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Abstract. Objective: Age classification of patients based on information extracted from electroca-
diograms (ECG'’s). The scope of this work is to develop and compare the performance of Bayesian
dassifiers.

Methods and Material: We present a medical patient classification methodology using a genetically
evolved Bayesian network classifier and biological signa characteristics. Patient age classification is
performed based on statistical features extracted from electrocardiogram signals. The continuous sig-
nal feature variables are converted to a discrete symbolic form based on thresholding to lower the di-
mensionality of the signd alowing for smaller conditional probability tables to be calculated for the
classifier. Two methods of network discovery from data were developed and compared: the first using
a greedy hill-climb search and the second method based on evolutionary computing using a genetic
agorithm (GA).

Results and Conclusions Performance of both Bayesian network discovery methods was measured
using the area under the receiver operating characteristic (ROC) curve and compared to the perform-
ance of a naive Bayesian classifier. The evolved Bayesian network performed better (86.25% AUC)
than both the one developed using the greedy agorithm (65% AUC) and the naive Bayesian classifier
(84.75% AUC). The methodology for evolving the Bayesian classifier can be used to evolve Bayesian
netw orks in genera thereby identifying the dependencies among the variables of interest. Those de
pendencies are assumed to be non-existent by naive Bayesian classifiers. Such a classifier can then be
used for medical applications for diagnosis and prediction purposes.

Keywords. evolved bayesian classifier; ECG-based age classification; hybrid soft computing tech-
niques.

1. Introduction

The human heart is a complex system that gives many
clues about its condition in its eectrocardogram (ECG)
signal (Figure 1). Trained physicians are able to recog-
nize certain patterns in a patient's ECG signd and use
them as the basis for diagnosis [1], for instance to diag-
nose heart ailments such as arrhythmia (using the QRS
complex) [2], ischemia[3, 4], or prediction of an impend- 1
ing heart atack (acute myocardia infarction) [5]. Re 1
searchers have tried since the inception of computers /\ 1
(eg., see [6, 7]) to develop techniques and algorithms for J L e
automated processing of ECG signals for various medcal L R

0.6
applications, whether as standalone applications or as a ! Time ()
Figure 1. Electrocardiogram (ECG)

Signal with the QRS complex,
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decision aid to physicians. However, patterns of an ECG signa are difficult to discern due to the mul-
titude of characteristics that are embedded in the signal. As a result, researchers have focused on de
veloping specific techniques to extract information from ECG'’s for specific applications.

This paper demonstrates the applicability of evolving a Bayesian Network (BN) classifier to distin
guish between two groups of individuals based on ECG features derived from young and elderly,
healthy adults, hereby referred to as young and elderly patient groups, respectively. If this method can
distinguish between the two patient groups, a more complex classification problem, such as cardiac
disease risk dtratification might be attempted, with the potential of yielding better accuracy than tradi-
tional methods for fusing multiple clinical measurements. With heart disease being the biggest killer
in America and a billion dollars spent exch year on Atrial Fibrillation following Coronary Bypass
Surgery [8], there is a wedlth of classification and risk stratification problems to be addressed. This
motivates a thorough investigation of classification of patient risk, through the use of biologica heart
signals and other patient data.

The remainder of the paper is structured as follows: section 2 gives an overview of techniques and
algorithms for processing ECG signals in medical applications, with afocus on applications involving
classification; section 3 presents an overview of ECG signa processing, including the techniques used
in this study; section 4 presents an overview of network structure discovery techniques, including the
two techniques used to develop the Bayesian classifier; section 5 presents the results; section 6 pre
sents a discussion; and section 7 concludes the paper and presents directions for future work.

