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Abstrace—In this paper, a rule-based rough-set decision system
for the development of a disease inference engine is described. For
this purpose, an offline-data-acquisition system of paper electro-
cardiogram (ECG) records is developed wsing image-processing
techniques. The ECG signals may be corrupted with six types of
noise. Therefore, at first, the extracted signals are fed for noise
removal. A QRS detector is also developed for the detection of R-R
interval of ECG waves., After the detection of this R-R interval,
the I' and T waves are detected based on a syntactic approach.
The isoelectric-level detection and base-line correction are also
implemented for accurate computation of different attributes of P,
QRS, and T waves. A knowledge base s developed from different
medical books and feedbacks of reputed cardiologists regarding
ECG interpretation and essential time-domain features of the
ECG signal. Finally, a rule-based rough-set decision system is
generated for the development of an inference engine for disease
identification from these time-domain features.

Index Terms—Decision system, electrocardiogram (ECG),
feature extraction, inference engine, knowledge base, rough set,
rule hased, time domain.

L. INTRODUCTION

N 1887, Waller recorded the first electrocardiogram (ECG)

by capillary electrometer. The method was improved by
the imroduction of the string galvanometer discovered by
Einthoven. The string galvanometer was replaced by electronic
amplifiers, and then a direct wnting recorder or paper plotter 15
introduced o get ECG strips.

ECGs are electrical views of the heart, recorded by plac-
ing electrmodes on the patient’s body. The ECG provides the
cardiologist with wseful information about the rhythm and
functioning of the heart. Beats extracted from ECG signals can
be categorized in a range of classes. Every ECG consists of
three distinet waves denoted by P, QRS and T (Fig. 1).

In recent years, considerable research has been done o assist
cardiologists with their task of diagnosing the ECG recordings.
The fields of research range from novelty detectors to fully au-
tomated ECG-diagnosing systems. A wide range of technigues
have been used for the purpose that include statistical pattern
recognition, expert systems, afificial neural networks (ANN),
wavelel transform, and fuzey and neuro-fuzey sysiems.
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Fig. 1. [different time-plane features that are extracted.

The morphological diagnosis of the ECG is a patlem-
recognition task [1]. The ECG interpretation is comprised of
two distinel and sequential phases: feature extraction and clas-
sification. A set of signal measurements containing information
for the characterization of the waveform are obtained by shape-
identification methods. These wavelfomm descriptors are used o
allocate the ECG o one or more diagnostic classes in the classi-
fication phase. These classifiers may be heuristic and use rules-
of-thumb or employ syntactic or fuzzy logic as reasoning wols.
The classifier may also be statistical with the use of complex
and even abstract-signal features as waveform descriptors and
different discriminate function models for class allocation.

An approach based on ECG ST-T segment analysis has
been proposed for intelligent ischemua-event detection [25].
ST-T trends are processed by means of a Bayesian forecasting
approach using the multistate Kalman filter. Hermite functions
and self-organizing maps are used for clustering ECG com-
plexes [24]. The automated-analysis technology of ECGs was
summarized for existing problems and with possible ways 1o
solve those troubles [27].

More recently, ANN techniques have also been used for
signal classification [6]. Leaming algorthms for two-phase
and three-phase radial-basis function (RBF) networks are pro-
posed for the categorization of high-resolution ECGs. The
ECG records are given as a time series and as a set of fea-
tures extracted from these tme senes [26]. Birgroup neural
network (NN classifiers are also used 1o examine independent
feature vectors of ECG recordings for each diagnostic class, and
the outputs from all classifiers are fused wgether o produce a
composite result [7].

A classifier has been developed based on wavelel trans-
forms for extracting the features, and then, using a RBENN
to classify the arthythmia [4]. Moreover, fuzey approaches are
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proposed for computerized-ECG diagnosis and classification
[3]. [5]. Fuzzy Adaptive-Resonance Theory MAP has also been
employed to classify cardiac arrhythmia [2]. A hybrid neuro-
furzy system was used for ECG classification of myocardial
infarction (M) [8].

