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ABSTRACT
Clinicians’ decision for mechanical aid discontinuation is a chal-
lenging task that involves a complete knowledge of a great number
of clinical parameters, as well as its evolution in time. Respiratory
pattern variability appears as a useful extubation readiness indicator,
and thus can be used as an informative feature in a statistical pat-
tern recognition framework. Reliable assessment of this variability
involves a set of signal processing techniques that should be care-
fully evaluated for statistical validity. This paper evaluates different
variability extraction techniques aimed to build a Bayesian classifier
for weaning readiness decision. As a conclusion, Sample Entropy
is selected as the best performance extraction method. By calcu-
lating it over tidal volume signals, and with mean respiratory rates
as additional input patterns, a 2D Bayesian classifier is constructed
with principal component analysis selection. The obtained misclas-
sification probability (P. = 0.2141) is acceptable if compared with
performance of single feature classifiers.

1. INTRODUCTION

Discontinuation of mechanical ventilation in an Intensive Care Unit
(ICU) setup is a process that should not either be delayed unnec-
essarily or undertaken too early. It is usually done by the gradual
removal of the mechanical support as spontaneous breathing is re-
sumed [1], and is referred to as weaning.

Weaning readiness assessment may be performed by analysis
of several physiological parameters holding information of a poten-
tial successful or failed weaning trial. Depending on the variable of
interest, the analysis may be performed either by trend evolution ob-
servation, punctual pulmonary tests, or breathing pattern variability
quantification. We will hereafter refer to these parameters as wean-
ing indices or predictors.

Within this framework, the so-called weaning problem can be
formulated from a statistical pattern recognition point of view. Fea-
tures accounting for pattern variability and predictors’ evolution
may be extracted from physiological signals, and a posterior fea-
ture selection and classification in successful (SW) and failed (FW)
weaned groups can be carried out.

Several studies have been developed on classical evolution-
based descriptors. Most of them are summarized in a number of
review papers such as [2]. Among the physiological variables of in-
terest, both respiratory frequency and its ratio to tidal volume stand
out with lower values for successfully weaned patients [3]. Regard-
ing breathing pattern variability, more regular tidal volume series
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have been found for successfully weaned patients [4]. The same
conclusion was reached in [5], both for tidal volume and respiratory
peak flow.

The main purpose of the aforementioned studies was the iden-
tification of the weaning predictors. This was made by the per-
formance of statistical tests accounting for significant differences
among the groups of patients who could maintain spontaneous
breathing indefinitely and those unable to do so. Thus, a classifying
objective as itself was not established.

In this paper, we propose a simple two-dimensional Bayesian
classifier as a clinical aid for weaning readiness assessment. To
this end, feature extraction and selection is performed in order to
get the best weaning predictors from real breathing patterns. We
have payed special attention to pattern variability assessment issues
from a signal processing point of view since we believe previous
approaces (such as those employed in [4] and [5]) are somehow ob-
jectionable. To this end, both classical techniques and nonlinear
methods related to chaos theory have been evaluated. The choice of
the final pattern variability quantifier was made by prior evaluation
of its suitability for the special signals we have dealt with, and its
capability of discerning among both groups of patients. A recently
developed statistic, Sample Entropy (SampEn) [6] was finally se-
lected as the best candidate for pattern complexity assessment.

The paper is organized as follows: Section 2 presents Sample
Entropy and evaluates its suitability as a regularity quantification
method for the time series to be studied. Section 3 presents the
feature selection issues among the whole set of explored weaning
predictors. The Bayesian classifier performance on the selected fea-
tures is also evaluated in this section. Finally, Section 4 closes the
article with the conclusions obtained from the developed work.

2. ON FEATURE EXTRACTION: SAMPLE ENTROPY AS
A BREATHING PATTERN VARIABILITY QUANTIFIER

The study was carried out on breathing pattern signals obtained
from 40 intubated patients who underwent a spontaneous 30
minutes weaning trial once practitioners decided readiness for ex-
tubation had been achieved. A higher variability of tidal volume
patterns in patients who had failed such a trial was expected as out-
come, as well as a higher mean respiratory frequency value. The
total number of successfully weaned patients (those who passed the
trial and did not need reintubation) was 20. The remaining 20 did
not pass the trial and needed reintubation within 48 hours after the
experiment.

With such a clinical setup, 500 samples of inspiratory (VTI) and
expiratory (VTE) tidal volume patterns were obtained for variability
assessment. Additionally, respiratory rate (RR) patterns of the same
number of points were also recorded for trend evolution analysis.
We will focus on complexity assessment since trend evolution was
just analyzed from the mean value of the RR time series.



