





the 1992 version of the deterministic program. With respect to the
diagnosis of anterior myocardial infarction, there was 0.5% increase of
specificity in normals but a 1.1% decrease in specificity of reporting
inferior myocardial infarction in normals compared to the 1992 version

of the Glasgow deterministic program.

1990 1992 1994

AMI LSp 95.1% 95.4% 96.4%
AMI NSp 96.3% 98.2% 98.7%
IMI LSp 95.1% 94.0% 91.5%

IMI NSp 99.7% 99.5% 98.4%
Table 6-16 Results of the comparisons of the specificities of

diagnosing anterior and inferior myocardial infarction in the
left ventricular hypertrophy cases (LSp) and normals (NSp)
using the different versions of the Glasgow Program (1990,
1992 and 1994).

6.5 TEST ON ECGs FROM CHINESE
NORMALS

The final modified neural network implanted Glasgow Program (M2) was
also assessed on the 503 Chinese ECGs described in detail in Chapter 3.

The specificity of the diagnosis of anterior and inferior myocardial
infarction was 99% in both cases. This compares with 98.7% and 98.4%
respectively for the 382 Caucasian ECGs in the CSE study analysed by
M2.
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6.6 DISCUSSION

6.6.1 Value of Implanting a Neural Network into the

Deterministic Glasgow Program

As far as is known, this is the first report concerning the implantation of
neural networks into a deterministic program together with modification
of the existing logic for the computer-assisted ECG diagnosis of

myocardial infarction.

There was a clear benefit from using this approach in the diagnosis of
inferior myocardial infarction, whereas no benefit was obtained in the

diagnosis of anterior myocardial infarction.

The major drawback of incorporating a network was shown to be the
sacrifice of the high specificity of reporting inferior myocardial infarction
in left ventricular hypertrophy cases using the original deterministic
program. Thus, additional modifications were subsequently introduced in
order to improve the specificity of reporting myocardial infarction in left

ventricular hypertrophy cases.

The reason why a neural network can not perform better than the
deterministic program with respect to the specificity of diagnosing
myocardial infarction in left ventricular hypertrophy cases may be
ascribed to the fact that left ventricular hypertrophy shows a continuum
of different age, sex, and amplitude dependence. The diagnosis of left
ventricular hypertrophy by the experienced electrocardiographer is also
usually made on the consideration of the age, sex and other clinical

information, e.g. Hypertension, Aortic valvular disease, etc. Under this

211



circumstance, an artificial neural network using only ECG parameters as
input variables normalised solely by amplitude and duration and not
stratified by age and sex factors may not have enough information to
handle this complex situation. Perhaps the only solution for improving
the diagnostic specificity in left ventricular hypertrophy cases would be to
train multiple neural networks corresponding to each age and sex group
normalised by the measurements inside each group. In the time available
for the present study, it was not feasible to collect such an enormous

training material and to train so many networks.

On balance, however, a comparison of the implanted neural network
versus isolated neural network versus Glasgow Program indicates that in
future, the section of the Glasgow Program dealing with inferior
myocardial infarction should contain an implanted neural network. The
situation as regards anterior myocardial infarction is currently less clear.
All attempts to increase performance have not been successful. It might
be worth implanting a neural network for the diagnosis of anterior
myocardial infarction into the Glasgow Program if new parameters could
be found, because it takes longer to develop a section of deterministic

logic than to train a neural network.

It seemed that the performance of various neural networks was not
significantly different if the same set of input measurements was used.
The input parameters used were also a limitation of this software based
neural network approach. Essentially, the neural network uses the same
information collected from the signal processing part of the existing
deterministic logic. This may be an inherent limitation that the
information supplied by the deterministic logic has a plateau and the

performance of the neural network can only be developed to this level. It

212



might be possible that training a neural network with more complete
ECG wave forms rather than maximum amplitudes could further
enhance its diagnostic power in the future. The neural networks required
less time to be developed than a deterministic program and might still be
further refined by new leaming algorithms or new input parameters. It
might also be possible to design a more sophisticated network structure

to perform this task.

6.6.2 Theoretical Consideration

Kolmogorov's theorem has already been mentioned. It was of interest
that the best neural networks for the diagnosis of both anterior and
inferior myocardial infarction had only a single hidden layer. In anterior
myocardial infarction, with 42 inputs, the number of hidden neurons (20)
was well within the limit (2n+1) of the theorem. Paradoxically, in inferior
myocardial infarction with 18 inputs to the network there were 80
hidden neurons and a significant improvement confirmed by the
independent CSE database. Therefore, theory and practice are two

different matters.

6.6.3 Assessment On CSE Database

The results of the assessment of the final version of the program on the
CSE database showed that the sensitivity for each diagnosis was above
the recommended minimum accuracy limits except in the diagnosis of
right ventricular hypertrophy (Tables 6-13 & 6-15). In this case, the fall
in sensitivity of reporting right ventricular hypertrophy from 45% to
39.1% was probably related to the introduction of new continuous

equations for the upper normal limits of amplitude. These equations
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were developed for neonates, children and adults and probably require
adjustment but as their development does not form part of this thesis, no

further comment is offered.

The total accuracy of the program also improved from 71.4% with the
1992 version to 74.0% with the 1994 version, a significant
improvement. In particular, the new 1994 program had a pronounced
improvement in the diagnosis of inferior myocardial infarction and a
small gain in the sensitivity of detecting anterior infarct and mixed
infarct. The new program M2 had already been shown to be better in
the detection of inferior myocardial infarction on the locally collected
second test set. This assessment on the CSE database further confirmed
that the new program is more sensitive in the diagnosis of inferior
myocardial infarction, and suggested that all of the tests undertaken on
the locally collected data were indeed valid because of the mirroring of

trends in each test set.

In the diagnosis of inferior myocardial infarction, there was a decrease of
specificity in both left ventricular hypertrophy cases and normals. In the
diagnosis of anterior myocardial infarction, there was an increase of
specificity in the left ventricular hypertrophy cases and in normals. This
was concordant with the result on the locally collected second test set
where the overall specificity of reporting myocardial infarction
decreased, particularly in left ventricular hypertrophy cases. The
difference in the trend was that the specificity in the normals of the local
test set was 100% for both programs. This might be because the 230
normals collected locally were all ambulatory normals, while 96 cases
inside the 382 normals in the CSE database were in fact patients with

normal coronary arteriograms admitted for the investigation of atypical
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chest pain or ECG ST-T abnormalities at rest or after exercise. These
cases might not be free from microvascular disease, and might have
been reported as myocardial infarction by either the deterministic logic

or the neural network implanted deterministic program..

The sensitivity of diagnosing anterior myocardial infarction did not
change significantly, but the sensitivity of detecting inferior myocardial
infarction had a 10.4% increase on the CSE database and a 19%
increase on the locally collected second test set. This increase was
overdue because the performance of diagnosing inferior myocardial
infarction by the 1992 version of the Glasgow Program (65.8%) was
below the 1990 combined program (68.8%). As regards the diagnosis of
anterior myocardial infarction, every computer program with higher
sensitivity than the Glasgow Program had lower specificity in normals in
the 1990 CSE study (Willems et al, 1991). The 1992 version of the
Glasgow Program (72.6%) was slightly less sensitive than the average

(74.5%) in the diagnosis of anterior myocardial infarction.

The neural network technique considerably increases the sensitivity in
diagnosing inferior myocardial infarction but not anterior myocardial
infarction. This may be because the deterministic Glasgow program
diagnosis of anterior infarct already has reached a diagnostic plateau
and can not be improved without sacrificing the specificity in normals as
shown by comparing the 1990 CSE study results (Willems et al, 1991)
with the 1992 results. The 94.0% specificity for normals in 1990 was
caused by low R waves in V2, V3 being misinterpreted as anteroseptal
infarction. When this was corrected in 1992 by adding the need for
inverted T waves to accompany low R waves for the diagnosis of anterior

myocardial infarction, the specificity in normals increased to almost 97%
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but the sensitivity in the CSE classification of anterior myocardial
infarction fell from 77.9% to 72.6%, showing the direct link between

sensitivity and specificity.

On the other hand, in inferior myocardial infarction, the 1992 version
gave a sensitivity of 65.8% which approached the sensitivity of the 9
combined programs (Table 6-14) and yet the use of the network
produced a significant improvement. In this case, the benefit of using a

neural network is clear.
6.6.4 Assessment On Chinese Normals

The neural networks implanted in the modified deterministic program
were also assessed on the 503 ECGs from the Chinese normals used in
the chapter 3. The result showed 99% specificity in normals for both
anterior and inferior myocardial infarction which was lower than in the
locally collected 230 Caucasian normals (100% for both anterior and
inferior myocardial infarction) but higher than in the CSE database 382
Caucasian normals (98.7% for anterior myocardial infarction and 98.4%
for inferior myocardial infarction). The reason for this discordance in the
results might be based on the fact that the way of collecting Chinese
normals was not the same as that of collecting the CSE normals, i.e.
there were no patients with chest pain or abnormal ST-T changes

included in the Chinese cohort.