For the past few years, rough-set theory and granular com-
putation have emerged as other sofi-computing tools, which in
various synergetic combinations with fuzzy logic, ANN and
genetic algorithms, provide a stronger framework to achieve
tractability, low-cost solution, robustness, and close mesem-
blance with humanlike decision making. To describe different
concepls or classes, crude domain knowledge in the form of
rules is extracted with the help of rough neural-synergistic
mtegration and encoded as network parameters. For this pur-
pose, an initial knowledge-base network is built for efficient
leaming. In case of granular computation, each operation is
done on granules (clump of similar objects or ponts), rather
than on the individual data points. As a result, the computation
tme 1% substantially reduced. As the methodology has matured,
several interesting applications of the theory have surfaced to
be applied also in medicine. Pawlak [12] used rough-set theory
in the Bayes' theorem and showed that it can be applied for
generating rule base o identify the presence or absence of a
disease. Discrete wavelet transform and rough-set theory have
been used for classification of arrhythmia [9].

The main contribution of this paper is the development of a
rule-based rough-set decision system o generate an inference
engine for ECG classification from different standard time-
plane features.

II. ROUGH SET—A TOOL FOR REPRESENTING AND
REASONING ABOUT IMPRECISE OR
UNCERTAIN INFORMATION

The theory of rough sets, introduced by Pawlak [10], [11] in
1982, has emerged as an important mathematical tool for man-
aging uncertainty that arises from inexact, noisy, or incomplete
information. It is methodologically significant to the domains
of artificial intelligence and cognitive sciences, especially in the
representation of reasoning with vague or imprecise knowledge,
data classification, rule generation, machine leaming, data
mining, and knowledge discovery. The theory has substantial
influence in many other areas of applications.

A brief description of the rough-set theory and ils use as a
classifier is given below.

A, Mathematical Basics of Rough-Set Theory

As described by Pawlak [18], the basic concepts of rough-
sel theory are information system and approximation of sets.
An information system is a data table, whose columns are
labeled by attributes, rows are labeled by objects of interest, and
entries of the table are attribute values. Formally, an information
system may be expressed as a pair § = ([], A}, where [ and
A are finite nonemply sets called the universe and the set of
attributes, respectively. Every attribute o € A s associated
with a set Va, of its values, called the domain of . Any subset
B oof A determines a binary relation I{B) on [V, which will
be called an indiscernibility relation. An information system
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may be distinguished as two disjoint classes of attributes, called
condition and decision attributes, respectively. Then, the system
will be called a decision table and will be denoted by 5 =
(00O, 0, where ¢ and D are disjoint sets of condition and
decision attnbutes, respectvely. Thus, the decision table deter-
mines decisions, which must be taken when some conditions
are satisfied. Let us suppose an information system S = (0] A4),
XCU, and & C A The task 15 to descnbe the set X in
terms of attbute values from 2. To this end, it defines two
operations assigning 1o every X C [ two sets of B, (X)) and
B X, called the B-lower and the B-upper approximation
of X, respectively, and are defined as follows:

B.(X)= |J{B(x): B(z) € X} (1)
xelf

B'(X)= | J{B(z): B(z) n X # &}. (2)
Fa

Hence, the B-lower approximation of a set is the union of all
I granules that are included in the set, whereas the B-upper
approximation of a set is the union of all B granules that have
a nonermply mtersection with the set.

The set BNg(X) = B*(X) — B, (X)) will be referred to as
the B-boundary region of X, If the boundary region of X is
the empty set, i.e., BN g( X) = @, then X is crisp (exact) with
respect to B In the opposite case, ie., if BNg(X) # @, X is
refemred to as rough (inexact) with respect to 3.

B. Rough Setas A Classifier

Rough-set theory is mainly used for getting the optimal
number of appropriate rules that are wsed for developing a
classifier. From every information system, a subset of minimal
attributes is generated, which is known as reduct. Different
algorithms are available o generate rules from this reduct.

Let us describe the decision rules more precisely. Each
decision rule of a decision table determines decisions in lerms
of conditions.

Let §=(U/,C. D) be a decision table. Every e U

determines a sequence o {z), ..., lz) dylz), ..., d,, (z),
where {ry, ..., 0.} = C (conditions), and {d;, ..., dy = D}
(decisions).

