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Automatic Detection of ST-T Complex Changes
on the ECG Using Filtered RMS Difference Series:
Application to Ambulatory Ischemia Monitoring

José Garcia*, Leif Sérnmdlember, IEEESalvador Olmos, and Pablo Lagyhsember, IEEE

Abstract—A new detector is presented which finds changes in Different ECG changes related to the evolution of ischemia
the repolarization phase (ST-T complex) of the cardiac cycle. Itop- have been described, including T wave amplitude changes, ST
erates by applying a detection algorithm to the filteredroot mean qeyjiations and even alterations in the terminal portion of the

square (rms) series of differences between the beat segment (ST . . .
sggmer(mt or)ST-T complex) and an average pattern seg?nent. T(heQRS complex [3]. In different situations T wave changes could

detector has been validated using the European ST-T database, Precede ST segment deviations during the ischemic process [3],
which contains ST-T complex episodes manually annotated by car- [4] and, therefore, should be considered in monitoring systems.
diologists, resulting in sensitivity/positive predictivity of 85/86%, The use of global representations for the ST-T complex instead
and 85/76%, for ST segment deviations and ST-T complex changes, ot ,sing a single point from the ST segment better characterizes

respectively. The proposed detector has a performance similar to . . . . e
thors)e WhiC|>’l/ have% rr?ore complicated struc[:ure. The detector has ischemic patterns [5], [6], and yields better identification of an

the advantage of finding both ST segment deviations and entire 0ccluded artery [7]. Unfortunately, commercial equipment usu-
ST-T complex changes thereby providing a wider characterization ally considers a fraction of the whole repolarization period, i.e.,
of the potential ischemic events. A post-processing stage, based ojhe ST60 or STS0O point.

a cross-correlation analysis for the episodes in the rms series, is Different algorithms have been designed for analyzing the ST

presented. With this stage subclinical events with repetitive pat- . . . .
tern were found in around 20% of the recordings and improved segment, either in the ECG signal [8], [9] or in the averaged

the performance to 90/85%, and 89/76%, for ST segment and ST-T ECG [10]-[18]. Several mathematical transforms have been ap-

complex changes, respectively. plied to the ECG for ischemia detection: the discrete cosine
Index Terms—Automatic ischemia detection, ECG, ST-T com- transform (DCT) and the discrete Fourier transform (DFT) were
plex changes, ST segment deviations. used for classification of repolarization patterns [19], and the

Karhunen-Loeve transform (KLT) was used to detect changes
in the ST segment [20] and the entire ST-T complex [5], [21].
Other techniques such as artificial neural networks [22]-[24]
SCHEMIC heart disease constitutes one of the mashd fuzzy-logic [25] have been also proposed.
common fatal diseases in the western hemisphere. My-The European ST-T databag26] was developed with the
ocardial ischemia is caused by a lack of sufficient blood flogbjective to assess the quality of ambulatory ECG systems. Itis
to the contractile cells and may lead to myocardial infarctiotomposed of recordings with episodes of repolarization changes
with its severe sequellae of heart failure, arrhythmias, amganually annotated by different cardiologists, consisting of ST
death [1]. During the last years, ambulatory monitoring of théegment and T wave changes. This database has recently been
electrocardiographic (ECG) signal has become the noninvasiwsed to test different ST algorithms but the detection of T wave
test most widely used for detecting cardiovascular diseaselanges have not been explored yet.
Ischemic ECG changes typically precede the onset of anginalwve propose the design and validation of a system that detects
pain and, hence, these may be the only sign of “silent myocatanges either in the ST segment, or in the entire ST-T complex
dial ischemia” [2]. Therefore, it is essential to develop methodincluding the T wave), thereby providing a wider characteriza-
that detect early changes in the ECG, possibly indicating tkien of ischemic events. Section Il describes the different parts
onset of an acute ischemic syndrome. of the detector, the database for validation and the performance
measures. A cross-correlation study between episodes is also in-
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OR and the widest limits in time into a new lead-independe! t (nin)

set (see Table 1). For the study of the ST-T complex chang('e:s, ) E o of beats rejection ( ing stage) in th s of
. . . S ig. 2. Example of beats rejection (preprocessing stage) in the rms series o

a new annotation set was denve_d using OR Comb!nat!on ST-T complex, and successive filtering stages (median filtering and exponential

of ST segment and T wave episodes, @B combination averaging). See text for details.