The results of Chapter 3 and Chapter 6 raise the question of whether
the training of neural networks should be race dependent. On the one
hand, the 99% specificity of the neural networks developed in

Caucasians and tested in Chinese suggests that the approach need not
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be race dependent. On the other hand, the results may disguise racial
dependence because normals should not exhibit significant Q waves in
the inferior or anterior leads in any event, while the modifications to the
logic also inhibited the false positive diagnosis of myocardial infarction in
the presence of small R waves. On balance, because there is known
racial variation in these ECG parameters, especially in amplitude
measurements, between Caucasians and Chinese in each corresponding
age group as demonstrated in Chapter 3 and a previous study
(Macfarlane, Chen & Chiang, 1988), logically, the neural network for
the diagnosis of myocardial infarction should also be trained with
materials from different races. Thus, in future, it might be valuable to
recruit myocardial infarction and left ventricular hypertrophy cases from

the Chinese population for further study of neural networks.

6.6.5 Advantages of Neural Network Implantation

The present study has shown that the incorporation of an artificial neural
network in a deterministic program has the following advantages over

using either alone:

(1) There is improved control of specificity in diagnosing
myocardial infarction in left ventricular hypertrophy
cases.

(2) Reasons can be retained together with diagnostic
statements, in order to provide more support for the
diagnosis of certain abnormalities, e.g. "T inversion is
also present” provides supplementary evidence of
reporlarisation abnormalities in the diagnosis of
myocardial infarction. In addition, this can also provide
more information and reassurance to the less
experienced physicians in clinical decision making.
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(3)

(4)

More control is obtained compared to using a single
neural network in isolation for diagnosing all major
abnormalities.

It is possible to preserve the timing of events, e.g.
acute, old, etc. which can not be obtained from the use
of single neural network in isolation unless it is trained
with large numbers of suitably classified cases and has
multiple output neurons as appropriate. Alternatively, if
neural networks are used in isolation, it would be
necessary to train one neural network for each
classification, i.e. old, acute etc. and so there would be
multiple neural networks involved for the diagnosis.
Another consideration is that the collection of the
training materials and the time needed for training is
not economical compared to the incorporation of the
neural networks into an existing deterministic program.

6.7 CONCLUSIONS

The implantation of a neural network into the deterministic program
together with modification of the logic improved the sensitivity but
decreased the overall specificity in normals for the diagnosis of either
anterior or inferior myocardial infarction compared to the original
deterministic program. The enhanced sensitivity was more pronounced
in inferior myocardial infarction which was the same as demonstrated in

the experiments using neural networks in isolation.

It was learned that various methods of implanting a neural network into
the logic with different modifications can lead to different results. Thus,

the selection of the optimal point inside the deterministic logic for
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incorporation and the choice of a suitable method of modification has an

important influence on the performance of the program.

In conclusion, the neural network implanted deterministic program has
an improved performance and clearly can be of use in the computer-
assisted ECG diagnosis of myocardial infarction. Further improvements,

however, can still be expected.
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CHAPTER 7

CONCLUSIONS

7.1 GENERAL CONCLUSIONS

Several conclusions can be drawn from the current experience based on

the study of the normal derived vectorcardiograms and the use of neural

networks for the diagnosis of atrial fibrillation and myocardial infarction.

(1)

(2)

The artificial neural network approach can be beneficial if used
selectively for certain diagnoses, e.g. it has been shown in the
present study that a neural network implanted into deterministic
logic together with some modification of the existing logic can
improve performance dramatically in the diagnosis of inferior
myocardial infarction (10.4% increase of sensitivity on the CSE
database). On the contrary, there was no such improvement in the
diagnosis of anterior myocardial infarction (0.3% increase of
sensitivity on the CSE database), underlining the selective nature of

the benefits of neural networks.

It is also demonstrated from the present study that the neural
network implanted deterministic program (using only twelve-lead
ECG measurements) can produce the equivalent diagnostic
accuracy (74%) on the CSE database as the Modular ECG Analysis
System program (Kors et al, 1992) which (i) combined 12-lead ECG
and derived VCG interpretations to obtain 73.6% accuracy, and (ii)
combined 12-lead ECG and Frank VCG interpretations to obtain
74.2% accuracy. The accuracy of this 12-lead ECG program alone
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(3)

(4)

(5)

(6)

was 69.8%. However, this thesis has demonstrated that if the
appropriate 12-lead ECG measurements are used, there appears to
be no gain from adding VCG parameters to ECG measurements

for automated ECG analysis.

This study has shown that it tékes considerably less time and
experience to develop a well trained neural network than to
produce a specific section of deterministic logic for the diagnosis of
atrial fibrillation or myocardial infarction in order to achieve at least
an equivalent performance. An artificial neural network may even
be considerably superior to the original well developed deterministic
logic as exemplified in this study with respect to the detection of

inferior myocardial infarction.

Artificial neural networks can be integrated with an existing
deterministic program to assist its interpreting capability. The
neural network integrated deterministic program can have the
advantage of preserving the diagnostic reason statements and the
timing descriptors (old, acute) for myocardial infarction statements

which can further clarify the diagnosis for physicians.

In some situations, the choice of diagnostic parameters appears to
be more important than using either a neural network or

deterministic logic as shown in the study of atrial fibrillation.

The use of the artificial neural network approach is unlikely to
provide the solution to all the diagnostic classification problems in
computer-assisted ECG interpretation, e.g. the age, sex and racial

variations of the twelve-lead ECG reported previously (Macfarlane,
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Chen & Chiang, 1988) and of the derived VCG measurements as
demonstrated in the present study (Chapter 3; Yang & Macfarlane,
1994 b&c) cannot easily be dealt with by a single neural network.
Although the use of multiple neural networks trained according to
age, sex and race could be a solution, it is impractical to obtain
such training materials without an extremely large scale

international effort.

Although "Kolmogorov's theorem" (i.e. Twice the number of input
neurons + 1 = optimum number of hidden neurons) predicts the
sufficient number of hidden neurons for computing any arbitrary
continuous function, in this study neural networks with a sufficient
number of hidden neurons did not always perform better than other
neural networks either in the detection of atrial fibrillation (chapter
4) or in the diagnosis of myocardial infarction (chapter 5). The
experience of the present study suggests that there is no means of
predicting the optimum topology or the performance of a neural
network before it is assessed by the test set. Performance in the
present study was evaluated by the Association Index, with
emphasis being placed on obtaining a high specificity for a

particular diagnosis.

7.2 LIMITATIONS OF THE CURRENT STUDY

There are so many waveform measurements in electrocardiograms that

the possibility of training a single neural network to interpret all ECGs

accurately with high specificity is limited. Indeed, a patient with an old

myocardial infarction may well have a normal ECG, so that myocardial

infarction can not be diagnosed either by the deterministic or neural
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network approach, or even by the experienced electrocardiographer
(Figs 7-1 & 7-2). In other words, the limitations of artificial neural
networks are closely related to the inherent limitations of
electrocardiography itself in the diagnosis of myocardial infarction,
because the gold standard used is the clinical diagnosis, whereas in the
diagnosis of atrial fibrillation, there is no such clinically related problem,
because the gold standard of the rhythm diagnosis is the ECG wave form
itself. On the other hand, the number of ECGs collected is never
sufficient for use in the training set for a neural network. The more
varieties of ECGs of certain classifications used in the training process,
the better will be the performance of the neural network in diagnosing
that abnormality. Therefore, it is still possible that more training material
will be collected for the development of neural networks in the future. In
addition, this study has used a limited number of measurements for each
lead. Perhaps newer approaches combining detailed classification of ST-
T segments (Edenbrandt, Devine & Macfarlane, 1992) with separate Q

wave classification networks will offer further improvement.