2. ECG Signal Processing

In order to identify the behaviora characteristics of an ECG, numerical quantifications are needed to
decompose the signal into components that can be analyzed using computerized means. While many
types of quantifications can be derived — referred to as signal features herein — it is often difficult to
combine and assess them in meaningful and useful ways for a given application. For instance, an d-
gorithm for detecting the QRS complex in an ECG has been reported in [9], aframework for the clas
sification of the 12-lead ECG has been presented in [10], and an interactive framework for analyzing
ECG signals has been proposed in [11]. In aclinical study, Chandy et a. collected both pre- and post-
operative surface ECG signals from 300 patients undergoing coronary artery bypass graft (CABG) in
order to identify differences in ECG P wave morphology, which could distinguish Atrial Fibrillation
developing patients from normal patients [12]. In another study, detection of ventricular tachycardia
and fibrillation by using an ECG symbolic conversion and complexity measurement was done with
100% accuracy for alarge test set in [13].

Two main approaches for biological signa processing ist today. The first is the diding window
method, which involves segmentation of the data into smaller lengths. These segments are usualy
uniformly spaced within the origina signal and may or may not have overlapping points with other
windows. A feature or statistical measure is calculated for each segment, such as frequency content or
signa amplitude standard deviation. Each of these calculations can then be placed in tempora order
according to its location in the original signal, forming a representation of that feature's progression
through time over al windows. This compressed signal representation may be useful when looking
for a change of state leading to a physiological event, such as determining the onset of a seizure from
brain waves or a heart attack from ECG’s. When no significant signal or state changes are expected,
the dliding window method does not hold as much promise. For this reason, the second method of bio-
logical signal feature calculation is simply feature calculation over the entire signal, as if the window
in the first method was set as the ertire available signal. While some variations in the signal’s charac-
teristics might not be identified, an overall signal characteristic is obtained in a single numeric value.

There are clearly a multitude of features, transformations, and statistics that can be applied to an
ECG signa, including wavelet, frequency, and nonlinear transforms with statistical, temporal, and

Patient's Preprocessing Feature Binary Binary
ECG Signals (HPF / LPF) "| Extraction Discretization Data Set

Figure 2. Feature Extraction Block Diagram
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Figure 3. Original ECG signal (top) and ECG signal (bottom) after
preprocessing by low -pass and high-passfilters.

chaotic feature extraction performed on them. While discovery of hidden patterns or subtle deviations
in the signal shape or other properties are the main objectives of these labors, other purposes nclude
compression [14, 15], coding [16], or detecting characteristic points [17] of ECG signals. For the
purposes of this study, statistical features were calculated over the entire period of ECG's datained
from a medical database. Figure 2 depicts the block diagram of the signal processing that was per-

formed in this study. Data used for this study was obtained from the Fantasia database (available on
www.physionet.org [18]). The database consists of ECG’s from twenty 21-34 and twenty 68-85 year-

old subjects, hereby referred to as young and elderly patient groups, respectively. These petients were
rigoroudly screened for any preexisting heart conditions and all were considered to be normal, healthy
individuals. They underwent supine resting while continuous ECG was collected for 120 mhutes at a
sampling rate of 250 Hz. Each subgroup of subjects comprised an equal number of men and women.

The data was |mported into Matlab (Release 13) for computation. Preprocessing consisted of high

pass filtering with a 4" order Butterworth filter with a cutoff of 0.004 Hz; done to remove the baseline
drift DC voltage that sometimes builds on ECG electrodes [9]. A low pass 5" order butterworth filter
with cut-off frequency at 20 Hz was used to remove noise as well as smooth the shape of the signal

without loss of significant cardiac information content. Figure 3 shows a patient’s ECG signa prior to
preprocessing (top) and after (bottom).

