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ABSTRACT 

The comparison of three neural network methods for the prediction of a time series is 

studied. The digitization of electrocardiograph recordings gathered from a group of 

patients by the Massachusetts Institute of Technology Division of Health Sciences and 

Technology serve as the base for the time series to be predicted. The feedforward back 

propagation leaming algorithm, radial basis functions with orthogonal least squares 

leaming algorithm and recurrent networks with Pearlmutter's leaming algorithm are used 

as the three neural networks for prediction. The three methods prove successflil in single 

point prediction and give fairly good results for as much as 5-point prediction, but beyond 

that the results are poor. The five points predicted represent less than one-quarter of a 

second of electrocardiograph recording time; thus showing all three methods unsuccessful 

as long term predictors. 
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CHAPTERI 

INTRODUCTION 

The prediction of time series data is a concept that has been widely studied for many 

years. Many approaches have been tried, including the use of neural networks, which are 

methods based on the neural system of the human being. A neural network can be viewed 

as a system of cells, called nodes, which acquire and store information and then utilize that 

knowledge base to find the required output. The three methods discussed in this paper are 

three separate types of networks that have been successfiil with time series prediction, the 

focus of this paper. The particular time series studied is a set of data which represents the 

digitization of an electrocardiograph, commonly referred to as an ECG or EKG. From the 

given time series, a subset of points is used to train the particular network's set of weights. 

These trained weights are then placed in the network to predict the full set of data. 

The ECG recordings from three patients were viewed and from those, six segments 

were chosen as sample data sets. The three networks were tested on those data samples 

and the results recorded in Chapter IV. From the training and predicting of these samples, 

comparisons can be made on which method is better suited to model ECG recordings. 

Although the characteristics of the ECG recordings were not able to be fiilly represented 

by any of the three networks, there is some indication that these methods may be beneficial 

in finding a system which completely captures the dynamics of the ECG model. In the 

process of testing these methods, the predictive capabilities of each for chaotic time series 

was described. 

11 Obiective 

The time series data used in this paper is the digitized information of a continuous 

graph representing the heartbeat of a human being. The details of the data are given in 

Section 1.2. The neural networks used in this paper are constmcted so that from a set of 
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input data they wiU generate a single output. That is, a series of data pointsx,, ... , x^ 

generate an output point, x^ . The points that are output are the predicted values of the 

time series. Each network is able to perform single point prediction, multi-point 

prediction and point-by-point prediction. For each type of prediction, assume that the 

pointsz,, ... ,z„ are the first n points in a subset of the series. In single point prediction, 

the network is designed to predict the point z„^,. Multi-point prediction, say to predict m 

points, will predict the next m points, 2„^,, ... ,z„^^ , of the series. In the final type of 

prediction, point-by-point, the network will take the inputs ?,, ... , z„ and predict the 

point z„ ,̂ Next, the network will take the inputs z^, ... ,2^^, and predict the point z^^^. 

The network continues to predict these points as many times as requested by the system. 

After the first n points have been predicted, the network will be predicting points using a 

set of points that themselves have been predicted. 

This paper studies possible methods to model time series using three neural network 

leaming algorithms. The three methods were trained and tested on the same samples of 

data so that their results could be compared against one another. In the process, the types 

of time series on which each method works best can be used to characterize the strengths 

of that particular method; as well as the weaknesses where the method performed poorly. 

All time series studied in this paper are from ECG recordings. To get a good picture of 

what the recordings represent, the next section gives a brief background of the ECG. 

1.2 Background 

Sudden cardiac arrests account for more than 500,000 fatalities in the United States 

each year [1] . The statistics for those at risk are mainly given in the form of group risks. 

These group descriptors are able to give a good estimate of the percentage of people from 

a given collection who will suffer a catastrophic event in a finite period of time. Although 

this information is of use in many professional areas, there is another concept that might 



be beneficial to study. Given a particular individual, what are the chances that this person 

will suffer a fatal event in the foreseeable future? These group descriptors could lead to a 

more efifective treatment for heart patients. Currently, there are no good individual 

indicators for predicting when, or even if, a fatal event will occur in the near future, much 

less predicting a catastrophic event that will strike six months in the fiiture. In an attempt 

to find meaningful individual descriptors, this study tests three different neural network 

methods: feedforward back propagation, radial basis functions and recurrent neural 

networks. The study will focus on data that is obtained from a common heart monitoring 

procedure called electrocardiography, which outputs an electrocardiograph recording, 

known as an ECG (or EKG). The ECG is a graph representing the different stages of the 

beating of the heart. 

Recent investigations of the ECG time signal indicate that non-Iinear dynamics can 

significantly increase our ability to predict fatal events in heart patients [2] . To 

understand how, it is useflil to know some basics of the ECG and how it represents the 

beating of a heart [3] . The electric energy which produces the electrocardiograph picture 

actually causes a deflection (measure of heart's electrical activity) that is detected by the 

galvanometer, the basic component of the ECG which measures the potential manifested 

at the body surface. This electric energy is caused by the movement of charged particles 

across the membranes of the myocardial (heart) cells. Such movement of charged 

particles constitutes a flow of electrical current. The pressure behind the flow of electrical 

current is the electric potential; and this is the property of the electrical events in the heart 

which is responsible for the electrocardiograph deflection. The potential behind the flow 

of electrical current in the heart creates an electrical orientation throughout the body, 

called the electric field for that potential. This field extends to the body surface and it is 

this property of the electrical activity of the heart that makes it possible to record the 

electrical events of the heart from the surface of the body using the galvanometer, which 



measures the potential manifested at the body surface To obtain a reading from the 

galvanometer, two electrodes are placed at difiFerent points of the body surface, ideally 

equidistant from the heart, forming a lead. There is a minute flow of current through these 

electrodes since they have been placed at different points of electric pressure produced by 

the cardiac potential. The current is recorded by the galvanometer as a precise function of 

the difference in electrical pressure at the two electrodes. This electrocardiographic 

deflection is a measurement of the way in which the lead intercepts the electric field of the 

cardiac potential. In Figure 1.1, the ECG of a single beat of a normal heart is shown. 

Figure 1.1: Electrocardiograph (ECG) of a Single Normal Heartbeat 

The ECG reading has many common aspects that help us to understand its meaning. 

If some factor suddenly reduces the semipermeability of the cellular membrane of the 

heart, then there is a push of ions across the membrane, constituting a flow of current 

which is known as depolarization. In the heart and other muscle tissues, it is this event 

which triggers the contractile mechanisms within the cells. In the heart, the potential 

generated by depolarization of the atrial muscle is recorded in the ECG as the P wave, as 

shown in Figure 1.1. After depolarization of the atrial muscle, the atria depolarization of 

the ventricular myocardium occurs. The potential generated by the ventricular 

depolarization is recorded in the ECG as the QRS complex; that is, the combination of 

the Q, R and S waves. Immediately afler this depolarization, cellular metabolism proceeds 



to repair the semipermeability of the membranes. Now there is another, slower ion 

movement as the polarized state is restored, which is called repolarization. This 

repolarization of ventricular muscle normally produces a large potential recorded as the T 

wave in the ECG. It is customary to speak of the duration of the various segments in 

seconds and the amplitude of the waves in millivolts. It is fi-om this type of continuous 

recording that discrete data points are taken to help train the neural networks that are used 

in this study to obtain a model of the heart. 