7.3 ARTIFICIAL NEURAL NETWORKS versus
DETERMINISTIC CRITERIA

Deterministic methods appeal more to the cardiologist than neural
network approaches because they are more readily understood.
Deterministic criteria may also be selected on the basis of a knowledge of
well-established electrophysiological processes. This approach is also
reasonably flexible so that alterations to existing criteria can be
implemented, and new diagnostic categories easily added (Bailey &
Horton, 1977;»Kors & van Bemmel, 1990). However, the deterministic

approach sets sharp thresholds for decision making. If, for example, a
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30 msec Q wave is required for the diagnosis of myocardial infarction,
then any value less than this is not considered to represent infarction,
even 29 msec, but in the clinical situation, a cardiologist will not
discriminate to such a level and will interpret the pattern as a whole.
Artificial neural networks have a mathematically more complex way of
associating an ECG pattern with a diagnosis which is completely different

from and more flexible than the deterministic logic.

In making an ECG interpretation, an experienced electrocardiographer
considers other wave forms, e.g. ST-T changes and demographic
characteristics, namely, age, sex, race, symptoms and signs as well as
clinical history. In essence, electrocardiographers follow Bayesian
probability theory in ECG diagnosis, and subconsciously use more

flexible thresholds for the actual ECG measurements.

7.4 THE FUTURE OF ARTIFICIAL NEURAL
NETWORKS IN ELECTROCARDIOGRAPHY

The use of neural networks as well as deterministic and statistical
approaches for ECG analysis requires a substantial amount of data from
different populations since it is known that ECG and derived VCG
parameters vary according to age, sex, and race. The present study has
underlined these differences by looking at the derived VCG in Caucasians
and Chinese but it was not feasible to pursue these differences by
obtaining training cases of myocardial infarction, etc., in Chinese
patients. Therefore, it is also reasonable to predict that in the future,
race-related training sets will be used to design neural networks to

enhance computerised ECG interpretations.
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It would certainly be possible to train multiple neural networks each using
only a single lead measurements (e.g. three neural networks, which use
V2, V3 and V4 measurements as inputs respectively, but run together
for the diagnosis of anteroseptal myocardial infarction) and to introduce
new diagnostic parameters as input variables in order to improve
performance. It is also feasible to classify QRS and ST-T segments
separately. This could lead to the incorporation of multiple artificial
neural networks at particular points of the deterministic logic. In other
words, within a deterministic program, it is quite conceivable that a
whole series of neural networks could be invoked to determine whether
or not a set of ECG wave measurements was suggestive of atrial
fibrillation, anterior or inferior myocardial infarction, myocardial
ischaemia etc. The present study therefore represents a step forward in
utilising artificial neural networks in a limited but realistic manner in

automated ECG interpretation.
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APPENDIX 1
SUPPLEMENTARY TABLES FOR CHAPTER 3

Table 3-6 Magnitude of the projection of the maximal QRS vector onto
the frontal(F), horizontal(H), and right sagitta(R) planes in 1555
Caucasians [microVolts]

Age <30 30-39 40-49 50-59 60+
F male M+SD | 20394525 | 180214489 | 15864462 | 15034424 | 14014373
Range 1083-3146 | 874-2936 728-2493 780-2485 848-2081
F female | M+SD | 15384404 | 15124420 | 12894369 | 12884334 | 12681524
Range | 722-2462 | 740-2384 743-2067 677-1961 552-2309
H male M1SD | 2088+515 | 18504475 | 16404427 | 15364390 | 14174363
Range 1074-3205 | 1004-2891 | 858-2586 897-2335 | 861-2146
H female | M+SD | 15064392 | 1504+400 | 1306+355 | 13124312 | 12704475
Range | 696-2422 | 881-2380 759-2008 691-2014 | 799-2240
R male M+SD [ 17484605 | 14854580 [ 12264452 | 10704402 | 11184406
Range | 796-3315 561-3075 515-2221 491-1862 | 528-1918
R female | MiSD | 12784442 | 12544432 | 10184349 1021i362 8204298
Range | 519-2277 643-2209 395-1777 421-1857 | 591-1281
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Table 3-7 Magnitude of the projection of the maximal QRS vector onto
the frontal(F), horizontal(H), and right sagittal(R) planes in 503 Chinese
[microVolts]

Age <30 30-39 40-49 50-59 60+

F male MiSD | 18914468 | 17461464 | 16524473 | 16504412 | 166214489

Range 1061-2961 | 904-2622 | 711-2660 1027-2520 | 794-2465

Ffemale | MiSD | 14974350 | 14964319 | 13714342 | 142314351 | 14064394

Range | 872-2011 903-2010 657-2247 854-2072 | 944-2363

H male MiSD | 18764475 | 1705+390 | 16491419 | 15924411 | 16081467

Range 1174-2852 | 1132-2359 | 934-2459 962-2431 732-2452

Hfemale | M+SD | 13114326 | 13614296 | 13424342 | 13884338 | 13564365

Range | 756-2122 | 884-1998 951-2310 818-2083 774-2266

R male M+SD | 15124559 | 13474497 | 11944406 | 10794521 | 10861430

Range | 754-2792 | 596-2388 586-2085 503-2795 532-1872

R female | M+SD | 11644395 | 1082+344 | 10404371 | 9524308 8731328

Range | 496-2055 481-2058 520-1917 426-1585 429-1488
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Table 3-8 Magnitude of the projection of the maximal T vector onto
the frontal(F), horizontal(H), and right sagitta(R) planes in 1555
Caucasians [microVolts]

Age <30 30-39 40-49 50-59 60+

F male MiSD | 527+199 4721174 424+177 | 392+161 | 430+190

Range 197-1002 159-855 158-838 129-783 111-708

F female | MiSD | 396+130 3774135 324+122 | 3194124 | 305%151

Range 170-681 161-704 90-581 104-591 79-691

H male M<SD | 649+196 587176 543+173 | 5214179 | 4974201

Range | 302-1088 280-992 257-945 213-911 146-968

H female | MiSD | 403+136 3944130 3384122 | 331+114 | 309+147

Range 172-730 191-729 96-577 99-625 162-614

R male M+SD | 5154169 4611154 430+£146 | 414+148 | 403+165

Range | 212-895 216-830 176-758 159-714 132-762

R female | M+SD | 2974110 286197 25490 255483 2461104

Range | 110-595 | 110491 | 93-461 110415 | 157-474
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Table 3-9 Magnitude of the projection of the maximal T vector onto
the frontal(F), horizontal(H), and right sagittal(R) planes in 503 Chinese
[microVolts]

Age <30 30-39 40-49 50-59 60+

F male M=SD 530+166 | 470+£196 | 416+156 | 4324196 | 3774155

Range 209-836 | 119-893 | 127-758 117-767 | 152-715

F female Mz+SD 406x111 | 377+133 [ 325107 | 287+136 | 2854127

Range 205-600 | 129-625 | 149-499 | 77-579 123-579

H male Mz=SD 639+176 | 573+184 | 503+173 | 506+189 | 4321141

Range 319-963 | 290-895 | 224-879 | 155-848 [ 220-790

H female M+SD 3844113 | 3724146 | 319+124 | 293+141 | 2754129

Range 203-557 | 131-680 | 136-653 | 81-613 124-558

R male M1SD 473+141 | 433+141 [ 354+146 | 3604129 | 325+123

Range 221-777 | 213-733 | 127-690 | 121-621 154-598

R female M+SD 258498 245107 | 218485 198180 183473

Range 130-448 | 87-574 103-376 | 55-339 77-334
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Table 3-10 96-percentile ranges of angles of the projection of maximal
QRS vector onto the frontal(F), horizontal(H), and right sagittal(R) planes
in 1555 Caucasians [degrees]

| Age <30 30-39 40-49 50-59 60+
F male 12-63 0-+57 -3-+454 -1-+43 -6 - +58
F female 13-59 16-54 6-48 6-53 0-47
H male -105-+14 | -100-+422 | -104-+432 | -116-+25 -109 - +25
H female -85 -+4 -97--5 -109 - +13 -108 - +16 -107 - +27
R male 33-190 16-212 22-207 25-204 115-180
R female 70-199 101-193 64-200 38-195 83-183

Table 3-11 96-percentile ranges of angle§ of the projection of maximal

QRS vector onto the frontal(F), horizontal(H), and right sagittal(R) planes
in 503 Chinese [degrees]

| Age <30 30-39 40-49 50-59 60+
F male 7-60 6-51 9-57 5-66 3-56
F female 16-67 8-52 9-49 1-45 5-43
H male -69 - +20 =77 - +46 =71 - 421 -113 - +17 -106 - +29