between leads. These two sets of 250 ST segment and 392

ST-T complex episodes were used for validation of the detecigfithe initial ECG). The expression to calculate thes[t;] time

performance. series is, hence
leads
B. Detector Design rms(t;] = Z rms’ [t;]
i=1
The proposed detector includes signal preprocessing, compu- ’ 1/2
tation of the root mean square (rms) difference series, filtering, _ L1 & JT] — s (]2 2
and a decision algorithm which finds the ischemic events, see = Zl i Z(chi[ | —ecg’[K]) - @
F|g 1. J= k=1

The preprocessing consisted of QRS detection and norma1A‘_ me_dlan filter of Ien_gth 5 samples was used_ for outlier re-
beats selection according to the arrhythmia detectoszorLe  J€Ction in therms[t;] series and then the time series was evenly
[27], baseline wander attenuation using cubic splines [28], ah%ampled to 1 Hz (using !|r1|ear mterpolgtlon to obtais|n] |
rejection of noisy beats [those with low signal-to-noise ratiffom ts(t]). An exponential averager (time constant equal to
(SNR) with respect to an exponentially averaged SNR or Wiﬁ]o s) was further applied to smooth the series. The cleaning ef-

differences in mean isoelectric level with respect to adjaceﬁl‘:tS of the successive filtering s_tages oyert_he rms series, as yvell
beats larger than 400V]. In order to avoid the influence of as the effects of the beat rejection applied in the preprocessing,

high frequency noise in the rms difference series (e.g., 50/88 shown in Fig. 2 (record404 from theEuropean ST-T data-

Hz noise), the ECG was low-pass filtered using a linear phagase' The importance of the noisy beats rejection stage can be
FIR filter (cutoff frequencyf. = 25 Hz). Beat segmentation wasnOted ) . . .

done by selecting intervals of 50 and 300 ms for the ST segmen he final stage of the detector incorporates an adaptlve amp_l|-
and ST-T complex, respectively, beginning at a distance fromy e threshold. The threshold accounts for slow drift changes in

the QRS fiducial point dependent on the RR interval. The ondBf "epolarization period as caused by various nonischemic fac-
of the intervals for theth beat;, is given by tors: effects of medication, heart-rate related changes or slow

variations in the electrical axis of the heart. These slow changes

b = 40 4+ 1.3 - RRY? (in milliseconds) (1) are attenuated by applying an exponential averager that defines
‘ the baseline values for thens[n] series£[n]
These intervals definitions, related to the QRS fiducial point, &n] = &n — 1] + B (rms[n] — &[n — 1]) (3)

avoid the a_Iwa)_/s pr(_)blematlc estimation Of_ the J point to deﬂ%e d that is estimated only from those beats considered as non-
the repolarization windows, although consider the heart rate €f- . . . .
fects [29] ISchemic by the detection algorithm. Tlievalue adjusts the

The rmsft.] time series was estimated for each recordin bs)peed for slow changes to be considered as nonischemic events.
rmns{t;] U °Ties W ! : rdiNg BY A threshold is finally used to determine the limits in the rms
summing the rms difference series of eaith lead,rms’ [t;]

(t: is the fiducial point of theth beat). Thems? [t;] series were series where the variations, after subtractiog[of, are consid-

: . red as repolarization (and potentially ischemic) events
obtained as the rms difference values between the correspon(ﬁng P ( P y )

ECG segment (the ST segment or ST-T complex) of ledgth rms(n] — &[n — 1] > 7. 4
ecgl [k] (k is the sample index), and the average or templateThe detection algorithm operates at each instefotlowing
interval,ecg’ [k] (evaluated from first 100 beats, representativiie structure shown in Fig. 3. It tests the expression in (4) and
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TABLE I
EXTENDED ANNOTATION SETS OBTAINED AFTER INCLUSION OF SUBCLINICAL
EVENTS WITH REPETITIVE PATTERN

ST segment | ST-T complex
OR comb. 250 392
added eps. (recs) 30 (15) 37 (20)
total 280 429

C. Performance Measures
EP flag

0,12 The detector performance needs to be evaluated by com-

paring the cardiologists’ annotations and the detector output
with regard to the following aspects [30]:

* detection rate;

