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ABSTRACT

Abstract

A system developed for arrhythmia analysis of Holter ECGs emplioys a
syntactic pattern recognition approach. This system consists of two
independent stages: 1) primitive extraction- digitized ECG data is reduced to a
sequence of predefined subpattern shapes or “primitives”, and 2) syntactical
analysis- the primitive sequence is analyzed in accordance with syntactic

principles to detect and classify arrhythmic beats.

Further evaluation of this system using data with commonly encountered
clinical artifact {muscle noise, baseline variation) resulted in numerous
detection and classification errors. Considering each stage separately, the
performance deficiencies were identified as errors in the primitive extraction
stage. In particular, the extraction algorithm did not accurately detect QRS
complexes or accurately determine the onset and offset of those which were

detected.

This research proposes improvements in the primitive extraction stage.
Specifically, the primitive shape set was modified to more accurately
represent the structure of the ECG waveform components, especially the QRS
complex. in addition, a new primitive extraction algorithm was developed
which segments the ECG waveform on the basis of frequency content. This
technique allows the QRS complex to be accurately and consistently delineated
with respect to onset and offset despite clinical levels of artifact. Subsequent
extraction of "V'"-shaped primitives then provides a detailed structural
representation of the QRS complex which is easily recognizable as a primitive

sequence.
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Chapter 1
INTRODUCTION

1.1. Holter Monitoring

In the normal heart, the sinus node generates an electrical impulse that is
conducted over the right atrium to the A-V node; from here a specialized
conduction network transmits the electrical excitation over the interior of the
ventricles. Any abnormality involving the origin of the electrical impulse can

cause an abnormal rhythm or arrhythmia.

Arrhythmias are grouped into several different categories, depending upon
the cause and location of the disturbance. The two major subdivisions are
ventricular and supra-ventricular arrhythmias. In general, ventricular arrhythmias
are considered to be much more Ilife-threatening than supra-ventricular

arrhythmias [13].

The electrocardiogram or ECG, a record of electrical potentials generated
by the heart, is commonly used for diagnosing cardiac arrhythmias and other
cardiac disorders. The standard resting ECG is obtained by connecting a
number of electrodes to well-defined locations on the body, and then
recording a few seconds from each of 12 electrode combinations. A physician
or cardiologist then examines a report consisting of these 12 strips and an

additional rhythm strip of 8 seconds duration to make a diagnosis.

The standard ECG can aid detection of most persistent cardiac disorders
and arrhythmias. However, if an arrhythmia is intermittent or occurs only
under certain conditions, there is little chance that the probiem will be
discovered by a routine ECG. These paroxysmal episodes of cardiac
arrhythmia are often very serious and in some cases potentially life-
threatening. Some method for diagnosis and management of this condition
was required [20].
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The standard ECG is inadequate for monitoring treatment of arrhythmic
conditions. Evaluation of drug therapy requires a long-term record of the
number and type of arrhythmias. The solution is long-term ambulatory ECG

monitoring [13].

Ambulatory or Holter ECG monitoring, named after Norman J. Holter,
D.Sc., the first to implement the technique (in 1949}, is an extended recording
of cardiographic activity (usually 24 hours) as the patient goes about his
normal daily routine. The most common method uses a miniature tape
recorder to record 2 channels of analog data from electrodes attached to the
patient’s chest. The continuous record of approximately 100,000 cardiac cycles
thus obtained is played back on a scanner monitored by a technician to

determine the number and type of each arrhythmia occurring [13].

Scanning devices enable playback of Holter tapes at speeds of 60 to 120
times the recording speed. These analog devices also provide some capability
to detect and count both premature ventricular and supra-ventricular beats with
limited accuracy. The technician must determine the accuracy of the counts
and document various arrhythmia types with stripchart records showing
abnormality. The technician then uses this information to generate a report
for a cardiologist to interpret. Manual scanning of Holter records is visually
fatiguing and boring. Attention wanders increasing the inaccuracy of the
method. At best, the scanning process provides only a rough estimate of the

number and types of arrhythmias present.

1.2. Computer Analysis

Although the information from conventional scanning is adequate for
usual clinical needs, more demanding research studies require significantly
more quantitative information. The length of Holter ECG records (24-48 hours
of ECG data) has provided incentive for the utilization of digital computers to
increase the speed and accuracy of analysis. Computer techniques under
development for automated rhythm monitoring in Coronary Care units were
adapted for high-speed analysis of ambulatory ECGs in the early 1970's [23].
These attempts spurred much research involving computer analysis systems.
Many researchers have since reported analysis systems using pattern
recognition techniques to detect and classify cardiac arrhythmias
(61,010]1,[16],[23].
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initially, automated analysis systems wused algorithms based on
techniques employed by cardiologists to analyze time-domain representations
of the ECG. The two most popular techniques used a computer either to
evaluate features extracted from the time-domain signal or to compare that
signal with a set of stored patterns or templates in order to group beats of
similar morphologies. These two techniques, feature extraction and cross-
correlation, are essentially "classical” techniques since the concepts involved
in each have long been used in pattern recognition and communication theory.
Later analysis efforts have utilized a frequency-domain representation of the
ECG as the basis for feature extraction, but this method introduces additional
problems that are difficult to solve [16]1,[23].