H female -101 - +8 -66 - +26 -91 - +19_ -66 - +32 -48 - +23

R male 92-197 11-186 87-183 11-187 36-180

R female 80-178 54-194 27-184 21-221 27-204
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Table 3-12 96-percentile ranges of angles of the projection of maximal
T vector onto the frontal(F), horizontal(H), and right sagittal(R) planes in
1555 Caucasians [degrees]

| Age <30 30-39 40-49 50-59 60+
F male 1-60 6-53 3-56 3-51 10-81
F female 8-50 9-48 9-56 7-53 0-153
H male 13-81 5-79 6-77 2-78 2-65
H female -15 - +62 -15 - +68 10-77 -18 - +77 -6-+105
R male -4 - +66 -1-+84 -1 - +69 -2 - +89 4-85
R female 0-+110 -3 - +100 -5 - 482 -12 - +103 0-102

Table 3-13 96-percentile ranges of angles of the projection of maximal

T vector onto the frontal(F), horizontal(H), and right sagittal(R) planes in
503 Chinese [degrees]

Age <30 30-39 40-49 50-59 60+
Fmale 5-43 1-46 5-43 -4-44 2-46

F female 6-47 -2 - +65 10-58 -1 - +66 -19 - +59
H male 20-62 5-73 11-67 13-69 -1-+60

H female -22 - +55 -50 - +52 -47 - +50 -31 - +67 -34 - +48

R male -1 - +62 -4 - +69 2-56 -5 - +62 0-86

R female -55 - +109 -41 - +174 -85 - +138 -40 - +129 -26 - +120
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Table 3-14 Magnitude of the projection of the initial 20 mS QRS
vector onto the frontal(F), horizontal(H), and right sagittal(R) planes in
1555 Caucasians [microVolts]

Age <30 30-39 40-49 50-59 60+

F male M1SD | 165128 | 1921140 | 193+187 | 2404167 | 210+159

Range [ 20-468 20-549 17-766 32-575 39-482

Ffemale | M3SD | 183+140 | 1654100 | 2104154 | 207+136 | 2174160

Range | 21-554 28-399 10-475 19-675 87-667

H male MiSD [ 450+190 | 385+168 | 357+154 | 347+153 | 3161146

Range 143-898 132-786 105-809 105-684 69-562

H female | M3SD | 347+147 | 3294134 | 295+113 | 330£156 | 294+179

Range 127-665 121-641 126-531 109-749 97-731

R male MiSD | 4244188 | 339+164 | 299+128 | 2854118 | 2661145

Range | 94-876 99-776 85-629 98-563 85-586

R female | M3SD | 312+144 | 2934138 | 2384106 | 2514126 | 2364135

Range 107-645 99-776 43-479 73-702 32-486
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Table 3-15 Magnitude of the projection of the initial 20 mS QRS
vector onto the frontal(F), horizontal(H), and right sagittal(R) planes in
503 Chinese [microVolts]

Age <30 30-39 40-49 50-59 60

F male MiSD | 241+158 | 260£172 | 3204200 | 2414220 | 3474213

Range | 47-579 56-597 81-593 21-686 33-724

Ffemale | MESD | 2194205 | 266+183 | 2744190 | 303200 | 3644290

Range 14-506 29-600 56-657 48-657 28-861

H male M+SD | 4914220 [ 4354200 | 463+206 | 3941189 | 4314208

Range 170-815 163-845 154-719 157-804 132-782

H female | M+SD | 4703226 | 4274191 | 431+215 | 3954186 | 446+257

Range 139-955 189-758 188-711 85-729 82-865

R male M2SD | 4284215 | 3304196 | 343+146 | 3154124 | 287+131

Range 139-730 87-739 129-583 101-519 111-520

R female | MiSD | 4163206 | 3394157 [ 361+193 | 2744135 | 268+149

Range | 122-823 163-696 140-540 87-594 68-525
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Table 3-16 Magnitude of the projection of the initial 30 mS QRS
vector onto the frontal(F), horizontal(H), and right sagittal(R) planes in
1555 Caucasians [microVolts]

Age <30 30-39 40-49 50-59 60+
F male M+SD | 810+374 868+373 8821349 9021348 885£236
Range | 210-1610 259-1828 288-1860 223-1717 370-1199
F female | MiSD | 8741322 8191286 8241265 8894281 8761464
Range '267- 1600 274-1318 397-1551 280-1359 228-2219
H male M£SD | 8604325 8981340 905330 9094327 8741242
Range | 333-1564 379-1784 399-1788 342-1706 466-1252
H female | MESD | 8174301 760259 793424 87114268 85114443
Range | 286-1594 320-1241 424-1443 384-1377 245-2122
R male MiSD | 6431276 5634294 5144238 459+197 4581230
Range | 237-1400 178-1219 191-1174 195-907 186-966
R female | MiSD | 6071262 536+198 4784202 5161256 3784170
Range | 229-1333 213-967 174-973 194-1416 139-658
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Table 3-17 Magnitude of the projection of the initial 30 mS QRS
vector onto the frontal(F), horizontal(H), and right sagittal(R) planes in

503 Chinese [microVolts]

Age <30 30-39 40-49 50-59 60+

F male M1SD | 9624487 | 9294457 1031+368 | 10214343 | 11074395
Range | 194-1667 | 134-1690 | 526-1726 | 458-1557 | 491-1669

F female | MESD | 9524348 | 9184358 | 921+394 | 10134333 | 9994471
Range | 431-1519 | 201-1675 | 123-1473 | 495-1474 | 376-1695

H male M1SD | 998+393 | 9364394 1048+316 .| 1013+301 | 1098+373
Range | 352-1498 | 310-1570 | 556-1650 | 604-1466 | 607-1703

H female | M+SD | 8661314 8534302 | 9091366 10061305 | 10184368
Range | 397-1526 | 447-1532 | 279-1514 | 506-1455 | 468-1582

R male M1SD | 7064270 | 6471307 600+228 5454240 | 540+178
Range | 305-1292 | 284-1247 | 257-949 248-951 303-797

R female | M1SD | 681+291 5884229 | 5234287 | 499+207 | 4854212
Range | 296-1248 | 302-1029 | 163-957 220-827 187-869
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Table 3-18 Angle of the projection of the initial 20 mS QRS vector

onto the frontal(F), horizontal(H), and right sagittal(R) planes in 1555
Caucasians [degrees]

Age <30 30-39 40-49 50-59 60+
F male Mean | -27 -12 0 +10 0
Range | -177 - +162 | -169 - +157 | -164 - +160 | -160 - +159 | -123 - +95
F female | Mean | +6 -7 +16 +9 +25
Range | -170-+163 | -171-+4173 | -136- +163 | -143 - +108 | -142 - +161
H male Mean | +83 +70 +63 +63 +58
Range | +19-+127 | 0-+131 -9 - +117 +12- 4122 | +1-+109
H female | Mean | +64 +69 +56 +47 +58
Range | -35-+123 +10-+123 | -8-+111 -24-+110 | 0-+178
R male Mean | +2 +6 +13 +13 +13
Range | -26 - +80 -33 - +89 -23-+4112 | -18-477 -35 - +81
R female | Mean | +17 +10 +23 +27 +22
Range | -25-+142 | -24-+69 -15-+107 | -23-+119 | -11-484
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Table 3-19 Angle of the projection of the initial 20 mS QRS vector
onto the frontal(F), horizontal(H), and right sagittal(R) planes in 503

Chinese [degrees]

Age <30 30-39 40-49 50-59 60+
F male Mean | -13 -16 0 0 +7

Range | -154 - +162 | -150 - +155 | -73 - +55 -136 - +83 | -77 - +76
F female | Mean | +10 +5 -5 +6 +3

Range | -132-+93 | -160-+105 | -122-+50 | -134-+69 | -72- +58
H male Mean | +71 +71 +51 +59 +53

Range | +9-+118 +21-+115 | 0-+492 +19-+105 | +19-+99
H female | Mean | +58 +63 +49 +48 +45

Range | +5 - +105 +2-+113 -1-+110 | +8-+128 | +10-494
R male Mean | 45 +5 +12 +12 +12

Range | -24 - +40 -23 - +50 -29 - +84 -14 - +55 -19 - +48
R female | Mean | +19 +16 +17 +17 +16

Range | -20 - +68 -15 - 482 -37 - 490 -31- 475 -30 - +68
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Table 3-20 P wave amplitude in three orthogonal leads in 1555
Caucasians [microVolts]

Age <30 30-39 40-49 50-59 60+

X male M1SD 71422 74121 73+£22 74121 68125

Range 31-119 32-118 36-132 43-123 24-119

X female M+SD 69420 76122 76123 78421 75+26

Range 33-122 36-122 41-124 37-128 30-138

Y male M<SD 111451 11044 | 109442 | 105341 109441

Range 21-236 35-215 39-212 36-198 49-178

Y female M+SD 110448 119451 108144 113442 | 116160

Range 23-223 29-235 34-214 42-198 26-233

Z male M1SD 51121 46+21 42418 41420 45+25

Range 20-95 13-111 13-84 13-80 14-93

Z female M+SD 44117 42417 40+17 38+16 35+13

Range 14-81 14-85 12-82 11-65 10-60
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Table 3-21 P wave amplitude in three orthogonal leads in 503 Chinese