2.1. ECG Signal Feature Extraction

The 120-minute signals were then used to calculate the feature set, F, comprising the 12 feature
measures listed in Figure 4. The retionae for choosing these featur&s is based on insghts and back-
ground in signal processing, as follows. The energy and the 4" power of the signal can show the sigr
nal’s tendency to stay either above or below the baseline, closely related to the signa’ s integral. The
nonlinear energy, known as the Teager energy in [19], includes amplitude and instantaneous fre
quency information, along with the energy component. Shannon entropy is a measure of the random-
ness of the amplitude values of the signal [20]. The higher the entropy, the more disordered and closer
the signal is to random Brownian motion. Frequency domain based features can revea other impor-
tant characteristics of the signal [21]. The peak frequency and peak power identify at what frequency
the signa oscillates with the most power and the magnitude of this power peak, respectively. The
mean and median frequency features reveal the frequency value in the power spectrum where the
mean and median frequencies appear, respectively. Spectral entropy is a measure of the regularity of
the power spectrum of the signal [19]. This feature can give an indication of the overall frequency dis
tribution, while the above frequency characteristics do not. Both Katz fractal dimension and the Hurst



parameter are measurements of the long-range dependence of the signal. These measurements can
identify if a signa is becoming nonstationary, increasing in complexity, or changing its space filling
properties. Most importantly, they show the signal’s self-similarity. This property can be very useful
when looking for repetitions that may not be obvious to a human observer. The feature curve length
tends to correlate with the above features closely, aso showing the space filling property without as
much sensitivity to the self-similarity measure[19].

Given the inherent variability in ECG signas among patients, each of these features offers infor-
mation that can be used to distinguish between patient classes. We believe that, collectively, these fea
tures can help distinguish the two classes. The extraction of feature values from the ECG signds re
duces the dimensionality of the problem to a computationally tractable level. In this process, signa
information is encoded so that it can be used for classification or prediction.

Energy =3 X’ PeakPower = max(PSD)
PeakFrequency = index(max(PD))
MeanFregquency = index(mean( PSD))
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Figure 4. Equations of the featuresin F, calculated on the ECG signals.

After extraction, feature values are discretized into binary form based on their value being above
or below a certain threshold. This threshold was set using a Receiver Operating Characteristic (ROC)
curve, where afesture value is predictive of the variable of interest, in this case, age.
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Figure 5. ROC curve (left) created to determine the classification threshold set as the maximum of the
product of the sensitivity and specificity plot (right). The diamonds represent patients from the elderly age
group, while the circles represent those in the young age group. The vertical line represents the determined

feature value threshold for the shown feature, peak frequency.

A location on the feature value continuum dightly greater than the maximum of the product of the
sengitivity and the specificity is used as the threshold. This threshold determination is depicted in Fig-
ure 5, showing the ROC on the left and the product of sensitivity and specificity on the right. Dia
monds represent elderly patients and circles represent young patients, while the vertica line shows the
chasen threshold for binary discretization. This threshold is different for each of the 12 features, based
on the best separation for that feature's values. This technique culminates in class and feature infor-



mation needed to train a classifier, for instance, allowing for the computation of conditional probabil-
ity tables needed to build a Bayesian Network classifier, as explained in the following sections.

3. Bayesian Network Structure Discovery

A conditional probability is the likelihood of some conclusion, C, given some evidence/observation,
E, where a dependence relationship exists between C and E. This probability is denoted
& P(C | E)where

_P(E[C)®(C)
P(E) @
Bayes' theorem is the method of finding the converse probability of the conditional,

P(CI B ¥(E) _ P(C,E)
P(C) P(C) e

This conditional relationship alows an investigator to gain probability information about either C
or E with the known outcome of the other. Now consider acomplex problem with nbinary variables,
where the relationships among them are not clear for predicting a single class output variable (e.g.,
node 1 in Figure 6). If al variables were related using a single joint distribution, the equivalent of all
nodes being first level parents, the number of possible combinations of variables would be equa to
(2"-1). For each combination, a sufficient number of samples must occu to obtain a redistic likeli-
hood egtimate. This results in the need for a very large amount of data [22, 23]. If dependence rela
tionships between these variables could be determined resulting in independent variables being re
moved, fewer nodes would be adjacent to the node of interest. This parent-node removal leads to a
significant reduction in the number of variable combinations, thereby reducing the amount of needed
data. Furthermore, variables that are directly conditional, not to the node of interest but to the parents
of the node of interest (as nodes 4 and 5 are with respect to node 1 in Figure 6), can be related, which
alows for a more robust system when dealing with missing data points. This property of requiring
less information based on preexisting understanding of the system'’s variable dependencies is a major
benefit of Bayesian Networks [23]. Some further theoretical underpinnings of the Bayesian approach
for clasdfication have been addressed in [24] and [25].