The sequence will be called a decision rule induced by =
(in 5) and denoted by e{z), .. enlz) — dy(z), o dglz)
or, in short, O —, D,

The term supp, (O, D) = |C'x) 1 D{x)| is called a support
of the decision mule ' —, D, and the number o (C, D) =
(supp, (C, D7) /10 will be referred to as the strength of
the decision rule ' —, D. Every decision mule ' —, D is
associaled with the centainty factor of the decision rule, which
is denoted as cer,. (', D) and defined as follows:

- _ClE)n D(z)|  supp,(C. D) o.(C,D)
cer=(C, D) = |z o e@)  w(Ca)
(3)
where
e _ (@)
“{f:l:__r.:l:l = l{T.
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The certainty factor may be interpreted as a conditional prob-
ability that i belongs to D x) given i belongs to C'{ 2, symbol-
ically defined as 7.(D|C). If cer,(C, D) =1 then, C' —, D
will be called a certain decision rule in 5. I 0 < cer, (C, D) <
L, the decision rule will be referred Lo as an uncertain decision
rule in 5. Besides, a coverage factor of the decision rule is also
used and denoted as cov, (€, D) and is defined as

ov. (0. D = €@ ND)| _ supp,(C, D) _ 0:(C, D)
cov, (C, D) = ID(z)] ~D(x) T #(D(z)
(4
where
p | Dz}
w(D(x)) = [—”

Similarly, cov, (C, D) = 7, (C| D). I C' —,. D is a decision
ruke then, 1 — . €7 will be called an inverse decision rule. The
mverse decision rules can be used o gve explanations (reasons)
for decisions. Decision rules are often represented in a form of
“if ... then . implications. Thus, any decision table can be
transformed in a setof “if ... then ... rules called a decision
algorithm. Using this decision algorthm, the optimal rule set
is generated, which are used for development of the rule-based
classifier.

C. Qualitative Comparison With Other Approaches

Rough-set theory addresses the problem where the objects
cannol always be assigned 1o a class crisply. Sometimes, the
classes overap, or it1s unclear w which class an object should
belong. In such a siwation, classifying objects 15 not a (-1
problem. This is true for data in the real world, especially in the
medical domain.

Rough-set theory is equipped to handle such inconsistent or
seemingly conflicting or vague examples of the data. Inconsis-
tencies may occur due o, e.g., transeriplion errors, subjective
determination of atribute values or outcomes, lack of informa-
tion, ete. The theory of rough sets can handle any finite number
of outcome categories and not just dicholomous oulcomes.

Omn the other hand, vsing rough sets 15 advantageous over
black box-type classification schemes such as NN, With the
rough-set approach, the generated rules are visible and avalable
for the user, making the extraction of more information from the
rules possible. Since the strength of a rule can also be caleu-
lated, this makes the rough set a valuable tool for classification.

A guiding philosophy of rough-set theory is to let the data
material speak for iself. As such, very few assumptions are
made about the data attnbutes. It needs only some notion of
inequality defined on the data domain. In particular, rough-set
theory does not make assumptions about statistical distnbutions
of the data, nor does it need extemal information such as, e.g.,
membership functions for fuzzy sets, weighted inputs for NN,
or density function in statistical classifications.

The output of a rough-set analysis is usually a collection
of if—then rules. An if-then rule is, arguably, as close o a
model m natural language as one might expect o oblain and
can be mead and mterpreted by personnel withoul expertise
in the actual model-induction echngue. Construction of the
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Fig. 2. Block diagram of the proposed system.

knowledge base 1s commonly perceived as a major bottleneck
in building rule-based expen systems. As rough sets can be
used to automatically induce if-then rules from empirical data,
this offers the possibility o automate, at least mm part, the
knowledge-acquisition stage for developing such systems.

All the aforementioned reasons make rough-set more suit-
able than the other existing tools in development and oplimiza-
tion of rule base and knowledge base or in task of classification
for the data in medical province.

The suitability of rough sets applied in the medical domain
has already been investgated by, g, Tsumoto [37], [38], who
discussed some characterstics of medical reasoning and argued
that rough-set representation of diagnostic models is a useful
approach for extracting medical knowledge from databases.
Tsaptsinos and Bell [39] also argue along similar lines.

Hence, we select a rough-set decision system Lo optimize the
rule base for ECG-data classification to test the utility of this
most recent and popular sofi-computing wol for getting a low-
cost, more robust, and humanhke decision.