[microVolts]
Age <30 30-39 40-49 50-59 60+
X male M1SD 57+17 61122 66x15 69+18 65116
Range 29-95 22-93 41-100 40-102 36-92
X female | MtSD 59+17 64116 68117 69428 80421
Range 35-94 32-90 38-99 37-156 46-117

Y male M+SD 111+56 122445 | 102443 | 112448 | 120440

Range 25-214 42-218 34-164 33-193 50-190

Y female | M+SD 105%51 110459 112429 122168 120437

Range 26-203 31-239 62-167 43-199 40-184

Z male MtSD 45%19 37114 34114 3412 3114
Range 12-93 15-69 13-66 16-61 12-67
Z female | M+SD 40+13 40+14 41£15 37+15 37+15
Range 16-61 19-76 19-74 10-60 14-63
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Table 3-22 P wave duration in

Caucasians [m$S]

three orthogonal leads in 1555

| Age <30 30-39 40-49 50-59 60+

Male M1SD 98+14 103+11 107411 108+11 110+12
Range 66-122 78-124 86-128 80-128 90-130
Female M+SD | 97+11 100+10 104£10 104+13 104+12
Range 72-116 78-116 82-124 64-128 88-130

Table 3-23 P wave duration in three orthogonal leads in 503 Chinese

[mS]

| Age <30 30-39 40-49 50-59 60+
Male M+SD 10316 106+13 105412 107411 109+11
Range 66-134 86-132 76-124 84-124 82-122
Female M£+SD | 96413 104+19 109£19 106+13 112+16
Range 64-118 70-148 86-148 80-132 78-140
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Table 3-24 R wave amplitude in three orthogonal leads in 1555
Caucasians [microVolts]

Age <30 30-39 40-49 50-59 60+

X male M+SD | 1662+457 | 15334431 | 1403430 | 13754380 | 1200+362
Range | 937-2800 | 686-2445 662-2417 720-2014 | 744-1932

X female | M3SD | 12261339 | 12264365 | 1106+323 | 11184285 | 12781464
Range | 565-1961 579-1970 620-1749 592-1761 539-2225

Y male M+SD | 11614458 | 9094455 6864392 5774338 6461392
Range | 327-2238 138-2125 40-1508 109-1460 84-1502

Y female | M3SD | 9064343 873+317 6551259 6141308 5494212
Range | 319-1749 | 297-1481 237-1163 135-1309 245-1155

Z male M2SD § 5194227 4241243 3661186 357+168 3114187
Range | 154-1022 | 91-1067 49-868 103-706 56-669

Z female | MiSD | 3321149 3174146 2554118 2631144 319+143
Range | 74-700 103-667 45-490 60-725 68-563
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Table 3-25 R wave amplitude in three orthogonal leads in 503 Chinese
[microVolts]

Age <30 30-39 40-49 50-59 60+

X male MiSD | 15761400 | 14614368 [ 14361430 | 14444408 | 14851484

Range | 883-2571 826-2148 | 681-2266 | 717-2218 734-2298

X female | M4SD | 11344327 | 12024297 [ 11734311 | 12844336 | 12394405

Range | 660-1755 717-1742 | 510-1995 640-1839 700-2191

Y male M3SD | 9661502 8911481 765+395 7441439 7201442

Range | 79-1935 38-2073 151-1538 192-1766 170-1615

Y female | M+SD | 916+332 869+277 7124267 6344287 5854311

Range | 348-1634 313-1386 191-1187 196-1220 120-1180

Z male M+SD | 526+250 5021232 3974227 407+171 4241186

Range | 136-969 210-1136 | 60-927 155-754 118-720

Z female | M+SD | 3924239 369+129 325146 3641181 3584206

Range | 97-1165 131-600 114-644 100-757 100-881
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Table 3-26 S wave amplitude in three orthogonal leads in 1555
Caucasians [microVolts]

Age <30 30-39 40-49 50-59 60+
X male MiSD | [-270]£175 | [-260]£197 | [-289]+176 | [-253]+166 [ [-345]+181
Range | [-640]-[-61] | [-650]-[-66] { [-568]-[-99] [ [-582]-[-91] | [-622]-[-94]
X female | MiSD | [-168]+100 | [-199]+110 | [-181]+140 | [-196]+135 | [-164]+98
Range | [-364]-[-52] | [-337]-[-64] | [-341]-[-42] | [-416]-[-61] | [-344]-[-42]
Y male M+SD | [-157]193 [-184]+161 | [-172]+127 | [-174]*+155 | [-178]+140
Range | [-306]-[-36] | [-419]-[-42] | [-402]-[-35] | [-372]-[-49] | [-446]-[-48]
Y female | M+SD | [-145]+88 [-139]£117 | [-136]+108 | [-161]1+94 [-181]+104
Range | [-269]-[-46] | [-292]-[-53] | [-251]}-[-37] | [-286]-[-59] [ [-408]-[-102]
Z male MiSD | [-1383]4471 | [-1049]+372 | [-989]+353 | [-865]+322 [ [-811]+307
Range | -2056--633 | -1676 --534 | -1519 - -475 | -1361 - -373 [ -1285 - -439
Z female | M3SD | [-916]£328 | [-990]+388 | [-792]+270 | [-744]+301 | [-658]+253
Range | -1503 - -423 | -1530 - -528 | -1253 - -436 | -1315 - -338 | -1097 - -271
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Table 3-27 S wave amplitude in three orthogonal leads in 503 Chinese

[microVolts]
Age | <30 30-39 40-49 50-59 60+
X male M1SD | [-264]+214 | [-328]4238 | [-309]x163 [ [-260]+196 [ [-342]+193
Range | [-35]-[-695] | [-63]-[-743] | [-65)-[-589] [ [-62]-[-495] | [-102]}-[-612]
X female | M#SD | [-210]+161 | [-171]4123 | [-212]493 | [-226]+121 | [-282]+194
Range | [-43]-[-481] [ [-66]-[-342] | [-94]-[-321] [ [-92]-[-357] [ [-82]-[-657]
Y male | M4SD | [-175]4129 | [-115]485 | [-174]+100 | [-136]+158 [ [-89]+52
Range | [-42]-[-428] | [-32]-{-269] | [-33]-[-403] | [-30]-[-239] [ [-35]-[-159]
Y female | MiSD | [-142]192 [-127]+67 [-144]£90 [-164]£141 | [-1711477
Range | [-54]-[-322] | [-60]-[-233] | [-62]-[-224] | [-44]-[-325] | [-72]-[-287]
Zmale | MiSD | [-1140]+422 | [-946]+280 | [-844]+257 | [-794]+369 | [-755]+280
Range | -575--1908 | -652--1507 | -501--1190 | -443--1252 | -282--1133
Z female | M+SD | [-768]14£275 | [-767]£276 [ [-735]+244 | [-692]+240 | [-609]1+£308
Range | -424--1179 | -455--1292 | -324--1080 | -390--1079 | -115--1149
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Table 3-28 T wave amplitude in three orthogonal leads in 1555
Caucasians [microVolts]

Age <30 30-39 40-49 50-59 60+

X male M1SD | 4621186 418+162 375+167 352+155 364+182

Range 145-934 122-801 89-823 101-716 60-660

X female | MtSD | 3394117 3254125 276+113 270+112 261+140

Range 137-604 119-644 54-513 70-559 31-619

Y male MiSD | 247+111 2124100 189497 16679 209+118

Range | 44-529 45-464 41-416 57-366 72-470

Y female | M+SD | 202478 184177 162168 16773 170£79

Range | 65-388 62-352 47-326 33-324 42-329

Z male MiSD | 468+179 420+158 3924151 382+160 3411166

Range 138-862 130-803 116-705 94-701 109-730

Z female | MiSD | 2284114 2261104 202492 199+86 209482

Range | 43-555 52-429 55-425 28-62 38-369
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Table 3-29 T wave amplitude in three orthogonal leads in 503 Chinese
[microVolts]

Age <30 30-39 40-49 50-59 60+

X male M=SD | 483£159 4231184 383£144 3871189 330£133

Range | 199-810 114-808 104-688 101-718 140-636

X female | MESD | 351198 3314127 2861106 254+131 2594117

Range 189-517 108-615 116-491 58-524 116-505

Y male MiSD | 220+88 205£103 156182 178498 175+103

Range | 87-414 59-406 56-349 24-416 48-444

Y female | M3iSD | 199483 179483 155+54 135+66 135462

Range | 46-372 60-317 47-251 31-294 51-267

Z male MiSD | 442+143 3931142 3284149 3221121 284+115

Range | 209-710 191-718 121-690 135-618 72-498

Z female | M+SD | 1724100 168+118 152497 152187 138167

Range | 47-390 49-509 40-351 32-332 42-277
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APPENDIX 2
SUPPLEMENTARY TABLES FOR CHAPTER 5

Se=Sensitivity, Sp=Specificity, LVH Sp=Sp of MI in the ECGs from
LVH cases, Al=Association Index=Se+Sp-100

Table 5-8a, b & ¢ The performance of the 55 neural networks using
46 input variables (QRS+ST-T+dVCG) with only a single output neuron
for the diagnosis of anterior myocardial infarction

Table 5-8a The performance of the 15 artificial neural networks with

single hidden layer on the test set ECGs for the diagnosis of anterior
myocardial infarction.