This paper looks at both normal and abnormal heartbeat segments from subjects 

whose ECG's were recorded for intervals of one-half hour. The normal heartbeat segment 

is shown in Figure 1.2 in a time interval of approximately five seconds. The data for this 

paper was obtained from a series of recordings of both normal and abnormal heartbeats 

that has been annotated by the Massachusetts Institute of Technology (MIT). The data 

used for this study will be discussed in detail in Chapter III. 
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Figure 1.2: Segment of a Normal Heart Electrocardiograph 



CHAPTERII 

METHODS 

As mentioned previously, three methods are employed in the attempt to find an 

effective model for the ECG of a human heart. Each of these methods have parameters 

that must be addressed for them to be used. Issues such as the architecture of the neural 

network, the number of nodes, the connectivity of the network, the nodal transfer fianction 

and how many centers are used for the basis of the network. 

The three networks in this study form a wide representation of neural networks. Each 

method contains some type of leaming algorithm with which to train the network. A 

computer program for each is used to train and test the data to form the results presented 

in Chapter IV. The Feedforward Back Propagation network program was written 

specifically for this paper by the author. There were no other intentions for the program 

when it was written. The program representing the Radial Basis Function algorithm with 

Orthogonal Least Squares learning algorithm for center selection is a modified version of a 

program written by Xeuying Lao as part of a master's thesis related to time series 

prediction [4]. Modifications were made to this program so that the results could be 

compared with the results of the other two methods. The orthogonal least squares 

function was not modified in any manner. The final network is based on recurrent neural 

networks. The program developed for this method is a modified version of a program 

written by Dr. W.J.B. Oldham of Texas Tech University. In conjunction with Dr. Oldham, 

the program was developed to generate an output similar to the other two methods. It is 

with these three programs that the data retrieved for this study was tested and predicted. 

All three programs were written in C and mn on a 486-based IBM compatible machine. 

The three methods in this paper are neural networks that use a training stage to adjust 

the weights that connect the nodes. Aí̂ er the learning stage in which the weights are 

trained, these adjusted weights are used to generate the predicted output. This study 
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considers single point, multi-point and point by point prediction of time series. The first 

method utilized is the feedforward back propagation leaming algorithm. These networks 

previously have been used to predict chaotic time series using relatively noise-free data as 

input [5] . Next, the radial basis function neural network is used for which the centers for 

the basis are chosen using the orthogonal least squares (OLS) algorithm [6] . The final 

method studied is based on a recurrent neural network algorithm developed by Barak 

Pearlmutter [7] . The comparison of the three networks on the digitized heart data will be 

given in Chapter IV. The formulation of each method makes up the remainder of this 

chapter. 

2.1 Feedforward Back Propagation 

Back propagation is one of the most widely used neural networks for the prediction 

of data series. The algorithm used for this paper can be found in [8] . A typical 

feedforward network is shown in Figure 2.1 with input, hidden and output layers. The 

Figure 2.1: Feedforward Back Propagation Neural Network 



number of layers is not limited to three; however, for this study only three are utilized. 

The input layer has n nodes to which the data inputs z,, ..., z„ are fed. These inputs 

work through the network giving the output, o, . The input layer feeds the output of the 

input nodes to the hidden layer with weights attached to each nodal output. The weights 

are determined in a training period using the data inputs and known outputs used to 

update the weight array. In the training period, 350 were used for the adjusting of the 

weights. This number is approximately one second of recording time. 

Each node has a nodal function which determines the output from the node. In the 

case of this network, the nodal functions are all the same non-Iinear function,y(net). The 

net variable in the function represents the sum of each input into the node multiplied by the 

weight associated with the input; that is, 
m 

net= YJ^J\' '^' ' (2^) 
1=1 

where the indices on the weight represent the weight that connects the i ' node in the k' 

layer to they"' node in the(A: +1)"" layer. The variablez. is the output from the i '^ 

node in the k ̂ ^ layer. To the net sum of each node is added a bias, b, . . This bias helps 

in the training of the network by adjusting the nodal function,y(net). 

The nodal flinction, also referred to as the transfer function, must allow the output 

layer to give values that are in the desired output domain. The domain for the time series 

under study depends on the amplitude of the ECG. Therefore, the function must be able 

to adjust to the given series. To allow for this flexibility, we start with the non-linear 

function 

/ ( n " ) = T - ^ - (2.2) 

1+e 

This equation has an output range of (0, 1). This fiinction is then adjusted by determining 

the maximum and minimum values of the input data set. Taking A to be the difference 

between the maximum and minimum values of the data set, S, the new function 
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/(«eO=, ^_^,+mm(S) (2.3) 
1 + e 

has an output range from the minimum value in S to its maximum value. It is with this 

function/ that the outputs from each node are determined. 

The weights to both the hidden layer and the output layer are updated during the 

training stage with the use of the nodal outputs. Letting the array of weights to the output 

layer be denoted by W , the weights are updated according to the equation 

W = W+TjSy , (2.4) 

where J is the leaming constant, y' is the input vector and<̂ „ is the error signal vector of 

individual errors defined by 

S.,=(d, -o,)f:{net,), k = l , . . . , K (2.5) 

for K output nodes. For the hidden layer, letting the array of weights to the hidden layer 

be denoted by V, the weights are updated according to the equation 

y=V + rjS^z\ (2.6) 

where 77 is the learning constant, z' is the input vector and S^ is the error signal vector 

that is determined by ^̂  = w . ^S^ f̂ ' . 

The network is trained on the first half of the input set. The set of inputs, z', to the 

network determine the predicted outputs of the system. These predicted values are 

compared to the actual outputs in the time series data. The normalized error for each 

predicted output is determined by the equation 

E,=y2\\d,-o,\\, (2.7) 

where Í/̂  is the desired output and o^ is the predicted output and the norm ||JC - '̂l is 

defined by ||x -y\\ = (^x-yy. The training set of data mns through one pass and the total 
n 

error, E = V ^ , , is calculated. If E is less than some maximal allowable error, then the 

weights are saved and used in the prediction stage that follows. If, however, E exceeds 

the maximal allowable error, then the weights at the end of the pass are used for the 



beginning of another pass of training of the weights on the same data set. The training 

continues until the error E meets the requirements. 

Once the weights have been trained so that E is small, the network is used to predict 

outputs given inputs from the second half of the time series data. The output may be 

found using single point prediction, multi-point prediction or point-by-point prediction. 

The type of prediction is determined by the number of output nodes that are generated by 

the network. The outputs for the prediction stage are determined in the same manner as 

those found in the training stage. The single difference in the two stages is that the 

weights calculated in the training stage are not adjusted in the prediction stage. That is, 

the individual errors found between the actual output and the predicted output do nothing 

to change the weights in the prediction stage. 

2.2 Radial Basis Functions 

Like the feedforward back propagation method used in this paper, the radial basis 

function (RBF) neural network consists of three layers: the input layer, a hidden layer and 

the output layer. One major difference, however, is that the RBF method's output layer 

has a linear function as the nodal function. This type of method has some advantages over 

the propagation method described above. For example, back error propagation tends to 

become fixed on a local minima which might not be the absolute minimum error of the 

series. Also, the propagation method is usually slow learning. The RBF method does not 

experience these problems, in part due to the derivation which makes it a linear problem. 

