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ChapterChapter 5 

Characterizationn of Body 
Surfacee Maps 

Characterizationn and comparison of body surface maps is necessary for the 
localizationn of cardiac arrhythmias, diagnosis of ischaemia, dysplasia, hy-
pertrophy,, and conduction abnormalities. Various methods for comparison 
havee been used, the choice of a method depending on the application. An 
overvieww of these methods is given in this chapter. An improvement for 
onee of these methods, the "nondipolar content," is also presented. — Pre-
sentedd in part at the World Congress on Med. Phys. and Biom. Eng., 1997 [211]. 

5.11 Introductio n 

Multichannell  ECG data are generally to be processed by a computer in some 
wayy to obtain a useful diagnostic parameter. Generally, we may speak of 
"characterizationn of body surface maps." Often characterization is based on 
comparisonn of a map with another map that corresponds to a known diag-
nosis.. An overview of methods for comparison and other diagnostic tools 
iss given in this chapter. Since the term "body surface map" has been used 
withh different meanings, this treatment starts with a definition of terms. 

AA surface ECG recording with many leads wil l be called a multichannel 
ECGG (MECG). The term "total body surface map" (TBSM) has been used with 
thee same meaning. A set of MECGS recorded with the same lead system can 
bee considered as a set of matrices with each matrix having a fixed number of 
rowss (representing leads) and a variable number of columns (representing 
samples),, as depicted in figure 5.1. 

Thee term "body surface map" (BSM) wil l be used to denote one sample 
fromm a multichannel ECG, i.e. a vector or array with one element for each 
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Figuree 5.1: A multichannel electrocardiogram recording is represented by a ma-
trix:trix:  each row is an ECG signal (lead) and each column is a sample. The number of 
signalssignals is usually 64.-256, common numbers of samples range from a few hundreds 
toto many thousands. An "element" is the cross section of a sample and a lead, and 
isis represented by a single number. 

recordingg lead. It represents the distribution of voltages over (a part of) the 
bodyy surface. The term BSM wil l also be used to denote the visualization 
off  this vector, as in figure 1.2 on page 16. The term "body surface potential 
map""  has been used to denote a BSM as well. 

Inn addition, the abbreviations QRSI and QRSTI wil l be used for "QRS in-
tegrall  map" and "QRST integral map," respectively. These objects are intro-
ducedd below. 

Thee term "map" is used for brevity to refer to a BSM, QRSI, or QRSTI, if it 
iss clear from the context what is meant. 

5.1.11 Comparing maps 

Directt comparison of MECGS is only possible if they were recorded with the 
samee system or were converted to the same system, an operation that can 
onlyy be performed if a certain error is allowed [97,98]. 

Twoo different MECG matrices recorded with the same lead system wil l 
havee the same number of rows (representing leads) but generally a differ-
entt number of columns (representing samples). A general measure of dif-
ferencee between matrices with unequal dimensions is not known. In order 
too give a useful answer to the question how MECGS should be compared 
onee must know the purpose of the comparison: this allows summarization 
off  the MECG information in such a way that a comparison can be made. 
Well-knownn purposes are identification of the site of origin of arrhythmias, 
identificationn of pacing sites, and diagnosis of depolarization and repolar-
izationn disorders. Examples of summarizations that are applied, are the QRS 
integrall  map (for localization of arrhythmias) and the nondipolar content 
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(too quantify dispersion of repolarization), which are both discussed below. 
Multichannell  ECGS are determined by several factors. The nature of the 

cardiacc rhythm, the anatomy and condition of the subject, respiratory ef-
fects,, noise, and movements of the subject all have their influence. As could 
bee expected, the influences of the different parameters overlap. For exam-
ple,, algorithms as discussed in chapters 6 and 7 can compute the site of 
originn of an arrhythmia from ECG characteristics but these results are influ-
encedd by respiratory effects and body posture. 