P(CIE)

P(E|C) =

[ Node 4 ] [ Node 5 ] <«——— 2" evel Parents

Node 2 Node 3 <— 1StLevel Parents

¥<— Node of Interest

Figure 6. Basic Bayesian Network Structure and Terminology

A Bayesian Network (BN) is arelatively new tool that identifies probabilistic correlations in order
to make predictions or assessments of class membership. The first BN’'s were created with expert
knowledge and usualy dealt with fairly well understood principles and variable relationships. Cur-
rently, many complex problems exist where a researcher may have ample data for the variables of in-
terest, but does not know the rel ationships between those variables in order to create the network. As
mentioned previoudly, as the number of parents grows, the amount of data required to derive a condi-
tiond probability table of the BN grows exponentially. Therefore, the number of possible parents is
limited by the size of the data set available. Besides the data requirement, the network must be built in



a computationaly viable way, while still producing accurate condiional variable dependencies [22,
23, 26].

For this study, two methods of network discovery were developed and compared: the first using a
greedy hill-climb search and the second method based on evolutionary computing using a genetic d-
gorithm. Performanceof both methods was measured and compared to the classification accuracy do-
tained by a naive Bayesian classifier.

3.1. Naive Bayesian Classifier

Given an evidence set E = {EE, ..., E}, the joint probability in the numerator of Equation. (2),
P(C,E), can be expanded using the definition of conditional probability to

P(C,E,.....E,)
= PC)*(E,... E, |C) &)
= P(C)*(E,| C)P(E,....E, |C E,)
= P(C)*P(E,| C)XP(E,| C.E)P(E;...E,|C E E)
= P(C) ¥(E,| O)XP(E;| C,E)¥P(E,| C,E E,)P(E, ..E, |C E, E,.E,)

and continuing. This expansion requires the use of significant amounts of data to determine the many
probabilities. In order to reduce the number of required data samples, an assumption of independence
can be made for the components of E, letting the joint probability take the form of

P(C,E,,...E))
= P(C)P(E, |C) (] O/ E| O -, @

=PCOIO PEIC)

The use of this independence assumption is at the basis of the “naive’ Bayesian classifier. A nd-
work is created with only one node representing the class of interest and all other nodes as its 1™ level
parents. The joint probability of the node of interest is then computed as in Equation. (4).

While the independence assumption may seem as a simplifying one and would therefore lead to
less accurate classification, this has not been true in many applications. For instance, severa datasets
are classified in [27] using the naive Bayesian classifier, decision tree induction, instance-based learn
ing, and rule induction. These methods are compared showing the naive classifier as the overall best
method.

To use a Bayesian Network as a classifier, first, one must assume that data correlation is equiv aent
to dtatistical dependence. Though thisis not true from a pure mathematical standpoint, for purposes of
medica diagnosis when no dependencies can be determined with a high degree of certainty, correla
tion ketween the two variables is assumed to give similar information. We also must assume that the
data gathered accurately portrays the system, and with small datasets, this can be a difficult idea to ac-
cept or cross validate.