The method is viewed as a curve-fitting (approximation) problem in a high dimension 

space. Learning of this type of problem is equivalent to finding a surface in a multi-

dimensional space that provides a best-fit to the training data. In the context of a neural 

network, the hidden units provide a set of functions that constitute an arbitrary basis of the 
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input pattems when they are expanded into the hidden unit space; these functions are 

called radial basis flinctions. 

The algorithm used in this paper was developed in [6] by Chen, Cowan and Grant. It 

sets up a radial basis function neural network of three layers with the hidden layer 

consisting of non-linear functions and the output layer having a linear summation. The 

network, represented by the schematic in Figure 2.2, has the mapping /^: R" ^ R 

according to the equation 

/,(x) = A„+X^,«>(||x-c,||), (2.8) 
1 = 1 

where x G R" is the input vector, OR^ ^ R is a given function, || * || is the Euclidean 

norm, the A, 's are the weights, the c, 's are the RBF centers and n^ is the number of 

centers. The outputs of the network are represented by the /^ . 

X I X 2 X n 

< >(l |x-Ci | | ) 

Figure 2.2: Radial Basis Function Neural Network 
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According to [6], theoretical and practical investigations show the choice of the non-

linear flinction, O, is not cmcial to the performance of the RBF network. One function 

proposed that has proved itself successfial is the thin-plate-spline function, 

0(v) = vMog(v). (2.9) 

The most important parameter in the use of an RBF network is the choice of centers used 

in the non-Iinear function. A common method for the choice of centers is to use each data 

point in the series as a center; however, this becomes inefficient with a large data set. An 

algorithm developed in [6] uses the orthogonal least squares (OLS) method in the center 

selection. One important advantage of the OLS method is that the number of centers 

needed for the network is reduced. 

To understand how the OLS algorithm selects centers for the RBF, consider the 

equation of the RBF network, (2.8), as a linear regression model in the form: 

d = Pe + E , (2.10) 

where d is the desired output, P is the matrix of regressors, 9 is the matrix of weights and 

E is the vector of error signals. The regressor vectors, p, G P, form a set of basis vectors 

and the least squares solution 0 is such that PØ is the projection of d onto the space 

spanned by the p, vectors. In the OLS method, the set of p, is transformed into a set of 

orthogonal vectors. To begin, the regression matrix, P, is decomposed into the product of 

an upper triangular matrix, A, and a matrix, W. The matrix A consists of elementsûTy 

above the diagonal and l 's along the diagonal. The matrix W consists of orthogonal 

columnsw, such that W^W = H, where H is diagonal with elements /?, . 

The space spanned by the orthogonal basis vectors w. is the same space spanned by 

the set of p, , allowing the equation (2.10) to be written 

d = Wg + E. (2.11) 

The orthogonal least squares solution g is given by 

g = H ' W ' ' d . (2.12) 
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The quantities g and 0 satisfy the triangular system 

Ae = g. (2.13) 

The classical Gram-Schmidt method can be used to derive (2.13) and solve for the least 

squares estimate of 9 . This gives the network the desired centers, forming the foundation 

for the radial basis function, O. 

2.3 Recurrent Neural Network Using Pearimutter's Leaming Algorithm 

Unlike either the feedforward back propagation network and the radial basis fianction 

network, the recurrent neural network has connections between each node in the network. 

This results in all nodes being interdependent. Thus, this type of network is not broken 

into the three layers of the two previous methods. Rather, it is a network of nodes which 

are fuUy interconnected, with the desired number of nodes also being output nodes. A 

five-node recurrent network with one output is shown in Figure 2.3. Weights to and from 

a node are associated with each bi-directional arrow. 

A general description found in [9] of recurrent networks show them potentially 

successflil in dealing with series with temporal behavior. Recurrent networks are capable 

yo 

Figure 2.3: Recurrent Neural Network with One Output 
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of setthng to a solution for a system which gradually solves a complex set of conflicting 

constraints to arrive at an accurate interpretation. Consider the network govemed by 

where y. is the state or activation level of unit /, Wy is the strength of the connection 

from unit / to unit / and / is an arbitrary dififerentiable fiinction. The initial conditions 

given by y. (t^) and the driving functions given by /, (/) are the inputs to the system. For 

the network in this paper, equation (2.14) has no driving functions, /, (t). From the 

resulting first order differential equation, forward integration is used to solve y^ from the 

initial point, taken to be t^ , to the final point, given by tj^ . For this algorithm, Euler's 

method is used to perform the integration. The result is a vector y which represents the 

current predicted values for the time series. 

The error E is found by taking the area of the square of the difiference of the 

calculated y^ 's and the actual y^ values, given by E. . The error function describing this 

is of the form 

^ = \''(TMO-y,(Oyw (2.15) 

where the sum is only over the output units with specified values of y^ . Combining 

equations (2.14) and (2.15) along with Lagrange undetermined multipliers, mathematical 

calculations result in the dififerential equation 
áz 

= " '>^+S/ ' (Z^^>^>.^ '-^ ' • (216) 
dt 

Euler's method is again used to perform the integration, this time fi-om the final point tj-

to the initial point t^ . A constant step size is used for the backward integration to 

calculate z. in (2.16) and the forward integration to calculate y, in (2.14). From these 

calculations, the vectors y and z are used to update the weights to the nodes according to 

the equation 

W = W + ;7-y^-z- / ' . (2.17) 
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For the training of the recurrent network, this process is repeated for the number of 

iterations necessary to train the network so that the calculated error is less than the 

maximum allowable error. Teacher forcing, a method discussed in [7], is utilized to help 

train the network more efificiently. This method consists of forcing the desired output 

values into units as the network mns. Although the method is reported to have difificulties 

in finding the solution in some systems, it worked well in the time series data that were 

studied in this paper. Once the weights of the network have been trained to acceptable 

limits, the network is employed to predict the time series data beyond the data used in the 

process of training. This is accomplished by forward integration of (2.14) and solving for 

the y. 's, with / ranging fi-om 1 to the desired number of predicted points. 
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CHAPTERIII 

ECG DATA 

In order to compare the three methods discussed in the previous chapter, it was 

necessary to find an abundant amount of data. The ECG database used in this paper was 

designed and produced by the Harvard - MIT Division of Health Science and Technology 

Biomedical Engineering Center. The data was transferred to the CD-ROM medium in 

1992 [10]. The recordings of the ECG data were made between 1975 and 1979 by the 

Beth Israel Hospital Arrhythmia Laboratory. The MIT database consists of digitized 

information gathered from 234 subjects. Each recording consists of a primary and a 

secondary lead. The primary lead was chosen as the series to test and predict primarily 

Figure 3.1: Digitized ECG of Normal Heart Beat 

because most of the pertinent information can be seen in this lead. Also, the primary lead 

has annotations to identify the anomalies in a subject's ECG. 

In Figure 3.1, an example of a digitized ECG is shown. The recording represents five 

seconds of a normal heartbeat consisting of approximately 900 data points. Each second 

of recording time contains 180 points. The points from the original sample for each 

segment of data have been filtered by one-half because of the computational advantages of 
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training and predicting more data. Tests of unfiltered data showed no better results over 

filtered data for any of the three methods. For the remainder of the paper, continuous 

representations of ECG recordings will be shown rather than digitized representations so 

that the features of each ECG recording and its predicted values can be more clearly seen. 

The digitized recording of a normal heartbeat, shown in Figure 3.1, is a continuous graph 

shown in Figure 3.2. The recordings for the normal heartbeat came from a subject whose 

heart rate was healthy for the flill half hour of data. Predictions of this patient's ECG will 

be discussed in Chapter IV. 