EP onset| | Ret Update | [EP offset ® duration;
onse! eturn pdate olrse! . .
EP flag=1 ¢n] | [EPflag=0 * magnitude of detected episodes.
Return Return | | Return First two aspects are evaluated in terms of sensitivity and pos-

itive predictivity for both detection rateS( +F) and duration
_ _ _ _ ~ (Sp, +Pp), respectively [30].
'r:rlr?s[:jz] SI;/Ireiaér;.structure of the detection algorithm that performs over the filtered The third aspect, related to the accuracy in the episodes mag-
nitude estimation, is measured by comparing event-by-event the
annotated amplitudes of the episodes (deviation peak as mea-
Record: e0404 sured by the cardiologists) to the values obtained by the detector.
TR e B m The estimated linear correlation coefficientbetween the two
) " - ; T " sets provides a measure of the detector linearity.

Two kinds of statistics are commonly used for detector vali-
dation:gross statisticsin which the episodes of all patients are
assigned equal weights, aaderagedstatistics in which every

ol | patient is assigned equal weights. We will direct our attention to
rms [n] averaged statistics to summarize the main results, since we did
b ) not find much difference with respect to gross statistics.

70

80

50

ol D. Correlation Analysis of Episodes with Repetitive Pattern

A repetitive pattern of changes was found in several record-
ings of the database. Although some of these patterns were

NN B VWY TS S— not annotated by the cardiologists, thus leading to some false
o 2 % . (f;?m) % 70 120 positive detections as shown in the results section, these may

still have clinical importance; in some cases these subclinical
Fig. 4. Example of ST-T complex changes detection showing the annotafRYeNts have a magnitude or duration slightly below the min-
(M) and detected<) episodes intervals. The baseline estimatign], (dotted imum requirements needed for annotation, and can precede
line) and plus the) threshold (dash-dotted line) are plotted over thes[n]  other episodes in time. This finding of several borderline
seres. cases of ischemia has also been reported in other studies using
the European ST-T databad8], [18], [21], [23]. Therefore,

then either determines the limits of an interval to be considereeg have expanded the detector with a post-processor which
as an episode (EP), or updates the baselingk Two parame- detects these subclinical events by estimation of the episodes
ters are also included for setting up the minimum duration abrrelation in thams[n] series domain.
episodes (45 s), and the minimum time distance between twdMe selected, after visual inspection of thes[n] series, those
successive episodes (2 min), but these are not shown in Fige8ordings that showed ST segment or ST-T complex episodes
for simplicity. repetitions not annotated by the cardiologists. A repetitive pat-

An example of the detector performance is shown in Fig.térn of episodes was found in around 20% of the recordings
as applied to detection of ST-T complex changes in the recdi’% for ST segment and 22% for ST-T complex episodes).
<0404 from theEuropean ST-T databasthe annotated and de-New extended sets of annotations (Table 1) were obtained by
tected intervals are shown in the upper part of Fig. 4; the baselemddition of the new events that presented high likelihood in their
estimate{£[n], and the thresholg are plotted over thems[n] energy evolution with respect to that of the largest episode an-
series. The first, second and fourth annotated episodes coretated in each recording (the number of recordings where the
spond to T wave changes without ST changes; the third mamew annotations came from are also included in parenthesis).
ally annotated episode, to ST segment deviations; and the fifthThe post-processing stage analyzes the correlation coefficient
and sixth, to variations annotated in both intervals. between different episodes. In each recording, the largest de-
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I1l. RESUTLS
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1 The detector was applied to tkeropean ST-T databas€he

1 results of the validation on all the recordings, using@he sets

| described in Table |, are shown in Table 1. These results present
performance statisticsS{+PF) for the ST segment episodes of

T R T ) 84.7/86.1% in episodes detection, and 75.3/68.2% for ischemia

duration estimation. For changes in the entire ST-T complex,
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N T the results of sensitivity (both in episodes detection and dura-
b el il i R B I A tion measure) reached similar levels, but presented a significant
Dorms | ] decrease in the positive predictivity.
o4 ' 1 The receiver operating characteristicROC) curves §
02 l ﬂ A l l I m h versus+P) corresponding to ST segment and ST-T complex
oL i L L ,‘0" P T T episodes detection and obtained for different valueg ahd
¢ min.) 3 are shown in Fig. 6(a) and (b), respectively. The ROC'’s