There are a variety of computerized Holter analysis systems under
development. Two commercially available systems detect ventricular
premature beats and require extensive operator interaction to maintain accurate
results [10]. Their design prohibits modification for classification of other

types of arrhythmias.

1.3. Syntactic Approach

Research by Oillapally [17] at Allegheny General Hospital, Pittsb'uurgh, PA
used syntactic pattern recognition techniques to detect arrhythmias in Holter
monitor data. The syntactic approach possesses pattern handling capacity
lacked by other methods [12]. This method utilizes information derived from
both the shape and rhythm of the ECG waveform by preserving individual
waveshapes within the context of occurrence. The basic strategy is to first
reduce the input ECG cycle data to a string of elemental waveshapes or
“primitives”. Secondly, the syntax of the primitive string is analyzed to

determine if the ECG cycle corresponds to a normal or arrhythmic beat.

The goal of this syntactic analysis research was to implement a system
which could perform a complete Holter ECG analysis with no operator
intervention. Practicality limits the recognition capacity of an initial system to
a smail subset of arrhythmias; the design should permit the easy addition of
new arrhythmia classes without necessitating a complete redesign of the

system.

Ollapally concluded [17] that a method based on syntactic pattern
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recognition would best satisfy the project goals. A syntactic approach
provides a modular system which allows efficient upgrading of performance in
independent steps. This modularity results from the two inherent analysis
stages involved; the first requires derivation of a symbolic representation for
each ECG cycle in terms of “primitive” shapes, and the second requires
subsequent analysis of the symbolic representation using syntactic principles.
Thus if the primitive extraction stage is adequately designed, the classification
stage can be independently designed and upgraded to accommodate additional

arrhythmia classes.

1.3.1. System Implementation

Ollapally implemented a syntactic arrhythmia analysis system in an
attempt to satisfy the specified goals [17]. One channel of analog Holter
ECG data was low-pass filtered (to avoid aliasing) with a two-pole analog
filter having a 3 dB cut-off frequency of 50 HZ, then digitized at the rate of
125 samples per second and stored in a disk file by a DEC 11/60
minicomputer. Subsequent processing of the digitized data was done by the
minicomputer using three separate FORTRAN programs called the Primitive

Extractor, the Arrhythmia Detector, and the Arrhythmia Classifier.

1.3.1.1. Primitive Extractor

Syntactic pattern recognition requires that each beat first be represented
as a string of primitives, predefined symbols that represent the important
structural features present in the ECG. The primitive extraction stage was
designed to use primitives representative of actual waveform shapes. For
arrhythmia analysis, important diagnostic information is also contained in
waveform timing. As each primitive was selected, it was characterized further
with a second variable, primitive duration. By this strategy, both timing

information and structural information were retained.

Ollapally selected a set of 12 primitive symbols to represent various
basic waveform shapes and subdivisions of these shapes. Tablie 3-1 on page
14 illustrates these 12 symbols and the corresponding waveform shapes they
are intended to represent. Size (small, medium, large) refers to the amplitude
of the primitive. These amplitudes were quantized and the quantization

thresholds set adaptively. Thus if the amplitude of the ECG complex were to
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slowly increase or decrease in size with time, thresholds would be modified

appropriately.

The primitive extraction algorithm computed the current average ECG
amplitude and examined points ahead for significant deviations. On detection
of a deviation, the algorithm measured instantaneous peaks, slopes and
magnitudes of the ECG, assigning primitives on the basis of these
measurements. Primitive duration was set equal to the span of the

corresponding ECG element.

Figure 1-1 shows a typical segment of Holter ECG data and the
corresponding graphical primitive representation below it. Each primitive is
represented by a shape having proportional amplitude and duration, with the
QRS primitive depicted as a rectangular pulse having the same width as the

detected QRS complex.

1.3.1.2. Arrhythmia Detection

The sequence of primitive symbols produced by the primitive extraction
stage provides the input for the arrhythmia detection stage. The syntax of the
each cycle representation is evaluated to determine if it is a grammatically
correct representation for a normal cycle. |If not, then the cycle is classified

as abnormal and passed to the final arrhythmia classification stage.

The algorithm used to detect the syntax of a primitive string was a
finite state automaton. This algorithm defines a structure consisting of one
node for each possible step in evaluating the primitive string, and alsc nodes
to indicate states corresponding to the starting state, and the final recognized
and un-recognized states. The transition from the starting state to the next
state, and then to the next state, and so on is contingent on the type of
primitive next encountered in the string representation, and also on the value

of the primitive attribute(s).