II. MATERIALS AND METHOD

The block diagram of the developed system is given in Fig. 2.
The different steps for developing the system are described
below in sequential order

A. Data-Acguisition System Development

Digital-time databases from offline paper ECG records are
developed in this module [GUL based]. For this purpose, a
flatbed scanner (HP Scanjet 2300C) is wvsed to caplure the
image of each ECG signal recorded on a single-channel chart
recorder (voltage in millivolts versus time m seconds). These
TIF-formatted gray-tone scanned images are then converted
o two-tone binary images by binarization echnigue vsing a
histogram-analysis process. It is known that afier scanning, we
obtain gray-tone images having pixel-gray value in the range of
0255, To detect the black or neardy black pixels, a threshold 1s
chosen from the peak nearest to O-pixel level of the histogram.
All pixels above the threshold got a value (say (), and the rest,
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Fig. 3. (Upper) Original paper BCG necord image and (lower) ECG signal
after mmoval of background noise.

L., the black pixels, were assigned the value 1, resulting inoa
Lwo-lone or binary image.

Proper selection of the threshold mostly removes the
background noise, but some noise dots are sull present in
a few cases. Therefore, for extracting the region of interest
ii.e, the ECG signals), a connected component algorithm [13]
(8-neighbor connected) has been used. The resulting image 15
then ported to the next part of the automated system, whene
skeletonizaton or thinning of the ECG signal is performed.
Thinning of the input images is necessary Lo avoid repetition of
coomdinate information in the data set of the nomalized data-
base. For this purpose, a thinning algonthm [13] 15 wsed. The
method consists of successive passes of two basic steps applied
to the contour point of the given region. To keep the description
brief, the details of the algorithms are not given here. In the
nexl step, the raw database in ASCII format 1s generated. These
data are then sorted by wsing bubble-sort algorithm and ported
o the regeneration domain of the system. The captured pattern
is compared with the original waveform with the help of this
regeneration module of our system (Figs. 3 and 4. A time (in
seconds) versus amplitude (in millivolts) data file s oblained
for each of the 12-lead ECG signals after each processing.

The present database contains 100 normal and 10 diseased
subjects out of which, 55 patients have acute ML, and the other
45 patients have myocardial 1schemia.

In this paper, ECG records are collected mainly from the
Insttute of Post Graduate Medical Education and Research
(IPGMER), Calcutta. Some records are also collected from
Peerdess Hospital and some other ECG chinics of Caleutta, All
the reports are diagnosed by the doctors from their experdence
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Fig.4. HBECG signal after thinning.

and knowledge base. All subjects were in the age group of
40-66 years. Most of them were male.

B. Noise Removal From ECG Signals

ECG signals may be corrupted by different types of
noise [34]. Typical examples of the nose are 1) power-line
interference; 2) electrode-contact nowse; 3) mobon artifacts;
4y muscle contraction (electromyograph, EMG); 5) baseling
drift and ECG-amplitude modulation with respiration;  and
6) electrosurgical nose.

Our database contuned a few ECG data corrupted by power-
ling interference and baseline shift. All types of noises are
simulated vp to certain level and removed from the signal
by a software package Cool Edit Pro offered by Syntrillium
Software Corporation. This was done 1o get a realistic situation
for the algorithm and to get more accuracy i ume-domain
features detection. All types of noise levels are varied from 10%
to 30%, and the generated filters provided satisfactory response
in all cases (Fig. 5).

C. Knowledge-Base Development and Time-Domain
Features Extraction

A knowledge base reganding ECG interpretation has been
developed from the opinion of reputed cardiologists of different
hospitals and chinical centers. For this purpose, we selected 20
doctors and presented o them different sample guestions about
ECG interpretation. From their feedbacks and after consultation
of different medical books [21]-[23]. we have selected 12 tme-
plane features for disease identification, as listed below:

1} heart rate;

2) PR nterval;

3 P-wave height;

4) P-wave width;

5) QRS width;

6) QRS volage;

7y QTe = (QT interval /Sqrt B — R interval)
81 Abnommal 0 wave;

97 R-wave Progression;
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10y ST segment;
11y Reciprocity in T wawe;
12) T wave.

To extract the time-based features from ECG signals, accu-
rate detection of the R-R nterval between two consecutive ECG
waves 15 very important. For this purpose, the second-order
derivative of the captured signal is computed by using five-
point Lagrangian interpolation formulas for differentiation [14]
ziven as follows:

1 W
fo = T f2—8fa+8f —fa) + ().

(5)
Here, £ lies between the extreme values of the abscissas
involved in the formula. Afier squaring the values of the
second-order denvative, o square-derivative curve having only
high-positive peaks of small width at the QRS complex region
can be obtained (Fig. 6). A small window of length (say W) was
Laken o detect the area of this curve, and we oblained maximum
area at those peak regions. The local maxima of these peak
regions are considered as R-peak. For this paper, W is set as
~(1.07 5. The system was tested for both noise-free and noisy
signals. The levels of all types of noise were increased from 0%
to 30%, and still, we achieved 99.4% accuracy in the detection
of QRS complexes.

