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Abstract

This paper proposes a protocol and technigques to as-
sess the robustness of algorithms for detecting transient
ischemic ST segment changes. An algorithm is robust
if it is not critically dependent on the distribution or
noise content of input signals, or the exact values of
its analysis parameters. The protocol includes bootstrap
evaluation of algorithm performance, a noise siress test
and a sensitivity analysis of the most important algo-
rithm parameters. We illustrate these methods by a
case study in which we assessed the robustness of our
Karhunen-Loéve Transform based ischemic ST change
detection algorithm.

1. Introduction

Assessing the properties of ST analyzers as well as
predicting their behavior in the real world during am-
bulatory ECG monitoring or during in-patient mon-
itoring is a difficult task. Although performance as-
sessment using standard inputs [1] can provide much
useful information about an analyzer’s behavior, such
tests often do not include methods for assessing ro-
bustness. While performance measurements typically
characterize how the standard inputs are analyzed, it is
important to understand to what extent performance
depends critically on the choice of inputs. An ana-
lyzer whose performance varies little over a range of
inputs may be said to be robust with respect to varia-
tion of input. Similarly, if parameters of the analysis do
not critically affect performance as they are adjusted
within some range, the analyzer is robust with respect
to variation of these parameters. It is often the case
that robustness is achieved at a cost in absolute per-
formance. Nevertheless, robust methods are generally
preferred, because they are less likely to fail catastroph-
ically than are non-robust methods. There is no gener-
ally accepted methodology for assessing the robustness
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of ST analyzers; this paper proposes techniques and
procedures for doing so.

2. Assessing robustness

The protocol proposed to assess the robustness of ST
change detection algorithms includes:

1. Bootstrap estimation of performance distributions,
to determine if performance is critically dependent
on the choice of the database used for testing;

9. Noise siress tests, to determine the minimum
signal-to-noise ratio (SNR) at which performance
remains acceptable; and

3. Sensitivity analysis, to determine if analysis pa-
rameters are critically tuned to the test database.

An ST change detection algorithm is considered to
be robust if the performance measurements obtained
during these procedures remain above predefined crit-
ical performance boundaries.

The “bootstrap” procedure [2] can be used to esti-
mate, for example, the 5% confidence limits of the per-
formance (the lowest expected performance) of the ST
detection algorithm. The procedure requires only the
assumption that the reference database is a well-chosen
representative subset of the population of examples for
the problem domain. Thus the bootstrap predicts the
algorithm’s performance in the real world. The algo-
rithm is robust if its lowest expected performance is
still above the critical performance boundaries. The
bootstrap is also useful for comparing the robustness
of different algorithms. A narrower distribution of per-
formance (a smaller interval between the 5% confidence
limit and the raw statistic), as estimated by the boot-
strap, indicates a more robust algorithm. Such an al-
gorithm yields nearly the same performance given very
different circumstances (input signals), and is therefore
relatively insensitive to the choice of the database.
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Noise tolerance and ability to reject noise are also
important aspects of the behavior of an ST analysis al-
gorithm. A quantitative and reproducible technique of
adding noise to ECG records allows us to determine the
effects of noise on the algorithm’s performance. Syn-
thesized noise does not guarantee the same character-
istics (e.g., non-stationarity) as are observed in a clin-
ical environment. The noise stress test [3] is a method
that consists of adding real noise (electrode motion ar-
tifacts, baseline wander, and muscle noise) to “clean”
ECG signals. A useful concept when characterizing the
results of a noise stress test is the lowest SNR at which
the algorithm can still operate acceptably. This criti-
cal SNR is smallest for those algorithms that are most
robust with respect to noise.

Sensitivity analysis addresses the question of how
performance varies given small changes in analysis pa-
rameters. Performance of a robust analysis algorithm
should not deteriorate below acceptable levels if such
changes are made; if this does happen, it suggests that
the design of the algorithm may be tuned to the test
database.

3. Case study

We assessed the robustness of our Karhunen-Loeéve
Transform (KLT) based two-channel ischemic ST
change detection algorithm [4, 5], using the perfor-
mance measures proposed in [1, 5] and the European
Society of Cardiology ST-T database (ESC DB) [6] as
the test database. Since no performance requirements
have been previously published, we set critical perfor-
mance boundaries (goals; see Table 1), based on per-
formance measurements obtained in this way from a
variety of current analysis algorithms, including our
own. These levels of performance are possible but not
trivial to achieve, and in our estimation represent the
standard of performance to be expected of clinically
useful ST analysis algorithms at present.