The automaton is capable of recognizing a finite number of possible
primitive sequences. Each new cycle representation is processed by the
automaton: if the the primitive sequence corresponds to a possible normal
sequence, the final state indicates recognition; otherwise, the final state

indicates that the cycle was arrhythmic [17].
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Figure 1-2 illustrates an automaton capable of recognizing the normal
ECG cycles of Figure 1-1. The automaton used by Ollapally actually consisted
of 10 individual sub-automaton, each capable of recognizing one specific
variation of a normal ECG cycle [17]. The automaton is initialized for each
new set of ECG data by grammatical inference [12] during a learning phase,
and then constantly updated over time to adapt to changes in the normal ECG

cycle.

1.3.1.3. Arrhythmia Classification

Ollapally used syntactic pattern recognition only to detect arrhythmic
beats; the subsequent classification stage uses a tree-like decision process. If
a cycle is not recognized by the automaton, then the primitive sequence is
passed to the arrhythmia classification stage. This stage then extracts several
characteristics from the primitive sequence and applies an expert-generated

knowledge base to determine the classification for the arrhythmic ECG cycle.

1.3.2. Initial Results

This syntactic arrhythmia analysis system, as implemented by Ollapally,
was capable of detecting and classifying premature ventricular contractions,
supraventricular contractions, and coupled beats. The system has undergone

initial clinical testing to evaluate performance.

In all, 16000 beats from 22 different subjects were manually analyzed
and then analyzed by Ollapally’'s system. Of these beats, 653 were premature
ventricular beats and 1227 were premature supraventricular beats. Some records
were exclusively premature ventricular beats, some exclusively premature
supraventricular beats, and some contained a mix. Of the 1880 arrhythmic
beats present in this low-noise, low-artifact data, 88% were correctly detected
and classified by this system [17].

Noise and artifact handling capabilities were not incorporated at this
stage of development. Holter data with moderate to small T-waves, no base-

line variation, and little or no muscle noise were used.
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Chapter 2
PROBLEM STATEMENT

The syntactic arrhythmia analysis mentioned in the previous chapter is
fully described in Ollapally’s Ph.D. thesis, "A Cardiac Arrhythmia Detector and
Classifier” [17]. Although this system served to demonstrate the potential of
a syntactic pattern recognition approach, the emphasis in its development was
on completing the entire system rather than careful design of each component
part. Consequently, little effort was made to ensure accurate system
performance in the presence of common clinical levels of artifact. This
chapter summarizes deficiencies in design and performance which inhibit the
easy expansion of recognition capacity and adversly affect system

performance.

2.1. Design Deficiencies

The selection of the previous primitive set was based upon choosing
primitives directly representative of the elemental wave shapes occurring in an
ECG. Two problem areas were encountered: 1) obtaining consistent primitive
representations of QRS complexes and 2) recognition of a QRS compiex from
its component primitive shapes. Consequently, Ollapally added an additional
primitive: the entire QRS complex. Experimentation was not performed to
determine an improved primitive set that would be more effective in

representing the salient features of QRS complexes.

In designing his primitive set, Ollapally used a limited training set to
determine the threshold levels used for quantizing primitive shapes into
different size categories. Additionally, the number of subdivisions for each
shape category were arbitrarily determined. This sub-division of primitive
shapes by size should be more carefully determined, if performed at all.
Primitive shapes characterized by two parameters, duration and amplitude,

might enable more accurate representation.
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Another design feature incorporated by Ollapally is his use of syntactic
pattern recognition only to detect arrhythmic beats, and not to also classify
them. This approach seems to detract from the possible benefits of using a

syntactic analysis structure.

2.2. Performance Deficiencies

A more rigorous evaluation was undertaken to determine necessary areas
of improvement in system performance. An additional 20 Holter ECG data
segments of 5 minutes duration were digitized from sources having various
commonly encountered characteristics [9]. The following are examples of

these characteristics:

e lLarge amplitude T-waves.
e Pronounced baseline variation.

¢ Muscle noise.

Performance of the arrhythmia detection and classification system was
very poor in processing the new Holter ECG samples. Severe classification
errors were found in several of the samples and indicated relationships
between error types and signal characteristics. In particular, sampies which
contained large T-waves had a high number of false PVC detections resulting
from confusion of these T-waves with QRS complexes. Other records showing
pronounced baseline variation exhibited false premature beat detections when

P- and T-waves occurred during baseline movement.

The performance of the arrhythmia detection and classification system
was then examined to determine muscle noise immunity. An artificial data set
consisting of one relatively noise-free ECG cycle repeated at a fixed interval
was created. Increasing amplitudes of gaussian white noise were added to

this standard data set to simulate muscle noise.

The performance of the system was dramatically reduced for even
relatively small amounts of added noise. By examining the sections of data
where misclassifications occurred, the source of error was identified as
inaccuracies in the primitive extraction stage. Figure 2-1{A) illustrates the
resulting primitive representation for the original data before noise was added.

Figures 2-1(B) and 2-1(C) show results for increasing levels of noise. The