3.2. K2 Algorithm

Researchers have proposed various techniques for BN structure discovery without the above inde
pendence assumption, the most notable being Cooper and Herskovits, who developed the K2 algo-
rithm, a greedy-hill climb algorithm [23]. This method starts with a graph and repetitively adds
nodes/edges to maximize the following model-selection crit erion,

L & G(é kaijk) LY G(aijk +S|jk)
K2crit = ,
criterion 9 G(é_kaijﬁé_ksﬁjk)g G(aﬂk) ©)




where

- 1,], and k are the indexes of the child node, of the parents of the child node, and of the possible vd-
ues of the child node, respectively,

- gisthe number of different instantiations of parent nodes,

- 1, isthe number of vaues that the child node can assume,

. sisthe number of times that the child node has the vaue of the k™ index value of the node, and

- aisthe number of timesthat the parents and the child correlate positively in discrete cases.

This selection criterion is basically a measure of how well the given graph correlates to the data.
This method requires a complete dataset without any missing data points and a hierarchical causal or-
dering of nodes. This means that the nodes are listed so that any node preceding a given node can be
its parent, while those following it cannot [22, 23, 26].

Asagreedy-hill climb agorithm, the K2 algorithm suffers from a mgjor limitation: it can terminate
the search after encountering the first local maximum without finding the overall global maximum.
Severa methods for random restarts, such as simulated annealing and best-first search, have been
proposed to eliminate this problem. Nonetheless, these methods are more computationally expensive,
but in many cases, can gill improve the network’s accuracy when dealing with large data sets [22].

3.3. GA for Network Structure Discovery

A Genetic agorithm (GA) is another tool that can be used to discover the Bayesian network structure.
The generd GA-evolved BN algorithm framework is shown in Figure 7. The agorithm can be &
signed to begin with an initial BN structure population and then assesses fitness of these structures. It-
eratively, random crossovers and mutations of networks within apopulation are tested, and the most
fit of the population is kept for future generations. As generations pass, the population evolves leaving
the fitter structures, while those performing poorly are discarded. This method is quite useful due to
the inherent randomness that aleviates the local maximum problem as seen in the K2 agorithm. An
improvement is aso gained since the structure of the resulting network is dynamic without regard to
individua node-to-node fitness measures that have not been proven to be optimum or accurate [26].
These method characteristics alow intelligent model construction without requiring an &haustive
search of dl possible structure combinations of nodes.

Initial BN ﬁBina 'Data‘x
 Structure Population | | y
Genetic Algorithm
— v \ 4
Elitism BN Structures | Evaluate BN . Winning BN
Crossover "|  Fitness "~ Structure
Mutation > :
+ f BN Fitness
BN Structures

Figure 7. Block Diagram of Genetic Algorithm Structure Discovery of Bayesian Neworks.



4. Method

We developed atotal of four Bayesian classifiers: two using the naive Bayesian approach, assuming
conditiona independence of all features, and two classifiers where the conditional dependencies ke
tween features are to be determined using structure discovery methods. The first of the two naive
Bayesian classifiers was built using all twelve features for classification and the second using a subset
of the features. The first of the two methods for network structure discovery is based on the K2 algo-
rithm (described in section 3.2), and the second is based on evolutionary computation wsing a genetic
algorithm.

Typically, the set of nodes presented in section 3.2 is causally ordered, before the agorithm begins
structure discovery. The main benefit of this order is reducing the search space of possible nodeto-
node connections. With a set comprising only 12 nodes, this would produce relatively little computa
tional benefits. Also, with this data set, where features do not have a truly casual relationship, any or-
dering would not be beneficia, and might even hinder the network discovery by ruling out possible
solutions. The network discovery methods begin with the full set of nodes with no edges between
them. When a greedy agorithm is used, the utility of adding an edge between any two nodes is &
sessed and the edge with the maximum scoring utility is chosen and added. In the work reported
herein, the score for adding nodes to the network was cal culated using the Cooper- Herskovits scaing
criterion given in Equation (5) [22, 23, 26]. The second BN structure discovery method implemented
uses a GA. The variables coded in the GA as well as their ranges are as follows:

- p- The number of parents that the node of interest has [between 2 and 7].

- pp - The number of parents that each of the p parents has [between 0 and 2].