correspond to episode detection and similar curves define
Fig. 5. Example of detection of repetitive ST segment subclinical events fthe performance in episode duration. The optimal point was
the. recofdrling‘io_wﬁl“smg the 32‘355'00”e'ﬁtiorégoj&l;roc%ssor- ths[nh selected for each segment maximizing the geometrical mean
series with originally annotate , manually adae , and automatically [
detected ) episodes. Bottomyp, ... correlation coefficient. Note that of the Stat,|StICS performance pgrametgﬂs G_P’ Sp, and
some peaks i@..ms (€.9., around minute 57) are not detected because of theP’p) Obtained for each ROC point (defined by a couple)of
amplitude protection forms(r| included in the correlation stage. (3 values). The ROC'’s corresponding to different but clgse

values yield similar performances, although the optimal points

in each curve may correspond to differentvalues. However,

TABLE Il for 3 values far from the optimal point the performance of the
PERFORMANCE STATISTICS (IN PERCENTAGE) OF THE DETECTOR FORST detector deteriorates

SEGMENT AND ST-T COMPLEX CHANGES DETECTION . . .
The detector accuracy was estimated by calculating the linear

Parameters | Averaged statistics correlation coefficient;, between the deviations as measured by

Interval | n | § S [+P [ Sp [+Pp the cardiologists and the output of the detector at the maximum

ST | 18.1 | 0.0083 || 84.7 | 86.1 | 75.3 | 68.2 deviation of the episode. In Fig. 7 the event-by-event compar-
ST-T | 11.1| 0.0017 | 85.0 | 763 | 77.8 | 60.3

ison is shown between both sets of measurements for ST seg-
ment deviations (the values of the lead-related’ ] series at
each annotated episode peak, and signed according to the devi-

: . _ation, are represented in the horizontal axis; the manually an-
taken as the episode template for that patient. The normalizgftateq deviations are shown in the vertical axis). The corre-

correlation coefficienty, between the episode templatgk], |ation coefficient was: = 0.963, and the regression line was
and the corresponding time series is defined by defined byST = 4.33-rms’ — 10.72. The detector linearity for
ST-T complex changes was also evaluated (comparing the ST-T
Z o[Hrmsfk + 7] complexrms’ series valu_es at each annotated episode peqk of
ST segment or T wave with respect to the database annotations)

tected episode was selected from thes[n] time series and

N/2

poemeln] = k=—N/2 7 (5) obtaining a lower correlation coefficient,= 0.912, and a re-
N/2 N/2 gression line defined by 7’7" = 12.95 - rms’ + 2.79.
Z x2[k] Z rms2[k + n] Once the basic detector structure was validated, the ex-
k=—N/2 k=—N/2 tended set obtained by adding new annotations (Table 1), was

considered. First, the basic detector structure was studied on
where N is the template length. Those signal excerpts fahis set (composed of 280 and 429 events for ST segment and
which the correlation coefficient exceeded an experimental§T-T complex, respectively), and then the post-processor was
selected thresholdo( > 0.8), presenting an amplitude in theincluded @ p-stage) for detection of subclinical events. All
rms[n] series (once the baseliggn] has been subtracted) atthese results are presented in Table IV. These results indicate
least exceeding 25% of the template episode amplitude tt@t the post-processor finds the subclinical events otherwise
remove highly correlated episodes with negligible peaks), welissed, providing an improvement of the detector performance
detected as subclinical events. The validation of the detectgF detecting ST segment subclinical everfig{ P from 85/86
combined with the post_processor was done for the extend@@0/85) Similar to that Obtained fOI‘ ST-T Complex SubC|inica|
sets of episodes, see Table Il. events §/+ P from 85/76 to 89/76).

An example of the performance is shown in Fig. 5 for ST
segment changes in the recordie@l03. In the upper panel,
therms[n] series with the original annotations, manually added
(centered around minutes 4, 62, and 74) and automatically de€Comparative performance statistics are presented in Table V
tected episodes are shown. The estimatgd,. correlation co- for different detectors using th&uropean ST-T database
efficient, which constitutes the basis for the detection of subecond and third columns (left part of the table) sh®vand
clinical events, is shown in the bottom panel. + P values for each detector in their optimal operating points;

IV. DISCUSSION
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(a) ROCs for ST segment episodes de-
tection. Optimal point selected at (8 =
0.0083, 7 = 18.1).

1199

20
g 100" g 8
{b) ROCs for ST-T complex episodes
detection. Optimal point selected at (3 =
0.0017, p = 11.1).