Figure 3.2: Continuous ECG of Normal Heartbeat 

For our research, three patients were chosen for the variety of ECG readings that 

were associated with each. The first subject, whose ECG was normal throughout, is the 

source of Figures 3.1 and 3.2. The recordings were normal for the full half hour, except 

for random noise at some portions of the tape. Those segments with noise were annotated 

by the medical group compiling the data. Using only one sample of recording from the 

first subject is sufificient because it gives an example of a healthy heart rate from which to 

train and predict. 
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The two remaining subjects whose ECG's were used had some heart irregularities 

which were noted in the data. These irregularities yielded many opportunities to test the 

networks on samples that are of more interest to the medical profession The second 

subject's ECG contained episodes of ventricular tachycardia. According to [3], during 

ventricular tachycardia, there is a rapidly firing focus in the ventricles. This focus usually 

lies outside the conduction system causing the QRS complexes of the ECG to be broad in 

shape. The presence of this irregularity is a strong indication that the patient has cardiac 

disease Two samples were chosen for prediction in this paper. The first is a five second 

segment of recording which has a series of ventricular tachycardias. The second segment 

is ten seconds long and shows the transition from ventricular tachycardias to normal heart 

rhythm. 

The final subject had various heart irregularities that could be tested. Much of the 

recording contained atrial couplets following regular heartbeats. One such five second 

segment was used as a set of data. Other portions of the ECG were flill of pauses in the 

heartbeat; a ten second segment of which was also chosen as a time series to predict. The 

final segment of ECG used from the third subject contains sinus bradycardias. According 

to [11], this is a state in which impulses originate at the sinus node at the rate of less than 

60 beats per minute. In the ECG, the P-R interval tends to be slightly prolonged. This 

irregularity in beat does not indicate the existence of heart disease. It occurs normally in 

athletes as well as other healthy persons. Five seconds of this heart rhythm was chosen to 

predict. Each of these irregularities has been annotated in the MIT recordings making the 

interpretation of these heart episodes unnecessary. 
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CHAPTERIV 

RESULTS 

This paper takes a detailed look at six separate segments of ECG recordings from 

three dififerent subjects. AIl three subjects are included in the compiled MIT database of 

recordings [10] mentioned in Chapter III. Each segment has an attribute that is unique in 

respect to the other samples in the study. The medical terminology for each sample is 

described in Chapter III, but it is not the purpose of this paper to know specific clinical 

issues associated with each characteristic. 

The six samples were chosen in hopes of having a diverse set of time series with 

which to train and predict. Some have detailed explanations in [10] relating to the 

magnitude of the problem. Any samples which contained periods of random noise 

identified by the medical professionals compiling the data were not considered a valid time 

series for the paper. Only one sample was chosen which consisted of a healthy heart 

rhythm. This is the sample which wiU be studied first. 

To compare the three methods described in Chapter II, the root mean square error of 

each predicted data set was taken. To find this value, suppose the actual data points were 

denoted by y^^ti), \<i <n . Here, n is the number of outputs predicted. Now, if the 

predicted data points were given by y^ (/,), the root mean square error would be given by 

I<MSE=\y^^(y,(Q-yo(Qy (4.1) 

Because each method is used to predict the same set of data, the results can be compared 

against pne anpther to find the most accurate predictor for each set. However, by 

observation it can be noted that one method having a smaller RMSE than the other two is 

not too important if the RMSE is large for all three methods. This type of error 

calculation gives a normalized error with which to compare the methods. 
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Each method has parameters which can be adjusted in order to find the "best" 

network to predict that set of data. The choice of the parameters was made by taking 

values that produced the smallest errors. Tests showed that the smallest errors were 

obtained by changing one parameter at a time and comparing the new error with the 

previous one. Each parameter could be adjusted until the error could not be made to be 

any better. For the feedforward back propagation network described by (2.3) and (2.4), 

the parameters that were not fixed were X, which determines the steepness of the 

activation function, and r\, the learning constant for the weights. Additionally, the number 

of inputs and hidden nodes was uncertain. In the radial basis function network described 

by (2.8), the number of input nodes, the number of hidden nodes and the number of 

training pairs could be adjusted to enhance the network. For the recurrent network using 

Pearlmutter's learning algorithm, the only parameter that made significant changes in the 

predicted error was the number of input nodes, representing the correlation dimension of 

the time series. In the process of mnning each method, the best values for each parameter 

were sought. Although the number of possible values for each is infinite, certain pattems 

were noticed while as many mns as necessary were performed. As many as twenty tests 

for a particular multi-point prediction were mn to find the parameters yielding the smallest 

error. 

For each subject, there is a table listing the RMSE for each method mn on that 

sample for the number of points predicted at a time. The first row of each table shows the 

error for single point prediction, the second row for two-point prediction, and so on until 

the last row shows the RMSE for point by point prediction of the given sample. Each 

table consists of columns of the parameters for that particular method; however, the 

comparison of the methods is done on the RMSE for each prediction. Additionally, every 

graph generated by the predicted data for each sample is found in the appendices. 

Predictions are made for single point, 2-point, 3-point, 4-point, 5-point, 10-point and 
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20-point as well as point by point prediction. It should be noted that with respect to time 

of each recording, 20 points represents J ^ of a second; thus, the poor results that are 

found for predicting even as few as 10 points ahead show the limited application of these 

neural networks for the modeling of the ECG time series recordings. 

4.1 Normal Heart Rhythm 

The first subject studied is patient number 123 in [10]. This person will be referred 

to as Subject 1 in this paper. With the exception of a few episodes of noise in the sample, 

the complete half hour of this person's recordings were normal. No other annotations by 

the medical stafif were included in the data. From this person's recordings, a single five 

second segment (03:10 - 03:15) was extracted and used for training. This sample is free 

of noise or any other disturbances. The graph of showing the ECG of Subject 1 is given in 

Figure 4.1. 

100 200 300 400 500 600 700 800 900 

Figure4.1: Subject 1 ECG 

The tables that follow show the results of each method on the five seconds of 

recording forming the time series data. The values in Table 4.1 show the results for 

mnning the feedforward back propagation network using single point, multi-point and 

point by point prediction. The graphical representation of single point prediction of 
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Subject 1 by the feedforward network is shown in Figure 4.2. The results show that the 

RMSE increases with the number of points predicted at a time This is certainly expected 

because the network is adjusting the weights during each pass according to the errors 

caused by the muhiple number of outputs. 

Table 4.1: Feedforward Back Propagation Prediction of Subject 1 

InputNodes HiddenNodes X r\ Predicted Points RMSE 

2 2 
2 2 
3 3 
3 3 
3 3 
3 3 
3 3 
10 10 

0.3 
0.2 
0.2 
0.2 
0.2 
0.2 
0.2 
0.1 

0.3 
0.2 
0.2 
0.2 
0.2 
0.2 
0.2 
0.1 

1 
2 
3 
4 
5 
10 
20 
— 

0.063828 
0.118660 
0.175839 
0.182440 
0.233831 
0.253808 
0.273859 
84.647324 

The number of input and hidden nodes used for input for the Subject 1 are relatively 

small. However, when the network was mn with a larger number of input nodes, as well 

as a larger number of hidden nodes, the RMSE was actually worse than the recorded 

values. This was found to be the case for each set of data trained and predicted. AIso, 

other values for the learning constant r| and the steepness constant X yielded no better 

results. As mentioned previously, the values chosen for the parameters are almost certain 

to yield results that, if not the best, dififer a negligible amount from the best. 