AA method often used to determine the effect of one parameter is to at-
temptt to keep other parameters at stable values, average over parameters 
thatt cannot be stabilized, and then to find the features of a MECG that are 
specificc for the parameter of interest. For example, QRS integral maps may 
bee compared to find the origin of a VT. Respiratory effects are reduced by 
recordingg the maps in a similar respiratory phase. The QRS interval is deter-
minedd by predefined criteria. The effect of noise may be made sufficiently 
smalll  by using high-quality recording equipment, integrating over time, 
andd averaging over several beats. The effect of the patient's condition on 
thee ECG may be reduced by comparing the ECG to those of a patient in a 
similarr condition (e.g. same infarct location). When the influence of other 
variabless has thus been sufficiently reduced it becomes clear that, for exam-
ple,, the pattern of a QRS integral map is very specific for the site of origin, 
andd mathematical analysis teaches that the QRS integral map can, with a 
smalll  error, be parameterized with only 2 parameters. This is discussed in 
sectionn 5.6. 

5.22 Potential Maps 

AA  BSM ("potential map") is one sample (i.e. one column) from a MECG (see 
figuree 5.1). It represents the potential distribution on the body surface at a 
certainn instant. There are several measures of similarity between potential 
mapss in use, such as the summed difference, the RMS error, and the correla-
tionn coefficient. 

Iff  a potential map x, being represented by a set of numbers, is viewed 
ass a set of variates xt where i is the lead number, the most straightforward 
wayy to compare two maps x and u is to compute the correlation coefficient, 
alsoo known as the parametric correlation coefficient, Pearson's r, or Pearson's 
coefficient coefficient 

TT = L U j - x H ^ - y ) ( 1} 

v / f L x t - x W L y i - y ) 2 2 

wheree the summations are over all leads i, x is the mean of all xt and y is 
thee mean of all u {. Because the mean value of a lead over a time interval is 
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meaningfull  in electrocardiography, it is customary not to subtract the mean 
valuess x and y in (5.1) [100,263]. The electrocardiographic correlation coefficient 
iss thus defined as 

PP = .J- l^l (5.2) 

wheree the summations are over all leads i. If each map is geometrically 
interpretedd as a vector in a multidimensional space, two maps can be com-
paredd by the normalized inner product of the vectors, which is computation-
allyy equivalent to the "electrocardiographic" correlation coefficient, p in 
(5.2).. Examples of maps and their mutual correlation coefficients are shown 
inn figure 5.2. 

Thee electrocardiographic correlation coefficient is insensitive to the am-
plitudess (vector norms) of the maps it compares. This property renders it 
usefull  for comparison of maps between subjects because the amplitude of 
ann ECG is highly variable between subjects and is assumed to provide littl e 
informationn about the activation order. 

5.33 Temporal Integration: Integral Maps 

Forr the comparison of MECGS of different lengths it is first necessary to rep-
resentt each of them in a way that makes the representations directly com-
parable.. One method to achieve this is to integrate over the time interval 
considered.. This results in an array containing one element for each lead, 
calledd an integral map. Integration is of course only useful if no relevant in-
formationn is lost by lumping together of several potential maps. This is the 
casee for QRS and p-wave integral maps, which proved to be highly specific 
forr the site of origin or exit site of arrhythmias and paced beats because 
theyy are more stable than the underlying potential maps [236]. 

Localizationn of arrhythmias is an important application of QRS and P-
wavee integral maps (see section 6.5.1); QRST integral maps are used in the 
diagnosiss of repolarization disorders [1,42,44,192,193] (section 5.7). 

Integrall  maps can be compared by the same methods as potential maps. 
Measuress such as the summed difference, RMS error, and correlation coeffi-
cient,, can be computed for pairs of integral maps. Examples of QRS integral 
mapss and their correlations are shown in figure 5.2. 

