, sigmoid, polynomial, etc...). The GAME has
a feed-forward structure [14] as illustrated in figure 1.

Fig. 1. Example of GAME artificial neural network with different types of
neurons.
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The GAME NN is built during the training phase from scratch. Each new layer is constructed in
the following way: at first a large number of new neurons is generated. Neurons differ in the transfer
function, the number of inputs and in the number of neurons inprevious layer that the new neuron is
connected to.

The next step is to find the optimal setup of internal parameters and the best connections to neurons
in previous layer. To do this, GAME uses an advanced genetic algorithm. The population consists of
neurons in each new layer and each neuron is coded to a genome.

Figure 2 shows example of genome coding. Coding contains information about neurons in previous
layer which are connected to the neuron coded by genome, typeof transfer function and some param-
eters of the transfer function. Parameters of transfer function consist of two parts - the first contains
coefficients which are set by optimization method, the second contains structural information, these are
modified by genetic algorithm.

For example on figure 2 thea1, a2 ... are coefficients set by optimization method, the powers of x1,
x2 ... (in polynomial neuron) are modified by genetic algorithm.

Fig. 2.Coding scheme of neurons in GAME ANN.

In the beginning of the genetic algorithm, the neurons are generated randomly (derivation of the
first generation). The neurons are evaluated using a validation set and their accuracy corresponds to
neuron’s fitness. Then neurons are selected to cross-over according to their fitness. The cross-over
primary involves only the part of genome which encodes the connections to the previous layer. If both
neurons employed in cross-over have the same transfer function, their structural parameters are also
”crossed-over”. When the cross-over is finished all neuronsoptimize their transfer function using a
properly assigned method. After that the genetic algorithmis repeated for a number of generations until
the accuracy of the population exceeds a specified threshold.

All neurons in new layer are evaluated using separated testing set and the worst neurons are deleted
from the layer. Then the layer is ”frozen” and the algorithm continues with creation of a new layer.
This is repeated until a neuron with a satisfactory accuracyis found and this neuron is the output of the
network.

2.1 GAME method setup

The number of inputs is equal to number of features extractedfrom the data – 14. For the main exper-
iment neuron with following transfer function are allowed:linear, polynomial, exponential, sigmoid,
sinus, gausian.

Neurons may be connected to any neuron in previous layers or any input.

For the second experiment only neurons with following transfer functions are allowed: linear, poly-
nomial and sigmoid.
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3 Other Classification Methods

3.1 Rule-Based Decision Tree (RBDT)

In the case of the Rule-Based Decision Tree (RBDT) [15], the domain of each feature (i.e. a value
measured on each ECG beat) can be divided into several intervals, which are selected by experience and
knowledge of clinicians. The rules that are in each node of the decision tree have the structure illustrated
below:

if (intQRS >= 100) & (intQRS <= 110)
pass_status.QRS = ’widening’
elseif (intQRS > 110)

pass_status.QRS = ’wide’
elseif (intQRS < 100) & (intQRS > 50)

pass_status.QRS = ’normal’
else

pass_status.QRS = ’artefact’
end
goto next_rule

The ECG beats are then sorted to ”clusters” defined by the cartesian product of the intervals. Such
an approach has, at least for the clinicians, great advantage over the ”black box” methods because the
final decision can be easily explained. Moreover, such an approach enables to use the classification
result for further classification stages without the need torecompute certain parameters.

3.2 Rule-Based Decision Tree Clustering Based on Fuzzy Intervals

The RBDT described in the previous section has a drawback when dealing with border casesv – e.g.
two very similar ECG-beats can be classified differently only because their parameters are very close to
the border of an interval resulting in categorizing each oneof them to a different class. For this reason
we propose a generalization of the RBDT and we replace the crisp intervals by fuzzy intervals.

Fuzzy sets [16] are a generalization of the classical sets. The membership function in the case of a
crisp set can take the value of 1 (”belongs to”) and 0 (”doesn’t belong to”). The idea of fuzzy sets is to
extend this set of truth values, i.e. the output of the membership function, to take values in the interval
[0, 1]. This allows us to express the state of a partial belonging to a set which is useful in modeling
vague values as e.g. ”small”, ”medium”, ”great”, etc. Interested readers may find more information e.g.
in [17, 18].