The RMSE gives a normalized error for each point that has been predicted against the 

actual value. For single point prediction using the feedforward network, the error is 
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Figure 4.2: Single Point Back Propagation Prediction of Subject 1 

0.063828. In Table 4.2, the single point prediction of Subject 1 using the radial basis 

function (RBF) method gives an error ofO. 160420. The comparison of data in Table 4.1 

and Table 4.2 show that the back propagation method yields better results than the RBF 

Table 4.2: Radial Basis Function with OLS of Subject 1 

Input Nodes 

8 
8 
8 
8 
8 
8 
8 
6 

# Centers 

17 
17 
17 
17 
16 
17 
17 
14 

Training Pairs 

280 
280 
280 
280 
280 
280 
280 
280 

Predicted Points 

1 
2 
3 
4 
5 
10 
20 

— 

RMSE 

0.160420 
0.209894 
0.263193 
0.264518 
0.320728 
0.359020 
0.349972 
0.486734 

method for this particular time series. Even so, the graph of the RBF single point 

prediction of Subject 1 in Figure 4.3 shows a picture very similar to the graph of back 

propagation prediction. Most importantly, the major characteristics of the actual ECG, 

such as the QRS complexes and the P waves, are not lost during the prediction. 
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Figure 4.3: Single Point RBF Prediction of Subject 1 

The prediction results for Subject 1 using Pearlmutter's recurrent network algorithm are 

given in Table 4.3. The recurrent network's single point prediction error ofO. 153506 is 

slightly better than the error found by the RBF method. Both are significantly larger than 

the single point prediction error of back propagation. However, the graph of the recurrent 

network's predicted data shown in Figure 4.4 differs very little fi"om the actual ECG 

Table 4.3: Pearlmutter's Recurrent Network Prediction of Subject 1 

# Input Nodes 

4 
4 
4 
4 
4 
4 
4 
4 

Points Predicted 

1 
2 
3 
4 
5 
10 
20 

— - -

RMSE 

0.153506 
0.208575 
0.251935 
0.302042 
0.308129 
0.340706 
0.374214 
0.298797 
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Figure 4.4: Single Point Pearimutter Prediction of Subject 1 

recording in Figure 4.1. The major features of the time series from Subject 1 are found in 

the single point prediction of all three methods. In fact, single point prediction by all three 

methods was successflil in retaining the features of all six time series tested. Problems 

only materialized when the number of points predicted became as large as four; sometimes 

as little as three. The graph of the 5-point prediction for the radial basis flinctions shown 

in Figure 4.5 bears little resemblance to the ECG recording shown in Figure 4.1. The 

"blocking" efifect seen in the RBF prediction is typical of the method when the number of 

points predicted rises. 
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Figure 4.5: 5-Point RBF Prediction of Subject 1 
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A look at the RBF graphs found in Appendix A shows that no matter which set of 

data is used for training and predicting, the results are the same for the multi-point 

prediction. Pearlmutter's neural networks and back propagation networks also deteriorate 

as the number of points predicted at one time increases, but in a dififerent manner. Figure 

4.6 shows the 5-point prediction of Subject 1 by back propagation. It seems to be holding 

the characteristics of the original recording somewhat, but the magnitude of the peaks 
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Figure 4.6: 5-Point Back Propagation Prediction of Subject 1 

representing the QRS complexes is certainly not consistent. The last two peaks are 

becoming smaller and are completely gone by 10-point prediction shown in Figure A. l(f). 

P^rii^utter's recurrent method is more successflil at holding the shape of the ECG 

recording for five points as seen in Figure 4.7, but the graph shows indications of 

uncerta nty between the QRS complexes. This type of prediction might be useful for some 

purpose, but Figure 4.8 shows what the Pearimutter method becomes when 20-point 

prediction is attempted on the data set. Three of the four peaks have been lost and the 

space surrounding the peak seems to have developed some sort of pattem that was not in 

the original set. This 20-point prediction can serve no use to someone attempting to 

predict the fiiture events of the heart. Assuming that all three methods were successful 
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Figure 4.7: 5-Point Pearimutter Prediction of Subject 1 

for even as much as 20 point prediction, which the graphs in the appendix clearly show 

they are not, those 20 points represent little more than J /Q of a second. This is far too 

little time to help in the prediction of a catastrophic event of the heart. The complete 

collection of graphs resulting from the predicted data can be found in Appendix A. 
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Figure 4.8: 20-Point Pearimutter Prediction of Subject 1 

Aíler seeing the inadequacies of multi-point prediction for predicting more than five 

points ahead, one would expect that point by point prediction would be even less 
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successful. This is certainly the case. Figure 4.9 shows point by point prediction of 

Subject l's ECG using back propagation. Following a short flutter at the beginning, the 

-0.3 

100 200 300 400 500 600 700 800 900 

Figure 4.9: Point by Point Back Propagation Prediction of Subject 1 

ĉurve settles into a constant. This type of graph is typical of all three methods no matter 

what the E^G recording tested. Pearimutter's point by point prediction generally has less 

of a flutter at the beginning as seen in Figure 4.10. The curve settles into a constant value 

soon after the first point is predicted. Even though the errors described in their respective 

tables seem relatively small, the predicted graphs developed fi^om point by point prediction 

show no resemblance to the actual ECG recording. This is tme for any ECG recording 

that was presented to the three methods. 

-0.7 

900 

Figure 4.10: Point by Point Pearimutter Prediction of Subject 1 
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4.2 Ventricular Tachvcardia 

The second subject whose recordings are used in this study is subject number 223 

found in [10], referred to as Subject 2 in this study. The recordings of this person are not 

nearly as healthy as those of Subject 1. Figure 4.11 shows the first of two series taken 

fi-om Subject 2's recordings. The five seconds of ECG recordings (09:37-09:42) include a 

series of bidirectional ventricular tachycardias, which are briefly described in Chapter III. 

100 200 300 400 500 600 

Figure 4.11: Subject 2 ECG, Segment 1 

800 900 

The graph shows many irregularities that are not experienced in the normal heart 

graph. As with the recording for Subject 1, and with all recordings in this paper, there is 

no noise in the segments studied. The graphs resulting from the predicted points for each 

method are found in Appendix B. These graphs follow the same patterns that were seen 

and described for each method in the prediction of Subject 1. Table 4.4 gives the 

numerical results using feedforward networks on the data. The RMSE for single point 

prediction is shown to be 0.052428, a slight improvement over the same type of prediction 

for the normal heart beat. Even 5-point prediction seems to give a good error for 

prediction and the graph in Figure B. 1 (e) supports this. But that is the limit of this 
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Table 4.4: Feedforward Back Propagation Prediction of Subject 2, Segment 1 

Input Nodes 

2 
2 
2 
2 
3 
3 
3 
10 

Hidden Nodes 

2 
2 
2 
2 
3 
3 
3 
10 

X 

0.3 
0.3 
0.2 
0.2 
0.3 
0.2 
0.2 
0.1 

Tl 

0.3 
0.3 
0.2 
0.2 
0.3 
0.2 
0.2 
0.1 

Predicted Points 

1 
2 
3 
4 
5 
10 
20 

— 

RMSE 

0.052428 
0.077980 
0.100304 
0.123895 
0.151142 
0.226555 
0.278124 

132.263290 

method's success because 10-point prediction using the feedforward network fails to give 

good results, as seen in Figure B. 1 (f). 