In order 1o accurately detect the P wave and 5T segments,
isoelectric line must be correctly identified. Most methods are
based upon the assumption that the isoelectric level of the signal
lies in the region ~80 ms lefl of the R-peak, where the first
derivative becomes equal.

In particular, ket ., yo,. ... ¥, be the samples of a beat,
UYis Yase oo g be their first differences and 3., which is the

Reproduced ECG signal
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sample where the R-peak oceurs. The isoelectric-level samples

yp, are then defined if either of the two following criteria is
satisfied:

¥yl =0 F=1,2...,00lfor
E?Ii--_,.-i..l f.osgyl = Ellr:-—.-—iul[!.l.!.lﬁ_,l']l' hj=12.... 0.02f
[For positive slope j < 1, for negative slope j = i i6)

where f is the sampling frequency. Afer the isoelectric level is
found, and after comparing the current beat with the previous
corrected one {;ﬁ:u:l, it is easy o align the current beat with the
previous one, using the declination of the line connecting the
isoelectic levels of the two beats. If we define

_|')
Yb — Yy

T

where ny, is the number of samples between the two baseline
points; the alignment procedure becomes

(7}

Me = Ve
Other baseline-correction wechniques rely on adaptive filtering
of the ECG beat and provide reliable results as well. However,
the QRS-wave shape is corrupted by the wse of such tech-
nigues [31].

Aflter detection of baseline, the location of the P wave is
determined from the first derivative of the samples.

The R wave can be detected very reliably, and for this reason,
it is used as the staning point for ST-segment processing and for
T-wave detection. In most algorithms dealing with ST-segment
processing, it is assumed that in normal sinus thythm, the 8T
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segment begins at 60 ms after the R peak. In case of tachycardia
(R-R interval < 600 ms), the beginning of the ST segment is
marked at 40 ms after the R peak. The 8T-segment duration has
beat-to-beat vanability, but since this 15 not easily detemmined,
many algorithms assume that ST has a predefined length of
160 ms (this means that the end pomt s 220 ms afler R peak
in the normal case and 200 ms, otherwise).

Other algorithms follow the Bazrel formula that links the
ST-segment duration with the R-R-interval duration. The afore-
mentoned ST-segment limits are more or less in general agree-
ment with the recommendation of the European S8T-T database
and with the observations in [15]=[17].

Our algorithm adopted the first assumption, and once getling
the beginning, it computes the slope of the ST segments and
also detects the zero crossings. Depending on the zemo crossings
and shape of each wave, a syntactic approach is developed for
detection of F, Q, R, 5, and T waves. The area of P, QRS, and
T waves are also computed. In getting the QRS complex, we
achieved 99 4% accuracy, for T waves, the accuracy was 96.7%,
and for P waves, the accuracy obtamed was 92.2%.,

The performance of the developed QRS detector is satis-
factory especially in noisy environment, and we obtamed a
99.4% accuracy on an average in detection of QRS, whereas
the ANN-based QRS detector gives 992%, and the bandpass
filtering method gives 97 8% accuracy [28]. The wavelet-based
QRS detector ( Dy WT) has minimum of 2.6% and maximum
of 15.4% error rate [29]. An approach based on mathemaltical
morphology detects QRS with a sensitivity of 9938% and
positive predictability of 99.48% [30]. Therefore, our method
compares favorably with the other methods. Moreover, our
method 1s also very simple o compute.