The generalisation of the RBDT to fuzzy sets is in fuzzyfied intervals. This means that intervals may
be overlapping.

3.3 Self organizing map ANN

The Self Organizing Map (SOM) artificial neural network (ANN) is an unsupervised clustering method
[19]. The SOM consists of neurons organized on a regular low-dimensional grid. Each neuron is repre-
sented by a d-dimensional weight vector, where d is equal to the dimension of the input vectors. Each
neuron is connected to adjacent neurons by a neighborhood relation, which determines the structure of
the map.

The SOM is trained iteratively. For each training step, one sample is presented to the SOM input
level. Distance between the sample and all the weight vectors of the SOM is calculated using selected
distance measure. The closest neuron is called the Best-Matching Unit (BMU) [19]. After finding the
BMU, the weights in the SOM are updated so that the BMU moves closer to the input vector in the input
space. This is repeated until the stopping criterion (for example, as in our case, the number of learning
steps) is reached.
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In this particular case the implementation of SOM is based onMATLAB’s SOMToolbox [20]. The
selected SOM consists of 15x9 neurons in a hexagonal grid arrangement and we test several different
sizes before choosing the 15x9 grid architecture which gives the best results.

3.4 Template matching

For clustering methods as RBDT, fuzzy RBDT and SOM we carry out the classification step separately
using the template matching method. This approach has been used widely and some recent experiments
are presented at [21].

The template matching method in general tries to compare theseveral templates (in our case rep-
resentatives of the N and V classes) with the investigated part of signal. Its similarity is then usually
described by some distance measure.

Median of each cluster is compared with fifty different ”N” and ”V” templates – twenty five for each
classification group. Then, correlation coefficients are computed using the classical approach.

For the final decision on the cluster medians, the appropriate coefficients are sorted in the descending
manner. Then the majority 2 out of the first 3 rule is used to assign the class to the cluster median. All
the beats in the cluster represented by the median are classified according to the classification of the
corresponding median.

3.5 Support Vector Machines

Support Vector Machines (SVMs) are learning systems that are trained using an algorithm based on
optimization theory [22, 23]. The SVM solution finds a hyperplane in the feature space that keeps the
empirical error small while maximizing the margin between the hyperplane and the instances closest
to it. Every new patternx is classified to either one of the two categories (in case of dichotomizing
problemsyi ∈ {−1, 1} through:

f(x) = sign(

n∑

i=1

yiaiK(x, xi) + b)

whereb is a threshold parameter. The coefficients are found by solving a maximization quadratic pro-
gramming problem which is ”controlled” by a penalty factorC and are assigned to each of the training
patternsxi. The points for whichai > 0, are called Support Vectors and are the points lying closestto
the hyperplane.

The kernel functionK implicitly performs the mapping from the input space to the feature space.
Among others, the most popular kernels are the polynomial, the radial basis function networks and the
two-layer perceptrons. In our experimental procedure we employ the radial basis function machines
(the width s, which is common to all kernels, is specified alsoa priori by the user [24])

K(x, xi) = exp(−
1

2s2
‖x − xi‖

2), i = 1 . . . l

3.6 Back Propagation ANN

Back Propagation Neural Network is probably the most well-known supervised learning technique used
for training artificial neural networks. It trains feed-forward networks with one or more hidden layers.
The algorithm [,] was introduced in 1974.

During the recall phase, the sample is presented to the network and values are propagated from inputs
to outputs of the ANN. The difference between desired and actual outputs is calculated formulating the
overall network’s error. This error is propagated backwards from output neurons toward inputs. For each
neuron its contribution to the output error is calculated and the weights of its connections are adjusted
accordingly. The weights are adjusted using the gradient descent algorithm, which has the disadvantage
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of getting trapped in local minimum. To overcome this, techniques like the addition of a momentum
term, or the delta-bar-delta rule are used.

The back-propagation network used in this study (selected after thorough testing of different config-
urations) had 7 neurons in the first hidden layer and 4 neuronsin the second. For training of the ANN,
the standard BP algorithm is implemented in WEKA [25] with momentum and decreasing learning rate.