The results of the feedforward method are again better than those of the radial basis 

function network and the recurrent neural network. The radial basis function network's 

results in Table 4.5 show an error of 0.091313 for single point prediction. This is almost 

Table 4.5: Radial Basis Function with OLS of Subject 2, Segment 1 

Input Nodes 

6 
6 
6 
6 
6 
8 
10 
6 

# Centers 

22 
20 
20 
20 
20 
20 
20 
18 

Training Pairs 

280 
280 
280 
280 
280 
280 
280 
280 

Predicted Points 

1 
2 
3 
4 
5 
10 
20 

— """ 

RMSE 

0.091313 
0.111505 
0.145662 
0.160870 
0.217813 
0.328940 
0.408418 
0.627511 
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twice as large as that for back propagation, but the graphs in Figures B. 1 (a) and B.2 (a), 

respectively, each show little difiference from Figure 4.11. The same is tme for 

Pearimutter's recurrent network. The single point error given in Table 4.6 is high at 

0.108253, but the graph shown in Figure B.3 (a) appears to be very similar to the actual 

ECG recording of Figure 4.11. 

Table4.6: Pearlmutter'sRecurrent Network Prediction of Subject 2, Segment 1 

# Nodes Predicted Points RMSE 

5 1 0.108253 
5 2 0.144317 
5 3 0.175833 
5 4 0.197831 
5 5 0.226136 
5 10 0.286939 
5 20 0.322260 
5 — 0.396124 

4.3 Ending of Ventricular Tachycardia 

The second segment of recording taken from Subject 2 is a portion of ECG in which 

the ventricular tachycardia are ending and a normal heart rhythm returns. The sample is 

taken as a ten second interval (17:55-18:05) so that the full change from the ventricular 

tachycardia to the normal heart rhythm can be captured and used for the prediction. The 

recording is shown in Figure 4.12. The first portion of the graph dififers greatly from the 

other portion, which means that a network trained on data from the first part of the series 

would have trouble predicting the complete series. The resulting errors from the 

feedforward prediction shown in Table 4.7 seem to validate this idea. The single point 
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Figure 4.12: Subject 2 ECG, Segment 2 

prediction error for this sample, 0.069426, is the largest for the feedforward network of 

the six samples used in the study. The errors for the multi-point predictions quickly 

become too large for the predictor to be of value. The graphs of the predictions for this 

Table 4.7: Feedforward Back Propagation Prediction of Subject 2, Segment 2 

Input Nodes 

2 
2 
2 
4 
3 
5 
3 
12 

Hidden Nodes 

2 
2 
2 
4 
3 
5 
3 
12 

X 

0.2 
0.2 
0.2 
0.2 
0.2 
0.2 
0.2 
1.5 

r\ 

0.2 
0.2 
0.2 
0.3 
0.2 
0.2 
0.2 
1.5 

Predicted Points 

1 
2 
3 
4 
5 
10 
20 

———— 

RMSE 

0.069426 
0.102804 
0.131079 
0.173800 
0.198920 
0.309820 
0.386859 

187.054092 

portion of Subject 2's ECG can be found in Appendix C. They show the same 

deterioration efifect as the number of predicted points increases. The errors in prediction 

using the radial basis function network shown in Table 4.8 indicate that this method also 
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gives prediction errors too large to be of practical use. The single point prediction error is 

larger than that of the feedforward network; and the multi-point prediction error grows 

Table 4.8: Radial Basis Function with OLS of Subject 2, Segment 2 

Input Nodes 

6 
6 
6 
6 
6 
6 
6 
8 

# Centers 

17 
17 
17 
20 
18 
18 
17 
18 

Training Pairs 

280 
280 
280 
280 
280 
280 
280 
280 

Predicted Points 

1 
2 
3 
4 
5 
10 
20 

— 

RMSE 

0.093984 
0.135621 
0.176817 
0.221720 
0.253199 
0.359865 
0.452216 
1.025132 

too quickly to be considered useful. Similar statements can be said about the recurrent 

network predictions shown in Table 4.9. Point by point prediction for these networks are 

Table 4.9: Pearimutter's Recurrent Network Prediction of Subject 2, Segment 2 

# Nodes Predicted Points RMSE 

4 1 0.156394 
4 2 0.199688 
4 3 0.236957 
4 4 0.265213 
4 5 0.297741 
4 10 0.400671 
4 20 0.480242 
4 — 0.435780 

np betterjhan injthe previous series. However, Figure 4.13 shows that the point by point 

prediction by radial basis functions almost seems to have the first two heart beats 

predicted. Further inspection reveals that the magnitude of the predicted values is much 
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smaller than the actual values; however, perhaps some promise is seen for modeling these 

time series because of this method's limited success. The graph retains major features of 

the ECG recording for over 200 points, which represent slightly over 1 second of 

recording time. 

200 400 600 800 1000 1200 1400 1600 1800 

Figure 4.13: Point by Point RBF Prediction of Subject 2, Segment 2 

4.4 Atrial Couplets 

The ECG recording of the final subject, Subject 3, used in this study contained many 

types of irregular heart rhythms. In the MIT database [10], the subject's number is 232. 

Three portions of this subject's ECG were taken for prediction. The first segment was a 

five second sample (01:52-01:57) which included atrial couplets. These can be seen in 

Figure 4.14 with the regular heartbeat immediately followed by two more heartbeats. The 

predictions for this ECG segment were much better than the previous three presented. 

The feedforward network resulted in a single point error of only 0.033823 as seen in Table 

4.10. The multi-point prediction errors were also much improved and the graphs of these 

predictions in Appendix D show that only when the number of predicted points reaches 
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Figure 4.14: Subject 3 ECG, Segment 1 

900 

five does the prediction lose much of the ECG graph's appearance. For more than ten 

points predicted at a time, including the point by point prediction, the method yields poor 

results. 