- f - The feature that corresponds to each of the p and pp nodes (one of the 12 features listed in Fig-
ure 4).

< 14 Possible

Nodes
® 00
<« 7 Possible
Nodes
P pp S

|1_|| 7 I 14

chromosome of length 29

Figure 8. The chromosome of the GA is composed of the integer number of parents
and the feature that each node cantains.

This chromosome information, depicted in Figure 8, was encoded with integer coding with p being
the first in the chromosome. Then, pp requires seven integers to code, allowing for each of the 7 pos
sible parent nodes to have a different number of parents itself. For instance, one node can have 2 par-
ents while another node can have none. This allows for greater variability in the possible structures
being evaluated. The individual feature, f, that corresponds to each of the individual nodes also a-
counts for all twenty one possible node connections; seven from the parents of the node of interest and
up to two parents of each of these seven parents. These encoded values add significantly to the size
and complexity of the chromosome and dlightly degrades the usgulness of the genetic algorithm
crossovers and mutations due to some of the aleles being unused for a given structure. But, as seenin
nature, many genes of an organism stay inactive through their lifetime and ar e passed down to future



generations for later mutations or crossovers to activate, so this is seen as safeguarding diversity and
consistent gene transmission, not a complexity drawback.

The GA was run for 100 generations. In each generation, the best individua is kept, and the follow-
ing crossover and mutation operations are applied: 2 arithmetic crossovers, 2 heuristic crossovers, 2
simple crossovers, 4 boundary mutations, 6 non-uniform chromosome mutations, 4 non-uniform ru-
cleotide mutations, and 4 uniform nucleotide mutations. Please see [28] for detailed information about
these GA erators.

Two examples of the resulting networks are shown in Figure 9. The left one contains 6 parents of
the node of interest with several 2, 1, and 0 secondary parents. The network on the right side has only
2 primary parents of the node of interest each having 2 and O parents respectively. This results in a
very small, compact network. Due to the fact that no features are removed from the pool of possible
parents once they are selected, they can be parents of other nodes or even picked multiple times asthe
parent of the same node. For instance, in the left plot of Figure 9, Spectral Entropy has 3 parents due
to the fact that it was selected as a primary parent of the node of interest twice, allowing it to have up
to 4 parents. With these options, the BN can then assume a wide range of structures, given that only
twelve possible features exit.

-
Katz Fractal Mean Curve 4th Power Peak Hurst Shannon
Dimension Frequency Length Frequency Parameter L Entropy

SPectral Peak Power Shannon & /
Entropy Amplitude Entropy

[ Nonlinear [ 4th Power ]
Energy )
Hurst
l Parameter

Figure 9. Potential networks proposed by the genetic al gorithm.

Age

To assess the accuracy of the network with such a small sample size, aleave one-out approach was
used. This validation met hod entails training the node probabilities on all but one of the patients, and
testing on the remaining patient. Thistype of k-fold cross vaidation is done once for each of the pa
tients yielding an average representation of the quality of the network building method. In order to
make full use of the conditional relationship between the layers of the network, any value in the test-
ing set had a 10% chance of exclusion. This was repeated 50 times for every trained network, allow-
ing for afairly diverse set of testing for each network built.

The metric used to determine the fitness of the network structures is the area under the curve
(AUC) of the ROC curve. This assessment is performed on the class probabilities output by the age
node that the network is trying to predict; giving a numeric AUC value that represents how well the
network distinguishes between (classifies) the two groups.