3.7 Radial Basis Function ANN

Radial Basis Function (RBF) ANN is trained with a fast supervised learning algorithm which is suitable
both for regression and classification. It consists of one input, one output and one hidden layers, which
contain RBF neurons. Each RBF neuron is described by a transfer function

y = exp(−
Xi − Ci

s2
)

that represents a d-dimensional Gaussian ”bump” (where d isthe dimension of the input vectors),
with the center at a pointCi and a widths. Output neurons calculate the weighted sum of RBF neurons
output. Training of the network is divided into two phases. In the first phase,Ci ands are set for each
RBF neuron. The second phase adjusts weights of output neurons. The details can be found in [26].

4 Specificity and Sensitivity

Specificity and Sesitivity are measures of binary classifierquality. Pripary use of this measures is in
medicine where it says how successful is the method in diagnosing healthy and ill people. But nowadays
they are also used in other fields.

In Specificity and Sensitivity analysis are also important terms true/false positive and true/false
negative. In our work we will use there terms as follows:

• ”true positives” . . . correctly classified as abnormal (the group ”V” in our case).

• ”true negatives” . . . correctly classified as normal (the group ”N” in our case).

• ”false positives” . . . incorrectly classified as abnormal.

• ”false negatives” . . . incorrectly classified as normal.

From true/false positives and true/false negatives we willcompute sensitivity and specificity as fol-
lows:

Specificity =
NumberofT rueNegatives

NumberofT rueNegatives + NumberofFalsePositives

A specificity says how many people will the test correctly recognize as healty. The value of 100%
means that the test recognizes all healthy people as healthyand lesser values means that also some ill
people are classified as heatly.

Sensitivity =
NumberofT ruePositives

NumberofT ruePositives + NumberofFalseNegatives

A specificity says how many people will the test correctly recognize as ill. The value of 100%
means that the test recognizes all ill people as ill and lesser values means that also some healty people
are classified as ill.
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5 Data, Preprocessing and Features

5.1 Heart beat databases

For training and testing the previously described methods,the MIT-BIH arrhythmia database [10] and
the AHA database [11] are used. From both databases, thirty minute long segments annotated by experts
are used. Since we focus on the discrimination between ventricular and normal beats, only beats labeled
as ’V’ or ’N’ are selected for the classification purposes.

5.1.1 MIT-BIH database

The beats annotated as right (’R’) or left (’L’) bundle branch blocks (’BBB’) are relabeled as ’N’ since
the annotations ’R’ or ’L’ represent morphology of the beat instead of the site of beat origin, which we
are interested in. Our final set contains 89724 ’N’ and 6895 ’V’ beats from MIT database.

5.1.2 AHA-database

It is important to note that the AHA database does not have theSupra Ventricular complexes labeled
’S’, which are available in the MIT database but they are labeled as normal ’N’ instead. The records
from the AHA database are divided into eight classes of ten records each, according to the highest level
of ventricular ectopy present:

• no ventricular ectopy (records 1001-1010)

• isolated unifocal PVCs (2001- 2010)

• isolated multifocal PVCs (3001- 3010)

• ventricular bi- and trigeminy (4001 -4010)

• R-on-T PVCs (5001 - 5010)

• ventricular couplets (6001 - 6010)

• ventricular tachycardia (7001 - 7010)

• ventricular flutter/fibrillation (8001 - 8010)

We select only these records from the AHA database whose finalstructure would be similar to that
of the MIT-BIH database. Therefore, we exclude all records from last two classes (7001 through 8010)
and also the difficult to measure R-on-T recordings (5000 through 5010). In total, we choose 110083
’N’ and 8333 ’V’ beats from the AHA database.

5.2 Preprocessing of the signal

Power line interference is filtered using an adaptive filter.Low-frequency drift is filtered during the
pre-processing phase using a Matlab-designed high pass filter with cut off frequency at 0.66Hz [27].

Then the preprocessed signal is analyzed and the typical points on the ECG curve are measured out
using gradient methods on appropriately filtered signal. Wemeasure out the beginning and the end of the
QRS-complex, along with the maxima of the complex (the highest R peak). Toff position is determined
and the P-wave existence measurement is carried out.
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5.3 Features

We compute eight parameters that characterize the shape of each ECG beat as shown in Table 5.2. Our
shape-descriptive features selection is based on our previous work [15]. We select only those features
that are performing well. An additional reason which justifies our selection is that most of these features
are widely accepted and understood by the medical community.