Table 4.10: Feedforward Back Propagation Prediction of Subject 3, Segment 1 

Input Nodes 

2 
2 
2 
3 
2 
3 
2 
10 

Hidden Nodes 

2 
2 
2 
3 
2 
3 
2 
10 

X 

0.8 
0.7 
0.5 
0.5 
0.4 
0.4 
0.4 
0.5 

Tl 

0.8 
0.7 
0.5 
0.5 
0.4 
0.4 
0.4 
0.5 

Predicted Points 

1 
2 
3 
4 
5 
10 
20 

~~~~ 

RMSE 

0.033823 
0.054276 
0.071041 
0.082794 
0.082035 
0.098470 
0.101556 
11.395786 

The prediction errors for the radial basis network shown in Table 4.11 are also better 

than any of the three previous segments. Although the single point prediction error is still 

larger than that of the feedforward network, the difiference is small. The single point 
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Table 4.11: Radial Basis Function with OLS of Subject 3, Segment 1 

Input Nodes 

6 
6 
6 
6 
6 
6 
6 
6 

# Centers 

15 
15 
15 
15 
15 
17 
17 
18 

Training Pairs 

280 
300 
300 
300 
300 
300 
300 
300 

Predicted Points 

1 
2 
3 
4 
5 
10 
20 

— 

RMSE 

0.060358 
0.067531 
0.072817 
0.084444 
0.081265 
0.106919 
0.107783 
0.394269 

prediction graph shown in Figure D.2 (a) of Appendix D is similar to that of the actual 

ECG graph. Only when the number of points predicted reaches four does the graph really 

begin to become blocked and lose much of the actual form. The point by point prediction 

graph shows no resemblance to Figure 4.14. 

The recurrent network prediction errors are not as good as the feedforward errors for 

the first portion of Subject 3, but they are better than those of the radial basis function 

network. Table 4.12 shows the single point prediction error for the recurrent network to 

be 0.047767. This is by far the best result from the four ECG segments tested to this 

point. This error is only slightly more than the error for single point prediction by the 

feedforward network. The multi-point prediction errors for the recurrent network are also 

only slightly worse than the feedforward network. The point by point prediction yields a 

graph that deteriorates into a constant value. 
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Table 4.12: Pearlmutter's Recurrent Network Prediction of Subject 3, Segment 1 

# Nodes 

5 
5 
5 
5 
5 
5 
5 
5 

Predicted Points 

1 
2 
3 
4 
5 
10 
20 

R M S E 

0.047767 
0.068582 
0.073599 
0.098055 
0.086488 
0.095033 
0.111937 
0.120925 

4.5 Pauses 

The second segment from Subject 3 is a ten second sample (22:49-22:59) which 

contains pauses between healthy heart beats. The graph of the ECG is shown in Figure 

4.15. The success of the feedforward network prediction is similar to that of the first 

segment tested from Subject 3. The single point prediction error of 0.032598 is the 

smallest error encountered thus far. The graphs of the predicted values are found in 

Appendix E. These graphs show that the feedforward network is able to retain the main 

features of the actual ECG for single point prediction. However, they also reveal that as 

the number of points predicted at a time increases, the portions of the graph between each 

beat appears to become unstable; similar to the predictions for the previous time series. 

This is consistent with the previous samples and also with the last sample studied. Table 

4.13 contains the errors for prediction by the feedforward network. They show 
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Figure 4.15: Subject 3 ECG, Segment 2 

promising resuhs for predicting up to three points ahead. Table 4.14 contains the results 

fi-om mnning the radial basis fianctions on the ECG recording. The results fi-om this 

Table 4.13: Feedforward Back Propagation Prediction of Subject 3, Segment 2 

Input Nodes 

2 
2 
2 
4 
3 
3 
2 
10 

Hidden Nodes 

2 
2 
2 
4 
3 
3 
2 
10 

X 

0.7 
0.6 
0.7 
0.5 
0.5 
0.5 
0.3 
0.3 

Tl 

0.7 
0.6 
0.7 
0.5 
0.5 
0.5 
0.3 
0.3 

Predicted Points 

1 
2 
3 
4 
5 
10 
20 

— 

RMSE 

0.032598 
0.048513 
0.066415 
0.077920 
0.079647 
0.101012 
0.105746 

26.272594 

prediction also give results that are good, but still have a larger error than the predictions 

from the feedforward network and the recurrent network. The single point prediction 

error for this method is only slightly better than the worst case tested, which was the 

normal heart rhythm of Subject 1. Otherwise, it is the largest error for radial basis flinction 

prediction. 
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Table 4.14: Radial Basis Function with OLS of Subject 3, Segment 2 

Input Nodes 

6 
6 
6 
6 
6 
6 
6 
6 

# Centers 

18 
18 
18 
18 
18 
18 
18 
22 

Training Pairs 

300 
300 
300 
300 
300 
300 
300 
300 

Predicted Points 

1 
2 
3 
4 
5 
10 
20 

— 

RMSE 

0.139075 
0.136110 
0.135057 
0.133261 
0.131666 
0.130052 
0.129507 
0.131535 

The errors for the recurrent network prediction for this ECG segment are slightly 

larger than the errors from the feedforward network but significantly better than the 

prediction by the RBF method. The single point predicted error, shown in Table 4.15, is 

found to be 0.047123. This shows a difiference in the errors of approximately 0.0145 

between the two methods. The graphs in Appendix E show the predictions also to be very 

similar. The point by point prediction for each method again fails to give any good results. 

Table 4.15: Pearlmutter's Recurrent Network Prediction of Subject 3, Segment 2 

# Nodes Predicted Points RMSE 

4 1 0.047123 
4 2 0.066063 
4 3 0.081891 
4 4 0.094752 
4 5 0.108754 
4 10 0.124439 
4 20 0.109952 
4 — 0.115780 
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4.6 Sinus Bradvcardia 

The final segment chosen for prediction is also taken from Subject 3. The prediction 

resuhs from all three methods were found to be the best when mn on this sample. The 

ECG shows presence of sinus bradycardia, described in Chapter III. The graph of this five 

second ECG portion (23:53-23:58) is shown in Figure 4.16. The predicted values fi-om 

the feedforward network are the best of any of the ECG segments tested. The single point 

prediction error, found in Table 4.16, is calculated to be only 0.029781. The graph of this 

prediction, Figure F. 1 (a) in Appendix F, shows the predicted graph to be very similar to 

the actual graph. However, when the number of points predicted at a time reaches four. 

•0.6 
100 200 300 400 500 600 700 800 900 

Figure 4.16: Subject 3 ECG, Segment 3 

the graph becomes erratic and parts of the ECG become unrecognizable. Even though the 

errors shown in the table seem small, the prediction method does not yield good resuhs for 

this many points predicted ahead. 
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Table 4.16: Feedforward Back Propagation Prediction of Subject 3, Segment 3 

Input Nodes 

2 
2 
3 
3 
3 
3 
3 
10 

Hidden Nodes 

2 
2 
3 
3 
3 
3 
3 
10 

X 

0.7 
0.6 
0.6 
0.5 
0.5 
0.5 
0.6 
0.3 

11 

0.7 
0.6 
0.6 
0.5 
0.5 
0.5 
0.6 
0.3 

Predicted Points 

1 
2 
3 
4 
5 
10 
20 

— 

RMSE 

0.029781 
0.049404 
0.061047 
0.065265 
0.066562 
0.079773 
0.079335 
11.044669 

Table 4.17 shows that the radial basis function method also performs well for single 

point prediction. Although the error for this network is larger than that of the feedforward 

network, Figure F.2 (a) in Appendix F indicates that most of the characteristics fi-om the 

actual graph are retained. Only when the number of points predicted reaches four does 

the graph lose most of its original shape. As the number of points predicted at a time 

increases, the shape of the graph begins to resemble rectangles. This is common with the 

radial basis function prediction of all ECG segments used in this study. Point by point 

prediction yields results that are unimpressive. 

Table 4.17: Radial Basis Function with OLS of Subject 3, Segment 3 

Input Nodes 

6 
6 
6 
6 
6 
6 
6 
6 

# Centers 

18 
18 
18 
18 
18 
18 
18 
20 

Training Pairs 

280 
280 
280 
280 
280 
280 
280 
280 

Predicted Points 

1 
2 
3 
4 
5 
10 
20 

—-—— 

RMSE 

0.052577 
0.064468 
0.073686 
0.087051 
0.095173 
0.117485 
0.135112 
0.591288 
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The recurrent network prediction results have slightly higher errors than the 

feedforward network, but the graphs in Appendix F show no noticeable dififerences for the 