Number of neurons in| Se Sp Al LVH Sp
the hidden layers

5 93 100 93 48
10 93 100 93 46
15 93 100 93 45
20 92 100 92 49
25 92 100 92 50
30 92 100 92 45
35 92 100 92 50
40 94 100 94 43
45 92 100 92 44
50 92 100 92 49
60 93 100 93 48
70 93 100 93 49
80 93 100 93 46
90 92 100 92 50
100 92 100 92 45
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Table 5-8b The performance of the 16 artificial neural networks with
two hidden layers on the test set ECGs for the diagnosis of anterior
myocardial infarction.

Number of neurons in| Se Sp Al LVH Sp
the hidden layers

5-5 97 99 96 50
10-10 93 100 93 49
15-15 92 100 92 48
25-25 92 100 92 49
30-30 93 100 93 45
35-35 92 100 92 51
40-40 922 100 92 44
45-45 92 100 92 49
50-50 92 100 92 46
60-60 93 100 93 45
70-70 92 100 92 44
70-90 92 100 92 46
80-80 92 100 92 50
80-90 92 100 92 50
90-90 92 100 92 50
100-100 93 100 93 48
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Table 5-8c The performance of the 24 artificial neural networks with
three hidden layer on the test set ECGs for the diagnosis of anterior
myocardial infarction.

Number of neurons in | Se Sp Al LVH Sp
the hidden layers

5-5-5 95 99 94 49
10-10-10 94 100 94 50
15-15-15 94 99 93 46
20-20-20 93 100 93 54
20-20-100 92 100 92 48
25-25-25 92 100 92 46
30-30-30 92 100 92 48
30-30-100 93 100 93 52
35-35-35 92 100 92 50
40-40-40 92 100 92 45
45-4545 92 100 92 48
45-45-100 92 100 92 52
50-50-50 92 100 92 46
50-50-100 94 100 94 52
60-60-60 93 100 93 46
60-60-100 92 100 92 49
70-70-70 93 100 93 45
70-70-90 93 100 93 45
80-80-80 92 100 92 45
80-80-100 93 100 93 46
90-90-90 93 99 92 44
90-90-100 92 100 92 45
90-100-100 93 100 93 45
100-100-100 93 100 93 49
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Table 5-9a, b & ¢ The performance of 52 neural networks using 42
input variables (QRS+ST-T) with only a single output neuron for the
diagnosis of anterior myocardial infarction

Table 5-9a The performance of the 14 artificial neural networks with a

single hidden layer on the test set ECGs for the diagnosis of anterior
myocardial infarction.

Hidden layers Se Sp Al LVH Sp
5 %4 99 93 50
10 %24 100 %24 48
15 94 98 92 45
20 94 100 94 46
25 94 100 94 48
30 94 100 94 48
35 ’ 93 100 93 48
40 93 100 93 46
45 94 99 93 49
50 94 100 94 46
60 93 100 93 48
70 94 100 94 49
80 94 100 94 46
90 94 100 94 48
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Table 5-9b The performance of the 19 artificial neural networks with
two hidden layers on the test set ECGs for the diagnosis of anterior
myocardial infarction.

Number of neurons in| Se Sp Al LVH Sp
the hidden layers

5-5 93 100 93 48
10-10 94 100 94 49
15-15 94 100 94 46
20-20 94 100 %4 46
25-25 94 100 94 48
30-30 94 100 94 48
35-35 %4 100 94 48
40-40 94 100 924 49
45-45 %4 100 94 48
50-50 94 100 94 48
50-60 95 100 95 44
50-70 24 100 %24 48
60-60 94 100 94 48
70-70 94 100 94 48
70-90 93 100 93 48
80-80 95 100 95 42
80-90 95 100 95 49
90-90 924 100 94 48
100-100 93 100 93 48
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Table 5-9¢ The performance of the 19 artificial neural networks with

three hidden layers on the test set ECGs for the diagnosis of anterior
myocardial infarction.

Number of neurons in| Se Sp Al LVH Sp
the hidden layers

5-5-5 94 99 93 40
10-10-10 94 100 94 48
15-15-15 94 100 94 44
20-20-20 94 100 %4 46
25-25-25 93 100 93 46
30-30-30 94 100 %24 48
35-35-35 93 100 93 45
40-40-40 94 100 924 44
45-45-45 93 100 93 42
50-50-50 93 100 93 49
50-50-100 94 100 94 48
60-60-60 95 100 95 42
70-70-70 93 100 93 45
70-70-100 93 100 93 45
80-80-80 94 100 94 49
80-80-100 94 100 %4 48
90-90-90 93 100 93 46
90-90-100 93 100 93 44
100-100-100 94 100 94 45
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Table 5-10 The performance of the 30 neural networks using 25 input

variables (QRS + dVCG) for the diagnosis of anterior myocardial
infarction

Number of neurons in the || Se Sp Al LVH Sp
hidden layers

10 78 99 77 77
15 80 96 76 71
20 84 97 81 74
30 81 99 80 79
40 72 100 72 76
50 81 96 77 74
60 77 96 73 77
70 79 98 77 79
80 75 97 72 74
90 76 98 74 81
10-10 83 99 82 70
1515 82 100 82 75
20-20 85 929 84 75
30-30 84 99 83 74
40-40 84 98 82 74
50-50 82 99 81 71
60-60 85 98 83 74
70-70 80 100 80 77
80-80 86 98 84 77
90-90 91 97 88 77
10-10-10 80 98 78 81
15-15-15 82 98 80 75
20-20-20 85 98 83 74
30-30-30 81 929 80 80
40-40-40 82 98 80 76
50-50-50 84 99 83 80
60-60-60 84 96 80 69
70-70-70 83 97 80 74
80-80-80 88 97 85 79
90-90-90 83 99 82 79
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Table 5-11 The performance of the 30 neural networks using 21 input
variables (QRS) for the diagnosis of anterior myocardial infarction

Number of neurons in the | Se Sp Al LVH Sp
hidden layers

10 81 99 80 73
15 77 100 77 79
20 78 99 77 75
30 74 929 73 86
40 79 100 79 77
50 76 100 76 80
60 74 29 73 82
70 75 99 74 76
80 72 100 72 82
90 71 99 70 81
10-10 78 98 76 74
1515 89 98 87 79
20-20 83 29 82 77
30-30 88 99 87 80
4040 85 99 84 81
50-50 83 100 83 80
60-60 84 100 84 82
70-70 81 100 81 83
80-80 82 100 82 76
90-90 81 100 81 79
10-10-10 79 100 79 80
15-15-15 84 98 82 83
20-20-20 84 99 83 79
30-30-30 81 100 81 82
40-40-40 84 100 84 85
50-50-50 82 29 81 83
60-60-60 88 99 87 80
70-70-70 86 99 85 81
80-80-80 81 99 80 80
90-90-90 82 100 82 80
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Table 5-12a, b, & ¢ The performance of the 45 neural networks using
21 input variables (QRS + ST-T + dVCG) and only a single output for
the diagnosis of inferior myocardial infarction.

Table 5-12a The performance of the 12 neural networks with a single

hidden layer for the diagnosis of inferior myocardial infarction.