5.44 Comparing Intervals 

Forr two MECGS of equal length, the correlation coefficient can be computed 
forr each pair of instantaneous maps, and the resulting set of correlation co-
efficientss may be plotted as a correlation curve, which gives an impression 
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a a 
b b 
c c 
d d 

a a 

1 1 

0.86 6 

—0.29 9 

—0.96 6 

b b 

0.86 6 

1 1 

- 0 . 68 8 

- 0 . 74 4 

c c 

—0.29 9 

- 0 . 68 8 

1 1 

0.15 5 

d d 

—0.96 6 

- 0 . 74 4 

0.15 5 

1 1 

Figuree 5.2: Four QRS integral maps and a table of their mutual correlations. 
TheThe correlation between similar patterns is near 1; visually opposite patterns have 
correlationcorrelation near —1. 

off  the development of the similarity of two recordings over time. Corre-
lationn curves have been applied for the localization of anterogradely con-
ductingg atrioventricular pathways in patients with WPW syndrome [54,176], 
andd to determine the accuracy of body surface mapping by observing the 
differencesdifferences between MECGS generated by pacing at closely separated sites 
[76,176].. Examples are shown in chapter 6 (page 115). 

Anotherr method to compare two MECGS of equal length is the "TBSM 
correlation:""  Each MECG is considered as a vector and the normalized dot 
productt of the two vectors is computed. This method is illustrated together 
withh the correlation curve in section 6.5.3. 

5.55 Spatial Integration 

Puree integration of MECGS over space, analogous to the temporal integra-
tionn discussed in section 5.3, is not a common operation in electrocardi-
ography.. Weighted linear and nonlinear combinations of leads are, how-
ever,, quite common. Examples are 1) the "augmented" Einthoven leads, 2) 
thee orthogonal Frank leads [69] (see section 1.2), 3) the SA signal (the sum 
off  the absolute values of all channels, section 6.2), 4) the vector amplitude, 
consistingg of the root-summed-square value of all channels, and 5) signals 
correspondingg to "eigenmaps" resulting from a KL transformation of a MECG 

(sectionn 5.6). The rationale for making combined leads varies.. In case of the 
augmentedd Einthoven leads, the original motivation was to obtain larger 
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potentials,, while the SA signal and vector amplitude are used to summarize 
informationn from a large number of leads. 

5.66 KL Transformation 

Multichannell  ECG data are redundant: each lead or sample of a MECG can 
bee predicted to a certain degree from other leads or other samples, and the 
accuracyy of the prediction increases when the spatial or temporal resolution 
off  the electrode grid increases. 

Forr presentation of body surface maps, this redundancy is not a prob-
lem.. In fact, display software often increases the redundancy by interpolat-
ingg the data between grid points to provide a smooth image, which is more 
agreeablee than an image of the raw data. In case of the surface ECG, smooth-
ingg can be done by minimizing the surface Laplacian, since the Laplacian 
off  the potential distribution is small (zero on the surface of a homogeneous 
torsoo that does not contain current sources or sinks). This kind of interpo-
lationn is used by our group for the display of body surface maps. 

Forr other purposes, redundancy reduction can be useful. A well-known 
examplee is data compression for storage of large amounts of data. In addi-
tion,, complicated analysis programs can be made more efficient by letting 
themm operate on a more compact version of the data. For data compression, 
anyy compression algorithm can be used, whether it is designed specifically 
forr ECG data or not. However, general compression algorithms represent 
thee packed data in such a way that it cannot be easily used for any other 
purposee than unpacking. They are therefore not suitable for efficiency im-
provementt of analysis algorithms. Data compression as a purpose was dis-
cussedd in chapter 2. 

AA data reduction method that is useful for various analysis purposes is 
Karhunen-Loèvee (KL) transformation. This technique can be used for sets 
off  signals that are linearly dependent. We consider a MECG M as a set of S 
signalss with T samples. A sample of the MECG can be considered as a vector 
x,, that is, a weighted sum of a set of basis vectors nt (1 < i. < S): 

s s 
xx = ^ e i n i (5.3) 

i = i i 

wheree ei — x-nt are the weight coefficients. If the basis vectors ĥ  constitute 
thee canonical basis 