small number of points predicted. The errors for the recurrent network are again better 

than those of the radial basis function network. 

The results of the recurrent network are shown in Table 4.18. The error in single 

point prediction using recurrent networks is calculated to be 0.045619, the best result 

Table 4.18: Pearimutter's Recurrent Network Prediction of Subject 3, Segment 3 

# Nodes Predicted Points RMSE 

5 1 0.045619 
5 2 0.063573 
5 3 0.079379 
5 4 0.096806 
5 5 0.107071 
5 10 0.095730 
5 20 0.124072 
5 — 0.179693 

of recurrent network prediction of any of the six segments studied. The graphs of the 

predicted points using recurrent networks show a noticeable difference between the 

prediction of four points and five points. Beyond five points, the predicted values do not 

resemble the actual values. 

The question of whether the parameters used for this method were well chosen can be 

addressed using results from [12]. In this paper, calculations were made for the best 

choice for the correlation dimension, represented by the number of input nodes, and the 

time delay constant for the input values into the calculation of (2.14) by forward 

integration. The results indicate 6 input nodes and a time delay of 4. When these values 

were mn with the data from segment 3 of Subject 3, the results were comparable with the 
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results in Table 4.18. The single point precision error for the new values was calculated to 

be 0.04747, which is a slight difiference from the previous result. This leads to the idea 

that the Pearlmutter results in this paper are at least close to the results that are optimal 

accordingto [12]. 

4.7 Conclusions 

The goal of this paper was to study the predictive capabilities of the three methods 

that were formulated in Chapter II. The results from mnning these networks on the time 

series data generated by digitizing the ECG recordings gave some insight to the limitations 

of these methods in predicting series that are chaotic in nature. The numerical errors 

resulting from mnning the data through the networks may not have been very impressive, 

even for single point precision; however, the graphs generated by the predicted points 

indicate that the major features of the time series can be retained for small periods of 

prediction. 

[Tîsapparent from the graphs generated by the predicted values that the methods 

produce similar results for each sample tested. Therefore, some generalities can be made 

on the predictions. Single point prediction for all three methods worked well. The graphs 

of this type of prediction were identical to the ECG graphs representing the data that was 

being tested. Even two, three and four point prediction resulted in graphs that carried the 

features wanted. The results for 5-point prediction were not as good. Occasionally a 

method had a 5-point prediction that yielded a good graph, but not often. In terms of 

time, even assuming 5-point prediction carried acceptable results, only j ^ ^ of a second 

accuracy could be obtained. 

The best that can be said about these networks in respect to the prediction of ECG 

time series is that they are very good at mimicking the data on which they train. The 

single point prediction results were very positive. However, it must also be noticed from 
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this study that these networks in their present form will have trouble capturing the 

underlying dynamics of the system which they are trying to model. Possibly a part of the 

foundation has been laid for realizing a network that wiU be better adaptive at leaming a 

time series of the nature that was presented here. 
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APPENDIX A 

SUBJECT 1 PREDICTIONS 

46 



1 .5 

0.5 

100 200 300 400 500 600 700 800 900 

(a) Single Point 

100 200 300 400 500 600 700 800 900 

(b) 2-Point 

100 200 300 400 500 600 700 800 900 

(c) 3-Point 

Figure A. 1: Back Propagation Prediction of Subject 1 
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Figure A.l (cont.) 
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Figure A.l (cont.) 
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Figure A.2: RBF Prediction of Subject 1 
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Figure A.2 (cont.) 
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Figure A.3: Pearimutter Prediction of Subject 1 
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APPENDIX B 

SUBJECT 2, SEGMENT 1 PREDICTIONS 
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Figure B. 1: Back Propagation Prediction of Subject 2, Segment 1 
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FigureB.l (cont.) 
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Figure B.2: RBF Prediction of Subject 2, Segment 1 
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Figure B.3: Pearimutter Prediction of Subject 2, Segment 1 
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Figure B.3 (cont.) 
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APPENDIX C 

SUBJECT 2, SEGMENT 2 PREDICTIONS 
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Figure C. 1: Back Propagation Prediction of Subject 2, Segment 2 
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Figure C. 1 (cont.) 

68 



-1.1 

-1.15 

-1.2 

-1.25 

-1.3 [ 

-1.35 

-1.4 

-1.45 

l̂  

200 400 600 800 1000 1200 1400 1600 1800 

(g) 20-Point 

200 400 600 800 1000 1200 1400 1600 1800 

(h) Point by Point 

Figure C.l (cont.) 

69 



200 400 600 800 1000 1200 1400 1600 1800 

(a) Single Point 

200 400 600 800 1000 1200 1400 1600 1800 

(b) 2-Point 

200 400 600 800 1000 1200 1400 1600 1800 

(c) 3-Point 

Figure C.2: RBF Prediction of Subject 2, Segment 2 
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Figure C.3: Pearimutter Prediction of Subject 2, Segment 2 
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SUBJECT 3, SEGMENT 1 PREDICTIONS 
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Figure D. 1: Back Propagation Prediction of Subject 3, Segment 1 
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Figure D.2: RBF Prediction of Subject 3, Segment 1 
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Figure D.3: Pearimutter Prediction of Subject 3, Segment 1 
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APPENDIX E 

SUBJECT 3, SEGMENT 2 PREDICTIONS 
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Figure E. 1: Back Propagation Prediction of Subject 3, Segment 2 

87 



200 400 600 800 1000 1200 1400 1600 1800 

(d) 4-Point 

200 400 600 800 1000 1200 1400 1600 1800 

(e) 5-Point 

200 400 600 800 1000 1200 1400 1600 1800 

(f) 10-Point 

FigureE.l (cont.) 

88 



200 400 600 800 1000 1200 1400 1600 1800 

(g) 20-Point 

0 

-0.02 

-0.04 

•0.06 

•0.08 1-1 

-0.1 

-0.12 

-0.14 

-0.16 

i 
200 400 600 800 1000 1200 1400 1600 1800 

(h) Point by Point 

FigureE.l (cont.) 

89 



000 1200 1400 1600 1800 

(a) Single Point 

200 400 600 800 1000 1200 1400 1600 1800 

(b) 2-Point 

800 

(c) 3-Point 

Figure E.2: RBF Prediction of Subject 3, Segment 2 
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Figure E.3: Pearimutter Prediction of Subject 3, Segment 2 

93 



200 400 600 800 1000 1200 1400 1600 1800 2000 

(d) 4-Point 

200 400 600 800 1000 1200 1400 1600 1800 2000 

(e) 5-Point 

200 400 600 800 1000 1200 1400 1600 1800 2000 

(f) 10-Point 

Figure E.3 (cont.) 

94 



0.3 

0.2 

0.1 

0 

-0.1 

-0.2 

-0.3 

-0.4 

'̂̂ ''''nvi/ i 

200 400 600 800 

(g) 

1000 1200 1400 1600 1800 2000 

20-Point 

200 400 600 800 1000 1200 1400 1600 1800 

(h) Point by Point 

Figure E.3 (cont.) 

95 



APPENDIX F 

SUBJECT 3, SEGMENT 3 PREDICTIONS 

96 



100 200 300 400 500 600 700 800 900 

(a) Single Point 

100 200 300 400 500 600 700 800 900 

(b) 2-Point 

100 200 300 400 500 600 700 800 

(c) 3-Point 

Figure F. 1: Back Propagation Prediction of Subject 3, Segment 3 
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Figure F.2: RBF Prediction of Subject 3, Segment 3 
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Figure F.3: Pearimutter Prediction of Subject 3, Segment 3 
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