Number of neurons in| Se Sp Al LVH Sp
the hidden layer

5 86 100 86 76
10 87 100 87 76
15 85 100 85 75
20 87 100 87 75
30 86 100 86 74
40 86 100 86 71
50 86 100 86 70
60 88 100 88 75
70 86 100 86 75
80 86 100 86 71
90 87 100 87 71
100 85 100 85 74
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Table 5-12b The performance of the 12 neural networks with two
hidden layers for the diagnosis of inferior myocardial infarction

Number of neurons in| Se Sp Al LVH Sp
the hidden layers

5-5 87 100 87 76
10-10 85 100 85 77
15-15 87 100 87 77
20-20 87 100 87 79
30-30 87 100 87 75
4040 87 100 87 76
50-50 87 100 87 76
60-60 87 100 87 75
70-70 87 100 87 76
80-80 86 100 86 77
90-90 84 100 84 73
100-100 87 100 87 77
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Table 5-12c¢ The performance of the 21 neural networks with three
hidden layers for the diagnosis of inferior myocardial infarction

Number of neurons in| Se Sp Al LVH Sp
the hidden layers

5-5-5 86 100 86 79
10-10-10 87 100 87 76
15-15-15 86 100 86 77
20-20-20 87 100 87 77
20-30-40 87 100 87 79
25-50-100 86 100 86 79
30-30-30 87 100 87 77
30-60-90 87 100 87 77
40-40-40 85 100 85 79
50-50-50 87 100 87 76
50-50-100 86 100 86 77
60-60-60 87 100 87 79
70-70-70 87 100 87 76
70-70-100 86 100 86 80
70-80-90 86 100 86 80
80-80-80 87 100 87 77
80-80-100 87 100 87 77
90-90-90 88 100 88 76
90-90-100 86 100 86 76
90-100-100 87 100 87 77
100-100-100 87 100 87 77
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Table 5-13a, b, & ¢ The performance of the 36 neural networks using

18 input variables (QRS + ST-T) and only a single output for the
diagnosis of inferior myocardial infarction.

Table 5-13 a The performance of 12 neural networks with a single

hidden layer for the diagnosis of inferior myocardial infarction

Number of neurons in| Se Sp Al LVH Sp
the hidden layer

5 85 100 85 71
10 85 100 85 73
15 85 100 85 73
20 88 100 88 68
30 85 100 85 70
40 85 100 85 71
50 86 100 86 71
60 87 100 87 71
70 84 100 84 71
80 87 100 87 73
90 86 100 86 71
100 86 100 86 69
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Table 5-13b The performance of 12 neural networks with two hidden
layers for the diagnosis of inferior myocardial infarction

Number of neurons in| Se Sp Al LVH Sp
the hidden layers

5-5 84 100 84 75
10-10 85 100 85 75
15-15 84 100 84 75
20-20 83 100 83 75
30-30 84 100 84 75
40-40 84 100 84 75
50-50 82 100 82 77
60-60 84 100 84 75
70-70 84 100 84 75
80-80 83 100 83 75
90-90 84 100 84 74
100-100 84 100 84 75
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Table 5-13c The performance of 12 neural networks with three hidden
layers for the diagnosis of inferior myocardial infarction

Number of neurons in| Se Sp Al LVH Sp
the hidden layers

10-10-10 84 100 84 71
20-20-20 84 100 84 76
30-30-30 84 100 84 70
40-40-40 84 100 84 75
50-50-50 84 100 84 74
50-50-100 84 100 84 75
60-60-60 83 100 83 75
70-70-70 84 100 84 75
80-80-80 85 100 85 75
80-80-100 84 100 84 75
90-90-90 84 100 84 76
100-100-100 183 100 83 77
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Table 5-14 The performance of the 30 neural networks using 12 input

variables (QRS + dVCG) for the diagnosis of inferior myocardial
infarction.

Number of neurons in the || Se Sp Al LVH Sp
hidden layers

10 72 96 68 83
15 74 96 70 85
20 73 96 69 83
30 74 98 72 83
40 74 98 72 83
50 75 97 72 85
60 74 95 69 85
70 76 96 72 85
80 75 96 71 86
90 73 97 70 85
10-10 76 95 71 85
15-15 79 93 72 85
20-20 78 95 73 85
30-30 76 95 71 85
40-40 75 96 71 85
50-50 74 96 70 85
60-60 77 96 73 85
70-70 77 93 70 87
80-80 82 95 77 83
90-90 81 93 74 83
10-10-10 78 95 73 85
151515 78 94 72 83
20-20-20 80 %24 74 83
30-30-30 77 94 71 85
40-40-40 81 92 73 81
50-50-50 80 95 75 82
60-60-60 81 93 74 81
70-70-70 84 94 78 82
80-80-80 82 94 76 82
90-90-90 84 94 78 82
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Table 5-15 The performance of the 30 neural networks using 9 input
variables (QRS) for the diagnosis of inferior myocardial infarction.

Number of neurons in the || Se Sp Al LVH Sp
hidden layers

10 77 96 73 85
15 76 96 72 85
20 76 96 72 85
30 77 98 75 85
40 75 97 72 85
50 77 95 72 83
60 75 97 72 86
70 78 96 74 85
80 76 95 71 83
90 76 95 71 85
10-10 75 96 71 85
15-15 75 95 70 85
20-20 77 95 72 85
30-30 77 95 72 85
40-40 76 97 73 83
50-50 77 96 73 83
60-60 78 96 74 85
70-70 73 96 69 85
80-80 79 96 75 83
90-90 77 96 73 83
10-10-10 80 96 76 89
151515 77 96 73 83
20-20-20 78 95 73 86
30-30-30 76 97 73 83
40-40-40 77 95 72 85
50-50-50 73 95 68 85
60-60-60 76 98 74 83
70-70-70 73 97 70 85
80-80-80 74 97 71 85
90-90-90 ' 74 96 70 85
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Table 5-20 Results of neural networks using 46 input variables
(QRS+ST-T+dVCG,) and only a single output neuron for the diagnosis of
anterior myocardial infarction.

Number of neurons | Al Sensitivity Specificity
in the hidden layers

20 66 73 93
30 81 85 96
40 80 85 95
50 80 84 96
20-20 72 80 92
30-30 81 85 96
*40-40 83 87 96
50-50 82 88 94
30-30-30 79 86 93
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Table 5-21 Results of neural networks using 42 input variables
(QRS+ST-T) and only a single output neuron for the diagnosis of
anterior myocardial infarction.

Number of neurons | Al Sensitivity Specificity
in the hidden layers

*20 82 88 94
30 79 86 93
40 77 85 92
50 78 86 92
20-20 79 87 92
30-30 77 86 91
40-40 78 85 93
50-50 78 85 93
30-30-30 78 85 93
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Table 5-22 Results of neural networks using 25 input variables
(QRS+dVCG) and only a single output neuron for the diagnosis of
anterior myocardial infarction.

Number of neurons | Al Sensitivity Specificity
in the hidden layers

20 66 73 93
30 68 74 924
40 69 75 94
50 71 77 94
20-20 72 80 92
30-30* 81 85 96
40-40 75 81 94
50-50 80 86 94
30-30-30 79 85 94
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Table 5-23 Results of neural networks using 21 input variables (QRS)

and only a single output neuron for the diagnosis of anterior myocardial
infarction.

Number of neurons | Al Sensitivity Specificity
in the hidden layers

20 72 78 924
30 75 77 98
40 73 79 94
50 73 75 98
20-20 76 79 97
30-30 75 81 94
40-40* 78 82 96
50-50 77 81 96
30-30-30 73 79 94
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Table 5-25 Results of neural networks using 21 input variables
(QRS+ST-T+dVCG) and only a single output neuron for the diagnosis of
inferior myocardial infarction.

Number of neurons in| Al Se Sp
the hidden layers

10 69 75 94
20* 70 76 94
30 69 75 94
40 69 75 94
50 69 74 95
10-10 68 74 94
20-20 67 73 94
30-30 68 73 95
40-40 67 73 94
50-50 67 73 94
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Table 5-26 Results of neural networks using 18 input variables
(QRS+ST-T) and only a single output neuron for the diagnosis of inferior
myocardial infarction.

Number of neurons in| Al Se Sp
the hidden layers

10 72 78 94
20 70 76 94
30 69 76 93
40 70 76 %24
50 70 76 94
10-10* 73 79 94
20-20 70 76 94
30-30 70 76 94
40-40 72 78 94
50-50 70 76 94
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Table 5-27 Results of neural networks using 12 input variables
(QRS+dVCG) and only a single output neuron for the diagnosis of
inferior myocardial infarction.

Number of neurons in| Al Se Sp
the hidden layers

10 53 61 92
20 51 64 87
30 65 75 90
40 58 68 90
50 60 68 92
10-10 56 64 92
20-20 60 69 91
30-30 56 65 o1
4040 61 70 91
50-50* 62 " 170 92
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Table 5-28 Results of neural networks using 9 input variables (QRS)
and only a single output neuron for the diagnosis of inferior myocardial

infarction.