3.1. Bootstrap distributions of the
aggregate performance statistics

In order to illustrate comparisons of bootstrap per-
formance distributions for different ST detection algo-
rithms, we also derived the bootstrap distributions for
our earlier time-domain ST change detection algorithm
(5, 7]. Table 1 shows the raw aggregate performance
statistics and the 5% confidence limits for the minimum
expected performance statistics (based on 10,000 boot-
strap trials) for both algorithms in comparison to the
critical performance boundaries. Of these, the KLT-
based algorithm yields better performance. Its low-
est expected performance (the 5% confidence limits)

230

[%] Goal |KLT algorithm|Time algorithm
Statistic Raw (5%) Raw (5%)
IE Se [g]| > 80| 85.2 (80.6) | 83.2[(77.8)
IE +P[g]| > 80| 86.2 (81.1) | 83.9((78.3)
ID Se [g]| > 70| 75.8/(69.6) 73.1((66.6)
ID +P[g]| > 70| 780 (725) | 77.7 (7L.6)
proow) | <15 98 - 98 -
IE Se [a]| > 80| 87.1 (82.2) | 85.6 (80.6)
IE +P[a) | > 80| 87.7 (82.9) | 86.9 (82.0)
IDSe [a]| >70| 782 (73.2) | 78.0 (73.3)
ID +P[a]| > 70| 74.1[(693)] | 74.4[(9.4)

Table 1. Performance of the ST change detection al-
gorithms obtained on the ESC Database versus critical
performance boundaries. The bracketed figures are 5%
confidence limits (based on 10,000 bootstrap trials);
those that do not meet the goals (critical performance
boundaries) are boxed. (IE - ischemic ST episode, 1D
- ischemic ST duration, [g] - gross, [a] - average, p(100 W)
- discrepant ST measurement percentage)

[%] Gross |IE Se|IE +P|ID Se|ID +P
KLT alg.| AP 46| 51 | 62| 55
Time alg.| AP 54| 56 | 65| 6.1

Average|IE Se|IE +P|ID Se|ID +P
KLT alg.{ AP 49 4.8 5.0 48
Time alg.| AP 50| 49 | 47| 5.0

Table 2. Widths of the bootstrap performance distri-
butions (AP) between the 5% confidence limits and
raw statistics for the ST detection algorithms.

is close to (gross ID Se) or exceeds the critical per-
formance requirements, while this is not the case for
the time-domain algorithm. Table 2 summarizes the
widths of the bootstrap distributions (AP) between
the 5% confidence limits and raw statistics for both al-
gorithms. Bootstrap distributions for gross as well as
average aggregate performance statistics are narrower
for the KLT-based algorithm, so it appears to be more
robust with respect to the choice of inputs than the
time-domain algorithm.

3.2. Noise stress test

We created a noise stress test database containing all
the records of the ESC Database, to which noise from
MIT Noise Stress Test Database was added. For this
test, the first five minutes of the ECGs were left “clean”
for each record, to permit the detector an opportunity




to measure the baseline ST segment deviation level ac-
curately. Following this period, the test stresses the
detector by adding noise throughout the entire record.
We wanted to simulate real circumstances so all three
kinds of noise were represented equally. Records to
which a given type of noise was added were chosen
at random. SNRs were chosen from 6 dB to 36 dB
with a step of 6 dB. The protocol includes two vari-
ants. In the first variant, noise was added to signals
immediately prior to preprocessing phase which repre-
sents arrhythmia detector analysis, while in the second
variant, noise was added to signals immediately after
the preprocessing phase. In our case, the ARISTOTLE
arrhythmia detector [8], written by the second author,
was used. Using both types of test permits us to deter-
mine to what extent the performance of our ST analy-
sis algorithm may be limited by that of the arrhythmia
detector in the presence of noise.

The noise stress test results (Figure 1) shows stable
gross and average IE Se and ID Se, even for SNR =
6 dB. Gross and average IE + P and ID + P stay
above critical performance requirements until SNR =
24 dB or even 18 dB. Only slightly worse performance
was obtained when noise is added prior to ARISTO-
TLE’s analysis. In this case, the significantly discrepant

ST measurement percentages, p(ioow), were 12.5% (for
SNR = 30dB), 16.0% (24dB), and 23.1% (18dB).

3.3. Sensitivity Analysis

Sensitivity analysis was performed by modifying the
dimensionality of ST and QRS feature vectors, modify-
ing the feature-space boundaries and decision thresh-
olds of the algorithm, and randomly perturbing the
exact position of the fiducial point.

When studying the influence of modifying the di-
mensionality of feature vectors (number of KL coef-
ficients), we retained the original noise-detection pro-
cedure (5 KL coefficients). We wanted to study the
influence on the quality of feature representation and
subsequently on those parts of the algorithm perform-
ing pattern recognition. We varied the number of KL
coefficients from 2 to 8. Other analysis parameters were
in each case recalculated according to feature space di-
mensionality ratio. The results of the test demonstrate
that performance is not critically dependent with re-
spect to variation in the number of KL coefficients be-
tween 2 and 6. Performance varied significantly, but
the variations were smooth. Performance statistics re-
mained above critical performance requirements when
the dimensionality of feature vectors, N, varied from 4
to 6 (Table 3).