Fig. 6. ROC curves for detection of (a) ST segment, and (b) ST-T complex episodes. The ROC's Surgesué+ P representations) have been calculated
varyingn for several values of.

1500 . . " . . TABLE V
: PERFORMANCE STATISTICS COMPARISON WITH OTHER DETECTORS IN
e OPTIMAL OPERATING POINTS (COLUMNS 2 AND 3), AND AFTER FORCING THE
000k ) : B S AP S rms DETECTORS TOOBTAIN THE SAME S THAN THE OTHER SYSTEMS
: e (CoLUMNS 4 AND 5). SEE TEXT FOR DETAILS.
: g
sook . SRR s S . Method ST+P +P | +P
s g RMS 85| 86 RMS | RMS+p
: iy : *RMS + p-stage 90 | 85
AST (Vo . N TS . Taddei et al. [18] | 84 | 81 87 | 87
o **Maglaveras et al. [31] | 89 | 78 80 85
v Jager et al. [20] 87| 88 83 | 86
-500 e _,u:‘?’ $ : : - T *Tested on the extended annotation set (280 events).
:/ o : **Only tested for ST segment episodes
* _,,,-"' : annotated on the first lead (160 events).
~1000| - .//.v.. S ]
R : : * rms ]
oo . ‘ ; ; e ms? the detector of [31] was only tested for ST segment episodes
-%00 -200 -100 sign(ASTg_rms w ™ 200 300 annotated on the first lead (160 events). On the other hand, the

rms +p-stage detector was tested on the extended annotation
) o L ) set (280 events). Although our detector is based on simple
Fig. 7. Accuracy for estimating the ST segment deviation magnitude of the . . .

annotated events: regression line and correlation coefficient. See text for det&llOCESSING stages, Its performance is of the same order, or
better, than those obtained for algorithms based on much more
sophisticated techniques. The present detector has the great
advantage of detecting both ST segment deviations and ST-T
complex changes: no previous detectors of ST-T complex
changes have been validated. Many of the detectors referred to
in the Introduction have not been validated using an annotated
database, thus making it impossible to establish a performance
comparison.

Most of the previous work in this area did not evaluate the ac-
curacy for estimating the deviation magnitude of the ischemic
events. This information could be important for the clinician:
once an event has been detected, its magnitude should be de-
the fourth and fifth columns (right part of the table) shew” fined to estimate clinical implications. With respect to this point,
values obtained with the rms detectors (rms and g, our detector presented a highly linear behavior and a close co-
respectively, after forcing them to obtain the saievalue incidence with the manual annotations. We may conclude the
as the other detectors (thus, an identiSals found in each comparison of the different detectors by asserting that it seems
row and the comparison is done attending’). Note that the difficult to increase the present detection performances; further
new operating points for the rms detectors do not correspointprovement might be related to an over-training onHugo-
to their optimal values but facilitates the comparison. Thaean ST-T databas&egarding this, it is important to develop
detectors presented in [18] and [20] were validated using thew databases of this type, e.qg., [32], to test algorithms for is-
same 250 ST segment episodes set used here (see Table I)chrdia detection.

TABLE IV
DETECTOR PERFORMANCE STATISTICS (AVERAGED AND EXPRESSED AS
PERCENTAGE WITH AND WITHOUT USE OF THE CORRELATION STAGE
ON THE EXTENDED SET.

Method [ Int. | S | +P | Sp [+Pp
RMS ST || 81.7 889|735 69.8
+ p-stage | ST [ 89.7|84.9|84.7| 64.5
RMS ST-T | 83.0 | 79.7 | 76.5 | 62.2
+ p-stage | ST-T |} 89.2 | 76.2 | 85.6 | 59.3
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The decrease in positive predictivity when detecting ST-ie desirable to expand the present detector structure to handle
complex changes instead of ST segment deviations, may be dhanges in body position.
to several factors. One of them is the intrinsic difficulty to man- Finally, it should be pointed out that different lead configu-
ually detect T wave changes (obviously more complicated tations are included in thEuropean ST-T databasthus pre-
detect than ST deviations, due to the need of a T wave templaémting a large variety of two lead combinations. This property
for comparison) that would yield to the absence of annotationenstitutes an additional difficulty in the selection of the de-
for several episodes that get detected by the automatic detedemtor parameters since ischemia is reflected differently in dif-
Another factor may be the wider variety of changes (not alwagesrent leads. Detection based on identical lead configuration is
related to ischemia) that can be present in the whole repolbkely to yield better performance.
ization period and, therefore, makes it difficult to avoid false
detections.