ROC Curve - AUC=0.8475 ROC Curve - AUC=0.8175
. 1
1 T T T T T
09fF 1 0.9
osh 1 0.8
0.7F 4 0.7
o 1 20.6
E 0.6 é
g 05 % 0.5
& o4f ] " 0.4
0.3 1 0.3
0.2 1 0.2
oif 1 0.1
0 L L r L 0 N R . .
0 0.2 04 0.6 0.8 1 0 0.2 04 0.6 0.8 1
1-Specificity 1-Specificity

Figure 10. Receiver Operating Characteristic curves for the naive Bayesian Classifiers.
The left oneis based on using all twelve features while the right uses the three ¥ level
parents discovered by the GA-ewvolved Bayesian Network.
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Figure 11.Bayesian network built from modifiedK 2 algorithm with an AUC of 65%.
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Figure 12. Two cases (left and right) of classification of old and young patients using the network devel-

oped by the modified K2 algorithm.
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5. Results

The naive Bayesian network with al twelve features included has an AUC of 84.75%, while a class-
fier that uses only the 1™ level parents found by the GA method, arrives at an AUC of 81.75%, wsing
the leave-one-out method. The ROC of these classifiersis shown in Figure 10. The network built us-
ing a greedy method similar to the K2 algorithm, performed poorly. The resulting netwark structure is
shown in Figure 11, with an overal AUC of 65%. This separation between the two classes is not ade
quate for medical applicdions.

ROC plots for individua tests of the greedily built network are shown in Figure 12. The left plot
shows a case with fairly good separation while, testing the same network with different missing data
points, the right plot shows a case that is hardly above random guessing. This is a measure of how ro-

bust the network is to various missing data points: the greater the variance in AUC given a constant
graph, the less robust the corresponding network.

The GA-evolved BN had much better results, having an AUC of 86.1% after 100 generations,

ROC Curve - AUC=0.862E
Ener Peak Power 4th Power Median Nonlinear R
9y Amplitude Frequency Energy ol
A 4 24
=
Curve Katz Fractal Mean G o
Length Dimension Frequency é o
Y
Age T
1-Specificitv

Figure 13. Genetic agorithm evolved BN structure using a subset of 8 of the 12 features and the
ROC curve of the age classification result.
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which is considered a good separation. Figure 13 contains the resulting network as well as the ROC
curve for the resulting classification. Figure 14 shows the fitness values of the best network of every
generation approaching 86% AUC asymptotically, while the average individua network only reaches
approximately 73% AUC. The network fitness of the GA-evolved classifier converges asymptotically
to the best individual very quickly, within the first 12 generations, while still showing good mixing in
the average fitness measure trace. Moreover, the resulting network is aso much more robust, with
most networks overall testing sets having between 83% and 85% AUC.
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Figure 14. Fitness measure of both the best individual BN (upper trace) and the

average population fitness (lower trace).

6. Discussion

The naive Bayesian classifier, though having a respectable AUC and being very easy to implement, is
till a high priority research topic to discern why it is a good classifier [20,21,23]. It may seem that a
more intelligent selection of input feature relationships would make more full use of the sample i
formation resulting in higher accuracy. Friedman et a. [29] did a comparison of the naive Bayesian
Classifier and Bayesian networks and found that the increased complexity of the Bayesian network
often offered no significant improvement and sometimes degraded the overall accuracy. Nevertheless,
the high level of classification accuracy obtained by the GA-evolved Bayesian classifier technique
confirms the merits of the proposed approach for using statistical features extracted from ECG signals
as predictors of age class membership. When comparing the two network discovery methods, the g
netic algorithm developed a structure that had an overall higher AUC. Also, the GA-evolved BN was
developed with a 10% chance that any node would be missing data, while the modified K2 had al the
data. Therefore, the GA not only looked for the best network, but also for the network that performed
the best under any type of missing data condition. We believe the overall success of the GA-evolved
BN is partidly due to the GA’s evolution, searching for the best overall combination of nodes. The
K2 greedy method did not take into account the overall best combination of nodes, but just the greedy
addition of single nodes, so that the best combination could not be discovered unless it happened to be
the same as the first encountered local maximum. The GA’s ability to combine multiple features' re-
sultsin an intrinsically better network, due to the greater scope of the search space covered, allowing
more focus to explore the effects of interaction among multiple festures that may in turn lead to better
classification. Thisgoal is also being pursued by other researchers [].