D, Development of Inference Engine

A mule-based rough-set decision system 15 generated o
develop an inference engine for disease identification from
the time-domain feature analysis of ECG signals. The most
popular and widely uwsed rough-set software wolbox is
ROSETTA [19], [20]; the URL for downloading this is hitp://
www.idininuno/-aleks/rosettamosetahiml.  This  software
supports different options of generating decision ables, reducts,
discretization lechniques, classification, and decision algo-

rithms. For this reason, we used this software for this paper.
Here, leaming samples are processed in the following way.
First, a knowledge base s acquired for the data set, and in this
particular case, they are the time-domain features that are listed
above. The knowledge base consists of objects, which are rep-
resented vsing conditional attnbutes and decision parameters.
All the time-domain features acquired their specific attributes
according o different conditional attributes and decision para-
meters of the knowledge base developed from doclors’ opinion
and different medical books. They are used as the input parame-
ters of the decision table, a portion of which is given in Table L

Consequently, the acquired data are quantized Lo convert real
attribute values into discretized form, thus allowing further rule
processing. Based on the diserete values, attnbutes are analyzed
in terms of discernibility investigation. Sets of attributes that
generate partition of object classes are then revealed. These seis
are called reducts.

The ROSETTA system supports a variety of quantization as
well as meduct and rule genemtion procedures. However, the
details of these lie beyond the scope of this paper. For this paper,
the following processing parameters were used.

1) Equal-frequency binning using three intervals is used for

discretization.

2) Object-related genetic algorithms producing a set of rules
via minmal-attnbute subsets that discem object classes,
reducts, and rules, are generated upon analysis of all
learning patlems.

These processing parmmeters were chosen during a prelim-

inary research aimed at optimizing the system efficiency and
generation ability.

IV, EXPERIMENTAL RESULTS

In this paper, a total of 23 rules (partly shown in Table 11) are
generated. Intuitively, a “strong™ rule 1s both accurate and has a
high coverage. The accuracy of a rle reflects how trustworthy
its consequence is. A portion of the generated rule set and the
confusion matnix, generated using standard voting classifiers,
are given below in Tables 11 and 1. We consider both lefi-hand
side (LHS) and right-hand side (RHS) coverage factors for
the selection of the optimum rule set. For example, rule 1 in
Table 11 gives the decision according 1o LHS coverage factor
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TABLE 11
PORTION OF GENERATED RULE SET
Rule LIIS RIIS RIIS LIIS RIIS
Supporl Supporl Accumey  Covermgee Coversre
1 Abn_ O} waves( ] == | Hacase[MI} 7 7 1.4 (.313953 141
o Hearl Rale!™) ANTI 8T _seamentTo) AN X il 1.4 244 | Ba 141
Raciprocite] Ak == Diacase(l 54
1 Abn O wavesiAR) AN S soemonts E) * n 14 244180 1.1
= DXigcaned 1HC)
4 81 _segments(l] == | Hucaro(M) RE) 3 1.4 044186 141
3 Reviprociie Py —= Thscase{hdT) ] 3 14 0267442 (R51852
5 PR inlervali™) AND ST aewements(E) AND 17 17 1.4 0197874 QEMS14
Roeviprocipeg A k) == Tharase(T57)
F wave Prog™) AND ST seamens(T) = 3 16 1.4 0186047 O.TR1905
7 Iacase(l 540
PR_interval(A) AND R_wave Prog Ay = 12 12 1.4 0139535 0.44444
& Thacase(MI}
% Heant Rate(Hy == [hscaacihdl) 10 I b 1.4 0116270 0357
10 TTeurd Ruowe(T) = DiscusedM) 14 14 1.4 162701 0368421

TABLE 111
CONFUSION-MATRIX OUTPUT FOR STANDARD ¥V OTING CLASSIFIER

Pradicted

P =i ety
Wherei= 113
Prig) =y, rytretes
Wherei=1103

1.0
1 38 1] 1.0
1] a 21 1.0

1.0 1.0 0 1.0+ Sensitvily
Class M
Area 1
R Std. error ©
Thr. {0, 110.628
Thr. acc. 0.628
TABLE IV

RESULT OBTAINED FROM RULE-BASED ROUGH-SET DECIS1ON SYSTEM

Tyme ol Mo al” e ol Avcuraey [or Aceuracy lor
Samplas Treained L.atrained Trained L ntrained
Samples Samples Samplss Samples
Marmoal EES 602 T (3ESIH) 100
R
[schemin 2l 24 L% (217521 O3 3%
{2329}
®T 27 I8 |G 27727y 100%
{2B/28)