Number of neurons in| Al Se Sp
the hidden layers

10 63 70 93
20 62 70 92
30 61 70 91
40 61 69 92
50 61 70 91
10-10 58 65 93
20-20 57 65 92
30-30 64 70 94
40-40 62 69 93
50-50* 67 74 93

270



Table 5-30 Results of neural networks using 46 input variables

(QRS+ST-T+dVCG) and three output neurons for the diagnosis of
anterior myocardial infarction.

AMI LVH Normal

Se Sp Se Sp Sp
10 86 95 71 88 89
*20 84 96 76 88 89
30 84 96 69 88 90
40 86 96 69 88 89
50 86 96 69 88 88
20-20 88 95 74 89 87
30-30 87 9% 64 91 922
40-40 86 95 64 91 94
50-50 85 95 74 87 85
30-30-30 | 88 92 69 90 87
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Table 5-31 Results of neural networks using 42 input variables
(QRS+ST-T) and three output neurons for the diagnosis of anterior
myocardial infarction.

AMI LVH Normal

Se Sp Se Sp Sp
10 87 92 55 91 94
20 85 94 64 89 90
30 86 91 64 91 89
40 88 93 60 92 93
50 88 92 60 92 93
20-20 85 94 67 91 93
30-30 88 95 69 91 92
40-40 90 92 62 93 93
*50-50 86 93 67 92 93
30-30-30 |90 92 50 95 95
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Table 5-32 Results of neural networks using 25 input variables

(QRS+dVCQG) and three output neurons for the diagnosis of anterior
myocardial infarction.

AMI LVH Normal

Se Sp Se Sp Sp
*10 84 96 71 85 74
20 78 95 69 83 73
30 78 93 57 86 75
40 79 95 64 85 78
50 81 94 62 83 72
20-20 83 93 60 83 70
30-30 83 96 67 84 75
40-40 82 94 57 84 70
50-50 78 924 52 78 68
30-30-30 | 83 94 62 88 79
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Table 5-33 Results of neural networks using 21 input variables (QRS)

and three output neurons for the diagnosis of anterior myocardial
infarction.

AMI LVH ' Normal

Se Sp Se Sp Sp
10 77 96 50 79 64
20 75 94 52 87 79
30 75 98 57 81 72
40 74 %2 55 80 73
50 75 97 62 85 78
*20-20 83 94 45 87 81
30-30 77 95 64 76 60
4040 74 93 48 79 66
50-50 82 924 50 82 69
30-30-30_| 80 96 67 75 56
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Table 5-35 Results of neural networks using 21 input variables
(QRS+ST-T+dVCG) and three output neurons for the diagnosis of
inferior myocardial infarction.

IMI LVH Normal

Se Sp Se Sp Sp
10 79 94 64 86 84
20 75 94 67 91 93
30 78 94 64 91 92
40 78 95 64 88 90
50* 75 94 67 93 94
10-10 74 94 62 90 94
20-20 78 95 64 89 92
30-30 75 96 71 88 90
40-40 74 94 62 87 88
50-50 70 95 64 86 93
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Table 5-36 Results of neural networks using 18 input variables
(QRS+ST-T) and three output neurons for the diagnosis of inferior
myocardial infarction.

IMI LVH Normal

Se Sp Se Sp Sp
10 78 94 55 93 95
20 78 93 60 87 86
30 78  loa  |e0o |92 93
40 80 94 57 93 93
50 76 94 60 93 95
10-10 |69 94 64 91 98
2020 |74 95 64 86 87
3030 |75 95 67 91 92
4040 |70 95 64 89 90
50-50* |79 95 71 89 90
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Table 5-37 Results of neural networks using 12 input variables
(QRS+dVCG) and three output neurons for the diagnosis of inferior
myocardial infarction.

IMI LVH Normal

Se Sp Se Sp Sp
10 73 89 38 86 74
20 68 89 19 84 73
30 71 91 43 83 74
40 68 90 43 86 76
50 65 92 43 78 70
10-10* 69 94 64 91 98
20-20 66 91 45 79 70
30-30 68 90 45 78 67
40-40 73 91 38 78 65
50-50 65 93 40 84 82
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Table 5-38 Results of neural networks using 9 input variables (QRS)
and three output neurons for the  diagnosis of inferior myocardial

infarction.

IMI LVH Normal

Se Sp Se Sp Sp
10 70 89 21 91 76
20 70 92 33 83 71
30* 70 94 36 88 84
40 66 90 31 87 76
50 61 92 31 83 74
10-10 68 94 38 81 76
20-20 65 91 31 81 69
30-30 66 93 38 84 78
40-40 71 92 31 86 76
50-50 74 93 43 82 75
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APPENDIX 3
SUPPLEMENTARY TABLES FOR CHAPTER 6

Table 6-2 The deterministic criteria for the diagnosis of Q waves in
ANTEROSEPTAL (V2, V3, V4), ANTERIOR (V3, V4), OR SEPTAL (V2)
leads in the original Glasgow Program. (VQIl= definitive Q criteria, VQ2=
Atypical Q criteria, VQ3= low R wave criteria, VQ4= Reversed R wave
progression criteria, QRVH= right ventricular hypertrophy criteria, PRWP=
poor R wave progression criteria)

vVQl (a) 1) 1QI>0.2mV

and (2) Q>0.03 secs

and (3) QRS peak to peak amp>0.2mV
or (b) (1)Ramp=0

and (2)ISI>0.2mV

and (3)S >0.03 secs

and (4) QRS peak to peak amp>0.2mV

vQ2 (a) 1) IQI>0.10 mV

and (2) Q> 0.015 secs

and (3)IQ/RI>1/4 or R=0

and (4) QRS peak to peak amp>0.2mV
or (b) ()R < 0.065 mV

and (2)ISI>0.14 mV

and (3)S>0.015 secs

and (4)ISR''>1/4

VQ3 (@ (1)R<0.11mV
and (2)R'< 2R amp, or RBBB,
or IVCD of RBBB type is present.
and (3)IR/SI<0.125
and (4) QRS peak to peak amp>0.2mV
and (5) RVH is not present

vVQ4 (1) RV(n)-RV(n+1)>0.02mV

(2) R<0.3mV in those 2 leads
(3) R' <R in those 2 leads
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QRVH (a)

or

PRWP

and
and
(b)

and

and

and

and

(1) R>0.3mV with S=0 or
R<0.1mV withR' > 0.3mV

(2) RBBB or IVCD or IVCD

of RBBB type are not present

(3) STV2<0.12mV or ST<1/2 T+
(1) R<0.3mV or S is not 0OmV

(2) Sor S'<-0.5mVinlead I

(3) there is a clinical classification of
congenital heart disease --- etc.

(4) RBBB or IVCD of RBBB type
not present.

(1) RV3<0.3mV & R'V3<0.3mV
(2) None of VQ1-VQ4 is true.

Table 6-5 Traditional deterministic Q wave criteria for the diagnosis of

inferior myocardial infarction inside the original Glasgow Program. (All the

criteria are definite Q waves)

Q1

and
and

Q2

and
and

Q3
and
and

[

(1) Q>35mS, and IQ/RI>20%
or(2) Q>40 mS
IQ>0.09 mV
peak-peak QRS>0.15mV

(1) Q>35mS, with IQ/RI>20%
or(2) Q>30mS, with IQ/RI>1/3
1QI>0.2mV
peak-peak QRS>0.15mV

Q>26mS or IQ/RI>20%

IQI>0.14 mV
peak-peak QRS>0.15mV
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2

(1) Q>30mS and T- <-0.1mV
or(2) IQ/RI>1/3 and Q>20mS
and b 1QI>0.075mV

and c peak to peak QRS>0.2mV
and d (1) T-<-0.05mV
or(2) ST > 0.06 mV

Table 6-6 Non-Q criteria for the diagnosis of inferior myocardial infarction
preserved inside the original deterministic Glasgow Program

A. (1) IQ/RI>25% in lead II and IQI>0.1 mV,
and (2) Frontal QRS axis<0
and (3) Age > 20 years old

B. (1) ()R amplitude IT < R amplitude IIT
and (ii) QRS axis not greater than -30°
and (iii) R amplitude IIT < 0.20 mV

or 2 (i) Q > 0.015 seconds & R<0.1mV
& $>0.02 seconds in aVF
and (ii) peak to peak QRS > 0.15 mV
in aVF
C. (1) T axis < -109 in frontal plane
(2)Rinlead I < 0.90 mV

(3) IQRI > 25% in any 2 of II, ITI, and aVF
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