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FIGURE 3. ECG with a left arm/left foot lead reversal with ST de-
pressions in the inferior leads (left). ECG with correct lead place-
ment (right). There are ST elevations in the inferior leads, consis-
tent with acute myocardial injury. FIGURE 4. ECG with a reversal of V1/V2 (left). This gives an im-

pression of loss of R-wave amplitude and septal ST changes sug-
gesting ischemic heart disease, according to the interpretation
program. ECG with correct lead placement (right). The lead re-
versal was not detected by the interpretation program that incor-
porates conventional criteria for detection of near-neighbor lead
reversals but was found by the neural network.
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The results clearly demonstrate that artificial neu-

ral networks can be used to detect lead reversals in
the 12-lead ECG with very high specificity and in
most cases high sensitivity. Lead reversals were
found in nearly 2% (208 of 11,432) of the ECGs in
this study and, considering that an estimated 300 mil-
lion ECGs are recorded annually in the world, ap-
proximately 6 million of these may be recorded with
a lead reversal. Most are not detected today, espe-
cially for the left arm/left foot lead reversal, as well
as some precordial lead reversals under study in this
paper.

In this study, 208 ECGs with a lead reversal were
found in the database, 116 of 194 belonging to 1 of
the types under study in this paper or 47 of 194 to 1
of the lead reversals involving the right/ left arm
leads or 31 of 194 the right arm/foot leads, which
were studied earlier.1,4 These 8 types of lead reversal
represent œ90% of all the lead reversals found in
our database; this could probably be true for other
settings as well. The results from this and earlier
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studies demonstrate that approximately 75% of these
lead reversals could be detected by artificial neural
networks, in combination with an algorithm for de-
tection of the right arm/right foot lead reversal.
There are many other types of lead reversal, and each
of them may occur, although infrequently. Neural
networks have not been developed for the specific
detection of each of those different types, but many
of them would be detected by the networks devel-
oped for the most common lead reversals.

With a few exceptions, electrocardiography and
cardiology textbooks do not cover lead reversals or
their implications. The right arm/right foot lead re-
versal, which is relatively common, as well as the
lead reversals under study in this paper, are generally
not presented at all, whereas the very rare right arm/
left foot, 14 left arm/right foot, 15 and clockwise/
counterclockwise16 lead reversals have been de-
scribed.

How might these neural networks be used in clin-
ical routine? We believe that the electrocardiograph
presents a warning, based on neural network outputs,
and can be used to advise the technician to check the
cables. The recording is interrupted, and no ECG
complexes or ECG interpretation are presented. The
technician must either then confirm that the leads are
correctly placed or correct the leads before the re-
cording can be completed. With this approach, lead
reversals could easily be corrected and a false detec-
tion by the neural networks would not cause much
inconvenience.

Another approach is the computerized electrocar-
diographs used today. A statement of suggested lead
reversal is presented in the interpretation text. The
leads affected by the possible lead reversal are dis-
regarded in the interpretation and are therefore in-
complete. This approach has 2 disadvantages. First,
the statement in the interpretation text could easily
be missed by the technician in the recording situa-
tion. Second, a false detection by the interpretation
program will result in an incomplete interpretation
and the technician cannot change this when checking
that the leads are correctly placed. Therefore, no (or
almost no) false detections can be accepted using
this approach; that is, specificity must be (almost)
100%.

If the specificity is not sufficiently high for the
lead reversals, many of the ECGs reported as a case
of lead reversal would actually be a correctly re-

corded ECG. The positive predictive value, though,
does not depend on the specificity alone, but on the
sensitivity and prevalence for different lead reversals
as well. The highest positive predictive value, 79%,
has the precordial lead reversal that appeared most
often in the database, the interchanging of leads V5/
V6, although the specificity was the second lowest
among the studied lead reversals.

Artificial neural networks can be used to rec-
ognize lead reversals in the 12-lead ECG at very
high specificity, and the sensitivity was much higher
than that of a conventional interpretation program.
The neural networks developed in this and an ear-
lier study for detection of lead reversals, in com-
bination with an algorithm for the right arm/right
foot lead reversal, would recognize approximately
75% of lead reversals encountered in clinical prac-
tice.
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