The analysis intervals had fixed lengths although starting at a _ _ '
heart rate (HR)-dependent distance from the QRS fiducial point.The present detector is based on simple processing stages.
The interval lengths were selected in order to include the app#s performance is comparable to or even better than those of
priate signal segment (300 ms was considered long enoughmigre complex algorithms. The detector handles not only ST
include most of the T wave energy even for a slow HR and sh&gment deviations but also entire ST-T complex changes,
enough to avoid inclusion of energy from the next beat in caset§ereby providing a more complete approach to the detection of
afast HR). For uses of the detector in situations where the HR§§hemic episodes. Validation on thairopean ST-T database
expected to reach extreme values (€xg150 bpm during stress showed results of sensitivity/positive predictivity of 85/86%,
test), the use of window lengths adjusted to the RR interval3§d 85/76%, respectively, for ST segment deviations and ST-T
suggested [29]. However, for ambulatory monitoring purposé§mp|ex cha_nggs. A post-processor bgsed on a cross-corre-
the present structure did not affect the performance. In fact, #agon analysis in the rms series domain detected subclinical
validation results did not change significantly even when the ivents with repetitive patterns (found in around 20% of the
terval onset was selected at a fixed point instead of at a HR-dgcordings), and improved the performance to 90/85%, and
pendent point. 89/76%, for ST segment deviations and ST-T complex changes,

The cross-correlation study showed that a significar@spectively.
number of patients presented a repetitive ischemic pattern
(around 20%). Such potentially ischemic episodes that REFERENCES
exhibited the same Va”?tlons pattem_ could be due to[l] J. B. West,Physiological Basis of Medical Practice Baltimore, MD:
coronary vasospasms (Prinzmetal’s angina) [33]. When the = williams & Wilkins, 1991.
basic detector structure was applied to the extended set ol Y.Birnbaum, S. Sclarovsky, A. Blum, A. Mager, and U. Cabbay, *Prog-

. . nostic significance of the initial electrocardiographic pattern in a first
annotations, then thé value was obviously reduced (from acute anterior wall myocardial infarctiorChestvol. 103, pp. 168187,
85% to 82% for ST segment changes, and from 85% to | June 1b992. 4. sl o “The initial o i .

0 _ Y. Birnbaum and S. Sclarovsky, “The initial electrocardiographic pattern
83% for ST T. complex chqn_ges) as a consequence of thaP in acute myocardial infarction: Correlation with the underlying coronary
many new episodes (subclinical events) were not detected, anatomy and prognosis.&nn. Noninvasive Electrocardiolvol. 2, no.
but the +P value increased (from 86% to 89%, and from 3, pp. 279-91, July 1997.

% to 80%) si ts that in th iqinal t e[4] J. Garcia, G. Wagner, L. Sérnmo, S. OImos, P. Lander, and P. Laguna,
76% to 0) since some events that In the original Set WEere  «temporal evolution of traditional vs. transformed ECG-based indexes
false detections, further accounted for as correct detections. in patients with induced myocardial ischemid,”Electrocardiol, vol.

; ; 33, no. 1, pp. 37-47, 2000.
Whe_n the correlation stage was added th&alue increased (5] P. Laguna, G. B. Moody, J. Garcia, A. L. Goldberger, and R. G.
significantly (up to 90% and 89%, for ST segment and ST-T Mark, “Analysis of the ST-T complex of the electrocardiogram using
complex, respectively), corresponding to a better detection the Karhunen-Loéve transform: Adaptive monitoring and alternans

’ - ’ . detection,”Med. Biol. Eng. Computvol. 37, pp. 175-189, 1999.
of the new eplsodes, and theP value decreased Sllghtly [6] J. Garcia, P. Lander, L. S6rnmo, S. Olmos, G. Wagner, and P. Laguna,
(to 85% and 76%, for ST segment and ST-T complex, “Comparative study of local and Karhunen—Loéve based ST-T indexes

; ; ; in recordings from human subjects with induced myocardial ischemia,”
respectively) c_zlye to thaF the extra stage_ has assqmated its Comput. Biomed. Resiol. 31, no. 4, pp. 271292, 1998,
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