(1 ,00 o), (o, 1%0, . . . , 0 ) , . . .. (o , 0 ,1) 

thee weight coefficients e{ are simply the elements of the vector x. Other 
choicess can also be made for the basis vectors. It can be shown that if the 
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basiss vectors are the eigenvectors \J)i of the covariance matrix of the signal 
set,, in order of decreasing eigenvalue, the expectation value of the repre-
sentationn error ||x — xm 11% where 

m m 

ii  = i 

is,, for any m (1 < m < S), smaller than for any other choice of basis vec-
tors.. Transformation by the matrix W = hj)1(.. .4>s] is called Karhunen-
Loèvee (KL) transformation. Determination of W is also known as principal 
componentcomponent analysis. If, analogous to the electrocardiographic correlation co-
efficientt p (5.2), an "electrocardiographic covariance" 

T T 
CiJJ = f Z M u M n (5-5) 

t = i i 

iss used, principal component analysis is equivalent to singular value decom-
position,position, a technique that is frequently used for the solution of possibly 
overdeterminedd or underdetermined sets of linear equations [215]. 

Iff  the S signals are all linear combinations of N linearly independent sig-
nals,, where N < S, the representation error ||x—xm ||2 is zero for N < m < S. 
Inn physiological measurements, this situation usually does not occur. Even 
iff  the measured phenomenon were simple enough, measurement noise and 
artifactss would make all signals slightly independent. In other words, all 
eigenvaluess of the covariance matrix C would be nonzero. However, in case 
off  a MECG, the eigenvalues do become very small (figure 5.3). For many pur-
poses,, a representation with only about ten signals suffices. In chapter 7, a 
representationn with only three elements is used for characterization of QRS 
integrall  maps. 

5.75.7 Nondipolar  Content 

Thee basis vectors i[>t that result from principal components analysis have 
thee same dimensions as potential maps, i.e. samples from a MECG. They 
cann therefore be represented in the same way and are casually referred to 
ass "eigenmaps." In figure 5.4, eigenmaps are presented that were derived 
fromm the covariance of a large set of recordings from different subjects. Note 
thatt the first three eigenmaps have smooth dipolar patterns, whereas the 
otherss show increasing complexity. This phenomenon is observed for all 
setss of eigenmaps derived from large patient data sets [161,211]. Abildskov 
proposedd to use this feature to quantify the "nondipolarity" of body surface 
mapss [1,161]. 
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oo 5 10 15 20 

Figuree 5.3: Representation error for three different maps as a function of the num-
berber of KL coefficients used for the representation. With open circles, the represen-
tationtation error for a simple "dipolar" map pattern is indicated. Such patterns occur 
asas QRST integral maps in normal subjects and as QRS integral maps. The solid 
dotsdots indicate the error for a more complex pattern, while the squares are for a very 
complexcomplex map, typically found in patients with some type of heart disease. The cor-
respondingresponding map patterns are shown in figure 5.5 on page 93. For the first two 
maps,maps, about 10 coefficients suffice to represent the pattern accurately. The third 
mapmap cannot be represented accurately even with 20 coefficients. 

Iff  a normalized map x is expressed in terms of these basis vectors 

s s 
,?? = H c i i i ' i C i ^ x - ^ t (5-6) 

thenn we call the contribution of the first three vectors the "dipolar content," 
andd the contribution of the others the "nondipolar content." Mathemati-
cally,, the nondipolar content N(x) can be defined as 

3 3 

K ( x ) = i - ^ J C i )
22 (5.7) 

ii = i 

Nondipolarr content correlates with the visual impression of nondipolarity 
andd with other diagnostic parameters [1,42,193,211]. This is illustrated in 
figuree 5.5. 

Inn figure 5.6(a), values of nondipolar content are given for maps that 
weree also classified visually as dipolar or nondipolar. Five groups of sub-
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Figuree 5.4: The first six eigenvectors of the covariance of a large set of pooled 
MECGMECG data, shown as maps. The first three "eigenmaps" t\> i have dipolar pat-
terns.terns. The other maps, including the remaining 186 maps that are not shown, have 
nondipolarnondipolar patterns of increasing complexity. 