The amplitude features represent maxima of the amplitudes.The ratio features represent the ratios
of the amplitudes of the main deflections. Two well-known intervals – width of QRS complex and
corrected QT interval (using Fridericia equation [27]) arecomputed as well. Generally they discriminate
pathological beats from the normal ones.

5.4 Training and testing sets

Since the local training needs a rather complicated a-priori annotation of the part of the signal, we
choose the global training. For this global training, one ofthe databases plays a role of a training resp.
testing set and the other one is used as a training resp. testing set. For the purposes of the ANN and
SVM training, subsets with even representation of the V and Nbeats are randomly selected.

For the template matching technique 25 representatives of the N and V templates are selected from
the training database.

6 Results

Now we will sumarize our results.

For RBDT, fuzzy RBDT, and SOM methods, which are primarily acting as clustering methods,
template matching technique is used to enforce classification. In the case of ANN the algorithms are
implemented in WEKA [25]. SVM classifiers are trained using different combinations of the hyperpa-
rameters C andρ which lead to different values of sensitivity and specificity.

We will present our results in Tables 2 and 3.

First in the Table 2 we will present results for training data. As you may see almost all methods
achieved great specificity and sensitivity results. Both values are often higher than 90%.

Now if you look at table 3. Now results are not so good as in previous case. In gereral the specificity
parameters are still good but sensitivity is poorer. Also Table 3 shows that in general results are mutually
comparable. The best classifier seems to be the SVM which achieves the best values for sensitivity
although it does not ahcieve top values for specificity.

All presented methods have much better Specificity parameter, which means that all methods easily
recognizes normal beats as normal, but also small number of ventricular beats is classified as normal.
The other parameter – specificity – is quite poor and it means that many normal beats are classified as
ventricular.

This is also problem of the GAME neural network. More it achieves very poor results. In the next
part we try to find out why.

FEATURES USED FOR ECG BEAT DESCRIPTION
Amplitude of wave peaks Ratios of peak amplitudes

Width of intervals ampR ratRT
intQRS ampS ratRS intQTc
ampQ ratQR ampTpos ampTneg

Tab. 1.Features extracted from the signal
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Fig. 3. Visualisation of GAME models. This figure shows model results for
training data.

First, figure 3 shows situation for training data. The background represets response of trained models
to changes in QRS x QTc pane, while other input attributes remain constant. These input attributes we
have chosen because we determined them as the most significant. The red area represents space where
ventricular beats are classified and the blue represents space where model recognizes normal beats. Each
heart beat is represented by one square. Red squares represent ventricular ’V’ beats and blue squares
represents normal ’N’ beats. The figure shows that

• there is no clean boundary between normal and ventricular beats in this pane. And some normal
and ventricular beats are mixed, especialy in bottom and left part.

• the models were able to learn correct respponses.

The figure 4 shows respones for two selected testing recordings. The models are the same and
therefore is the background picture. But on the left part of the figure 4 the beats are biased and all
normal beats belongs to ventricular area. For other input attributes the situation is similar and therefore
all beats are misclassified. This case requires an expert in cardiology who can decide if this recording is
correct and correctly classified.

The right side of the figure 4 show much better image. Normal and ventricular beats are in proper
places and this recording is classified with much better accuracy.

Trained on MIT database Trained on AHA database
Method name Specificity [%] Sensitivity [%] Specificity [%] Sensitivity [%]
GAME 94.36 93.22 88.85 87.87
RBDT 94.68 92.40 79.17 92.33
fuzzyRBDT 98.49 95.88 77.66 91.02
BP NN 91.21 91.12 90.71 96.70
RBF 84.58 91.21 91.26 91.15
SOM 96.27 65.27 97.80 56.43
SVM 97.30 94.01 98.50 93.47

Tab. 2.Results for traing data
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Fig. 4. Visualisation of GAME models. Figure a) shows example of com-
pletely misclassified testing dataset – almost all normal beats are classified as
venricular. Figure b) shows example of testing set where classification accu-
racy was much better.

The relative complexity of decision boundary may suggest that created model may be overfited. To
accept or reject this hypothesis we created another experiment. In this experiment we simplified the
configuration of the GAME neural network. The simplier configuration means that only very basic
types of neurons are available to training algorithm. This means that the decision boundary is much
simplier and also that the model is harder to overfit.