that only 31.4% of the patients having ECG, where an abnormal
Q) wave is present (P), are suffering from the disease ML, From
the inverse decision rle, considering RHS coverage factor,
it can be concluded that 100% of the patients suffering from
MI have ECG records, where an abnommal ) wave s present.
The inverse decision rule provides a stronger explanation
of the generated decision, which 15 mentioned at the end of
Secuon 11, where the theoretical background of the rough set
as classifier is given. Obviously, rule 4, having the highest LHS
and RHS coverage factor, will be the strongest. The first seven
rules, having high accuracy and coverage factor (both LHS and
RHS), are taken for the generation of the rule-based classifier
of the disease. Both trained and untrained samples for all the
three sets of data (e.g., nommal, Ischemia, and M1) are fed to the
inference system, and the result obtained is given in Table 1V,
The traming samples have been selected randomly, and the mest
are considered as test samples. The numbers @iven in brackets
in Table IV represent the number of properdy classified samples

versus all tested samples. The confusion matnix predicts the
percent accuracy for all the three sets of training data. Table 1V
supports this prediction. Still, the present system is tested by
three types of ECG data samples, and encouraging results are
obtained. In the fuwre, the system will be tested on a large
number of samples and on other types of discases.

In recent years, the other published approaches proposed for
ECG classification are mainly based on NN and fuzzy logic.
The simulation comparison of classification results between
the proposed method and such other methods [15], [31]. [32].
[35], [36] is given in Table V. We use the performance index
as the detection or classification sensitivity, which is defined as
the ratio of the number of tuly detected test samples and the
total number of test samples.

V. CONCLUSION

The suitability of rough-set theory in BECG analysis has
been tested in this paper. To do so, an automated offline-data-
acquisition package is developed o extract the ECG signals
from paper records. The creation of this offline-data-acquisition
package is essential because our final goal is 1o develop a digital
ECG database for subjects of different ages and food habits, for
rural and urban people, and for nomal and diseased subjects
in the Indian context. In rural arcas, most of the doctors wse
conventional ECG machines with a paper plotter. Therefore,
the easwest way o create digital tme databases 15 1o use an
appropriate offline-data-acquisition package.

Six different types of noise may corrupt these extracted ECG
signals. We use Cool Edit Pro software for simulating different
noises and, then, generating the appropriate filters o remove
them. A knowledge base aboul the time-domain features and
ECG interpretation is developed from varous medical books
and from the feedbacks of some reputed cardiologists. These
features are extracted from each of the 12-lead ECG signals
with the help of syntactic approaches. A rule-based mugh-set
decision system is developed from these time-domain features
to make an inference engine for disecase identification. Cur-
rently, the system is tested with three types of ECG data, namely
normal, Myocardial Ischemia, and Myocardial Infarction. An
accuracy of 100% is obtained for both the trained and untrained
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TABLE V

SIMULATION COMPARISON BETWEEN THE PROPOSED METHOD AND THE OTHER METHODS

Algarithm ECAz Data 'lype Classification / | ctoction
Sensirivity
Propased Mol TiH1 G
Adeoriclum Techemia PR
Mdl 1L
ILE. Acharva ot al Mnrmal RO [ by N[ 4S50 [ e forey]
13Z] Tschunwia F Thlaled
cardinmyopathy WR ARy W] | 90 [y fusey]
I, Maglaveras et lechemia Episade 23.0%
ul [13]
F. Jazer eral |35) lszhemia BEpisode B3E%
A laddsi eral Ischemia Bpisode 0%
[25)

dataset for nommal and ML whereas for Ischemia, 100% and
95 8% accuracy is obtained for the tained dataset and for the
untrained sample, respectively.

The simulation comparison between the proposed method
and a few other methods, where mainly NN and fueey sets
are used, 15 also reported here. This paper 1s unigue basically
for two reasons. First, the rough set is wsed o optimize rules
for cardiac-disease identification, by which the complexity of
NN can be avoided. Second, the ime-domain features used by
the doctors are selected for input parameters of the classifier
to incorporate more humanlike decision-making, whereas in
other works, only a few of these features [26], or different
characterstic points of the ECG [33], are used as deterministic
paramelers.

Heart disease is one of the most common causes of death all
over the world. Different statistical surveys indicate that heart
disease, especially ischemic heart disease (IHD), has become a
major health burden also in India, where these surveys show a
steady increase of ITHD throughout this country.

Therefore, advanced research is needed as a preventive mea-
sure against this silent killer. Al the primary stage of developing
this inference engine, we selected three major classes of ECG
data (normal, Ischemia and ML) for this paper. In the future, the
system will be tested with a large number, and also other Lypes,
of diseases that are faidy common in India.
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