Figuree 5.5: Three QRST integral maps, (a) A dipolar map with nondipolar con-
tenttent N = 0.05. (b) A map that is nondipolar according to the traditional method 
CNCN = 0.19) and only slightly nondipolar CNS = 0.09) according to the shifting 
method,method, (c) A map that is clearly nondipolar with K = Ns = 0.23. 

jectss were considered: 1) 27 normal controls, all with visually dipolar map 
patterns,, 2) 9 patients suffering from primary electrical disease (PED) having 
visuallyy dipolar patterns, 3) 8 PED patients with visually multipolar map 
patterns,, 4) 53 patients with chronic infarction and visually dipolar map 
patterns,, and 5) 25 infarct patients with visually multipolar map patterns. 

Althoughh the mathematical nondipolar content relates well with the vi-
suall  nondipolarity, there is some overlap in values in figure 5.6 (a). One 
causee of this overlap is the fact that nondipolar content is sensitive to shifts 
inn the map pattern while a human observer is not. 

Forr better compatibility, nondipolar content was computed for left- and 
right-shiftedd maps as well, and the minimum value Ns was reported. The 
resultss of this analysis are shown in figure 5.6 (b). It appears that Ns can sep-
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Figuree 5.6: (a) Percentile graphs of nondipolar content for five groups of sub-
jects:jects: normal controls (NOR) with dipolar map patterns; patients suffering from 
primaryprimary electrical disease (PED), i.e. arrhythmia occurring without structural ab-
normalitiesnormalities of the heart with visually dipolar (d) or nondipolar (n) map patterns; 
andand patients with chronic myocardial infarction (MI), also subdivided in visually 
dipolardipolar and nondipolar map patterns, (b) Values of nondipolar content for the 
samesame five groups as in panel (a) determined with the "shifting method." With this 
method,method, there is no overlap between visually dipolar and nondipolar patterns in the 
PEDPED group, and a reduced overlap in the Ml group. 

aratee patterns that were classified visually as dipolar or nondipolar com-
pletelyy in patients with structurally normal hearts (PED). However, com-
pletee separation is not obtained for patients with previous myocardial in-
farctionn (MI) , although the shifting method does reduce the overlap in this 
groupp considerably. 

Thee nondipolar content is used to estimate repolarization abnormali-
tiess [42] and for risk stratification in patients with primary electrical dis-
easee [193]. 

5.88 A Two-Dimensional Representation of Body 
Surfacee Maps 

Iff  a map pattern has a low nondipolar content, it can be represented in 
termss of the first three eigenmaps ipi (figure 5.4) with only a small error. 
Whenn this error is allowed, the map can thus be described with three coef-
ficientss ci according to equation (5.6). It is usually assumed that the ampli-
tudee of the map provides littl e or no information on some issues, such as the 
locationn of the exit site of an arrhythmia. Thus only the pattern of the map 
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needss to be described, for example by specifying only c2/cx and c /c ,. Al-
ternativelyy the set (cl f c2, c ) may be considered as a vector in a 3-D space, 
andd its direction may be specified by two angles, ignoring the length of the 
vector.. In either way, a 2-D representation of a map is obtained. 

Two-dimensionall  representations of maps are useful for various pur-
poses.. They give a quick overview of the major characteristics of a set of 
mapss and allow a subdivision of the set. Another application is discussed in 
chapterss 6 and 7: QRS integral maps of ventricular paced beats and ventric-
ularr tachycardia are assumed to be determined by the endocardial pacing 
sitee or the exit site. This is a 2-D parameter space. It proves to be possible 
too devise a continuous and bijective mapping from this parameter space to 
thee 2-D truncated QRSI space. This mapping allows to predict the exit site or 
pacingg site accurately from the QRSI pattern. This method is possible due to 
thee low nondipolar content of QRS integral maps, which allows to represent 
themm in 2 dimensions with only a small error. 
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