The resulting networks had similar composition of nodes. The GA-evolved BN contained the extra
node of mean frequency while removing both pesk frequency and spectral entropy, al being fre
quency measures that could have contained similar information. Both networks also included curve
length, Katz fractal dimension and mean or median frequency as a farent of the age node. This i+
stance resulted in a similar number of nodes for both the greedy and GA-evolved networks, 9 and 8,
respectively. However, the difference in the number of connections or edges between the two methods



is significant, 13 and 8 respectively. Fewer parents to the node of interest make the conditional prob-
ability tables more accurate and easier to build. For example, the greedily built network has age with
7 binary parents, resulting in 127 (2- 1) possible data combinations. Such a large number of combina
tions require large amounts of sample data to accurately assess probabilities for each of these out-
comes. The evolved network presents age with 3 parents, making a total of 7 possible data outcomes.
This reduction in data needed is very important if the network is to be used in practice and to save
both resources and time through lower data collection.

7. Conclusion and Directions for Future Work

This paper presents an age classification method using statistical features of ECG's anadlyzed by a
GA-evolved Bayesian classifier. The comparison of a greedy hill-climb and the genetic agorithm-
based method for network structure discovery shows a large increase in classification accuracy for the
latter, as measured by the area under the curve (AUC) of the Receiver Operating Characteristic (ROC)
curve. Moreover, the accuracy of the GA-evolved Bayesian classifier is greater that of a naive Bayes
ian one (86.1% vs. 81.75%), with the latter assuming that dependencies among the features do not ex-
ist. The GA-evolved Bayesian classifier has indeed identified these dependencies among statistical
featuresof ECG’s.

Interesting results have resulted from a relatively small group of features. For instance, curve
length, Katz fracta dimension, and the Hurst paameter are highly correlated features and therefore
offer little new information. Future improvements will incorporate more diverse features coming from
severd additional domains, e.g., wavelet, frequency, and nonlinear features. With more varied feature
inclusion, further improvements of classification accuracy may be accomplished. Further data say
mentation techniques could be used in future studies as well. For instance, by windowing the data to
individual QRS complexes or combinations of them, more relevant transition information might be
derived and subsequently used as additional input to the classifier.

A limitation of this study has been the method for binary discretization used after feature extrac-
tion. Currently, the same set of datais used in this threshold determination as for the test of the final
network. This data reuse is not chosen, but required due to a small data set. While this smal sample
set does not allow for expansion of the network into more than binary variables, a 3 level discretized
input variable set could aso dlow further probabilistic differentiation between classes. Overadl, alar-
ger sample set could alow further improvements aswell.

Further exploration of the encoding of the network structure could aso be performed. This would
enable more meaningful crossover changes to occur, alowing for better overall evolution, and deter-
mining the best network much more quickly and efficiently. Also, the fitness function should pendize
for overly complex networks that make sufficient data collection impossible.

The next step is to move this technology toward use on a medical problem with complex classifica
tion problems that would benefit from feature exploitation in a Bayesian Network.

The medical community has relied on limited variable combination methods for much too long, es-
pecialy while there are advanced methods of data mining and decision-making to be harnessed. The
BN is an excellent method for making decisions based on collected information and makes those deci-
sonsin avery similar way to that of a physician: by taking each individual piece of information and
assessing probabilities of how it affects the final diagnosis. The only difficulty with a BN is determin-
ing the structure that produces the highest possible classification and/or prediction accuracy. With a
genetic agorithm evolving the Bayesian classification network, it is not only systematic to implement,
but as it turned out, provides very good classification accuracy. Nevertheless, the accuracy of the re
ive Bayesian classifier (assuming conditional independence among features) exceeds that of the
evolved Bayesian case, warranting future investigation into the nature of the conditional dependence
of datistical features extracted from ECG signas. Performance comparison to evolved artificial neura
network (ANN) based classifiers[30] is also a promising direction for future work.
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