The results for testing data in terms of specificity and sensitivity are summarized in table 4.

The decision boundary and the situation for training data ison the left part of figure 5. Now the
decision boundary looks much simplier.

For other methods we were unable to collect figures similar to4 or 5. This is because of limitations
of software used to generate other models.

This will be subject of future work because the comparison ofdecision boundaries between GAME
models and models generated by other methods should be the most interesting.

Tested on AHA database (MIT Trained)Tested on MIT database (AHA Trained)
Method name Specificity [%] Sensitivity [%] Specificity [%] Sensitivity [%]
GAME 95.41 49.57 94.04 53.00
RBDT 64.31 77.27 64.75 72.61
fuzzyRBDT 73.60 79.43 80.50 71.61
BP NN 94.14 33.71 91.08 49.56
RBF 90.37 67.64 85.89 45.10
SOM 93.65 50.26 97.64 62.31
SVM 92.18 81.74 90.35 83.95

Tab. 3.Results for training data
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Fig. 5. Visualisation of GAME models. Experiment with simple configura-
tion. The left part (a) shows the decision boundary and classification spaces
for training data. The right part (b) shows selected testingrecording and again
illustrates problem with data – in the place where ventricular beats for training
data, in testing data are normal beats.

6.1 Comments on Other Classification Methods

Among other methods the most usable seems to be RBDT decisiontree. Its main advantage is its
independence from the training set. It does not require any training for its clustering phase only for
template matching. The rules are inferred from generalizedknowledge and, therefore, are not affected
by the structure of the database. Moreover, the decision tree algorithm is very fast and its decisions are
easily to explain; this is an advantage in comparison with the ”black-box” methods.

Comparing the fuzzy RBDT to the classical RBDT, the fuzzy RBDT performs better on both
databases. The reason is probably the higher number of final clusters due to much softer approach
to the decisions, therefore more comparisons in the template matching phase. However, in RBDT there
is only one way out from each node in case of fuzzy-RBDT there are more ways possible. The intention
of fuzzy RBDT is to prepare a background for an automatic diagnosis based on fuzzy rules for a future
work. Therefore, the fact that it performs better than the RBDT and its results are comparable to the
global results [8] means it can be considered as a promising method.

BP, SOM and RBF ANNs are well known methods with a lot of applications in pattern analysis [24].
All the NNs exhibit high sensitivity on both testing sets. However, the specificity is low. The reason
may be overtraining of the nets. RBF NN is performing very well when the AHA database features are
used as the training data and the MIT database is used for testing, however the performance on the AHA
database shows very low specificity.

The performance of the SVM method, even though it is not the best overall performance in any of
the four measurements, is rather good and balanced on both data sets but the time cost for training is
quite high.

Tested on AHA database (MIT Trained)Tested on MIT database (AHA Trained)
Method name Specificity [%] Sensitivity [%] Specificity [%] Sensitivity [%]
GAME testing data 94.4 46.76 94.95 53.0

Tab. 4.Results for experiment with simple configuration
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It is clear that the performance of most algorithms decreases slightly when using the AHA database.
Due to the fact that the first database employed in our research is the MIT database we might have
chosen rules and features according to this database. Therefore, the features extracted may be more
”tuned” towards the description of the MIT database. It turns out that the AHA database is a bit different
- containing some cases that deviate from those in the MIT database. Also the variety of the features
in the AHA database allows better training then the more compact MIT database. In our future work,
we will try to extract features that are more insensitive to specific databases in an attempt to produce a
classification scheme that will be able to generalize well under any data set condition.

7 Conclusion

The main purpose of this study is to compare and evaluate different approaches based on different
principles. We choose to evaluate the examined methods using global training/testing sets that are fully
independent from each other. The results shown in Table 2 andTable 3.

Examined methods achieves variable performance. The best method is SVM followed by GAME,
fuzzyRBDT and SOM. From practical point of view the RBDT is also interesting becouse of medical
staff which preferes methods that can easily explain its decisions.

All methods perform better when the AHA database is used as training set and MIT as testing set.
The reason for this behaviour lies probably in the larger variety of records of the AHA database.
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