Studying the influence of modifying the most impor-
tant feature-space boundaries and decision thresholds
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Figure 1. Performance of the KLT algorithm obtained
during noise stress test. (Solid - ischemic ST episode,
IE, statistics; dashed - ischemic ST duration, ID,
statistics; thin - noise added after ARISTOTLE’s analy-
sis; bold - noise added prior to ARISTOTLE’s analysis)

of the KLT algorithm involved procedures for noise de-
tection (feature-space distance threshold, residual er-
ror threshold), for correcting the reference ST seg-
ment level (updating feature-space boundary, time con-
stant), for detecting significant axis shift (step change
threshold, flatness threshold), and for detecting ST
change episodes (initial center and initial width of the
guard zone, lower decision threshold and the time con-
stant) [4]. Changing these parameters one-by-one up to
+10% did not influence performance of the algorithm
significantly (Table 3). The most sensitive parameter
is the initial center of the guard zone, denoted A.,.
Change in this decision threshold by —10% resulted, in
the worst case, in a change of gross [E +P by —7%; and
of gross ID +P by —7% from raw statistics. Changing
the decision threshold A., for +10% resulted, in the
worst case, in a change of gross [E Se by —8%; and
of gross ID Se by —8%. Otherwise, performance re-
mained strictly above critical performance boundaries.

To study the influence of fiducial point jitter, sim-
ulated uniformly distributed jitter in the interval
[-m,m], m =0, ..., 8, original signal samples around
the ARISTOTLE’s fiducial point was introduced. The
jitter was introduced immediately before applying the




[%] Goal| N | N | A, | A, |[2m]
Statistic 4 6 |-10%|+10%| m=2
IE Se [g]| > 80| 84.0 | 83.2 | 86.8 |[77.2]| 8
IE +P[g]| > 80| 81.7 | 84.6 88.3 |[78.1
ID Se [g]| > 70| 74.8 | 73.7 | 76.0 72.2
ID +P[g]| > 70| 73.4| 765 | 71.4 | 80.6
Paoowy | <15 98| 98| 98 | 9.8 | 10.9
IE Se [a] | > 80| 86.2 | 86.1 | 87.7 [ 81.0 | 875
IE +P[a] | > 80| 85.2 | 86.1 | 83.5 | 89.3 | 82.7
ID Se [a]| > 70| 77.8|76.7| 77.8 | 72.1 | 778
ID +Pla]| > 70| 72.7 | 73.3 | 70.7 | 77.0 | 70.8

Table 3. Performance of the KLT algorithm obtained
during sensitivity analysis (see text).

KL basis functions to pattern vectors. Such a situation
may be expected as a result of inaccurate time align-
ment of the pattern vector or of a suboptimal proce-
dure for determining the position of the fiducial point.
Performance of the KLT-based algorithm (Table 3) re-
mained close to (gross IE + P, ID + P) and above
the critical performance boundaries when introducing
jitter in the window of +2 original signal samples (+8
ms) around the fiducial point.

4. Discussion and conclusions

We have described methods for characterizing the ro-
bustness of ischemic ST change detection algorithms.
We demonstrated the robustness of the KLT-based is-
chemic ST change detection algorithm, and compared
it with our earlier time-domain algorithm. Bootstrap
analysis showed that the performance of these algo-
rithms is not critically dependent on the choice of
database, and that the KLT-based analysis not only
performs better than the time-domain analysis in ab-
solute terms, but is also marginally more robust. The
noise stress test demonstrated that the critical SNR
at which the KLT-based algorithm can still operate
acceptably equals 24 dB. Sensitivity analysis proved
that the algorithm is not critically tuned to the test
database (ESC DB).

Apart from comparing the robustness of the algo-
rithms, the bootstrap is also useful for comparing the
robustness of different performance statistics. Table 2
shows that distributions of average performance statis-
tics are narrower than those of gross statistics for both
algorithms. These average statistics appear to be more
robust estimates of performance than the correspond-
ing gross statistics, particularly for ischemic ST dura-
tion (ID) statistics. Aggregate gross 1D statistics are
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extraordinarily sensitive to single errors. Significant
errors in a small number of long episodes have a dis-
proportionately negative influence on gross statistics,
but not on the corresponding average statistic.
Performance results of the KLT-based algorithm
when changing the dimensionality of feature vectors
confirmed that the 5 KL coefficients for ST and QRS
feature vectors were a good choice for distinguishing
between noisy and non-noisy events [4]. Furthermore,
this study suggests that a dimensionality of 5 is also the
optimal choice for feature representation and pattern
recognition part of the KLT-based analysis algorithm.
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