2.1 Descriptive Statistics

One of the most widely used statistics in biomedical applications is
the coefficient of variation (CV), obtained as the ratio of the stan-
dard deviation (std) to the mean value of the time series. In [5]
it appeared as a useful complexity quantifier and relevant differ-
ences between both groups of patients were obtained. Nevertheless,
though it is a simple, easy to interpret (in physiological terms) and
accessible method, it presents insensitivity to the orderliness of the
data, and thus, does not yield information on the system’s inher-
ent dynamics. An assumption of static time series is taken, and any
variation in measurement is considered to be random sampling error
around a “true” mean. We checked out its suitability by extracting
the coefficient of variation from each VT pattern and performing a
Student’s t-Test [7] to look for significant differences among groups.
Mean and standard deviation values for each group are summarized
in Table 1, jointly with the p-value obtained from the statistic. The
conclusion was that no significant differences (p < 0.05) were ob-
tained by means of the CV. Indeed, a higher mean value for the
SW (see table caption) group was obtained from the test, which was
opposite to the expected.

2.2 Testing the Degree of Stationarity

Since a static time series can not be assumed, it seems natural to
think that a less stationary behavior may be expected for breathing
patterns extracted from patients that are not successfully weaned.
So, testing for stationarity might be a useful task for detecting dif-
ferences between groups. In this context, stationarity must be un-
derstood as maintenance of the statistical properties invariant along
time. There exists a number of stationarity tests for time series in
the literature, both parametric and non-parametric. Those in the first
group, assume a model for the time series to be analyzed and check
if the model is followed along time, whilst the non-parametric ap-
proaches do not take any basic assumptions about the nature of the
time series.

One of the most widely used parametric test is the KPSS [8],
which considers the time series as the sum of a deterministic trend,
arandom walk, and a stationary error. Both the hypothesis of trend-
stationarity (i.e., the signal follows a linear trend, with some ran-
dom noise), and level-stationarity (random variance around a mean
level) are tested. A statistic is set to check for these hypothesis,
and higher values of the statistic account for an increasing degree of
non-stationarity.

The non-parametric group includes the so-called runs test (RT)
[9], which looks for the number of runs' in a time series and com-
pares it to the distribution of runs which should appear if the process
followed a random stationary pattern. Once again a higher value of
the statistic used for comparison is an index of a higher degree of
non-stationarity.

Our aim is not to describe both tests, but to test whether a
higher non-stationary behavior can be found for the tidal volume
patterns in the FW group. Thus, we have performed both tests
over each of the tidal patterns, and have taken the value of the
statistic as a quantifier of the degree of nonstationarity. Only
level-nonstationarity has been checked with the KPSS, which it
is indeed the hypothesis tested by the RT. The Student’s t-Tests
were repeated in order to check for differences between both
groups. The obtained values are also summarized in Table 1.
No significant differences between groups were found except for
the RT performed over VTE patterns. The result of the test was
opposite to the expected, i.e., more regular patterns appear in the
FW (see table caption) group in terms of non-stationarity. But these
results should be carefully considered. The RT checks whether
the runs distribution in the time series is similar to the expected
distribution for a random i.i.d process. However, the signals we are

'A run can be defined as a succession of one or more identical symbols,
which are followed and preceded by a different symbol or no symbol at all.
In our context, we assign symbol “1” if a value in the time series is above
the median, and “0” otherwise.

dealing with, can be modeled as auto-regressive 1 order —~AR(1)—
processes [10] with some degree of correlation, and thus, this
assumption can not be made.

We have seen how simple regularity quantifying methods appear as
not suitable for the particular kind of signals we are working with.
Thus, it is time to look for a non-linear statistic that can account
for subtle variability behavior not detected with the methods evalu-
ated above. The first potential candidate is the approximate entropy
(ApEn), which was the one used in [4]. But we shall experimen-
tally show, that it is not suitable for AR(1) models. Instead, sample
entropy (SampEn) may be a more appropriate candidate.

2.3 SampkEn as a regularity quantifier

Sample Entropy was introduced as a quantification of regularity in
data. Regular signals are expected to have low SampEn, while com-
plexity is related to higher SampEn values. Additionally, SampEn
may also be used to determine the occurrence probabilities of spe-
cific patterns in a time series [6].

For the calculation of SampEn we first take the original time se-
ries x[i],i = 1,...,N, and construct vector sequences of size m, u[l]
through u[N — m + 1], defined by uli] = {x[i],...,x[i+m —1]}. The
vectors length m, is known as the embedded dimension. The con-
structed vectors represent m consecutive x values commencing with
the ith point.

The distance d(uli],u[j]) between vectors u[i] and u[j] is de-
fined as d(u[i],u[j]) = max (|ufi;k] —u[j;k]|,0 < k <m—1) where
k accounts for the vector component index. The probability of find-
ing another vector within distance r from the template vector u[f] is
estimated by

1
c"(r)= Nim{number of j,j#1i, W

1 < j<N-—m+1,such that d(u[i],u[j]) <r}

SampEn(m, r,N) is the negative natural logarithm of the condi-
tional probability that two sequences similar for m points remain
similar at the next point. In order to estimate this, the previous ex-
pression must be averaged over i

N—m+1
O"(r)=N-m+1)~" Y cm(r) )
i=1
and finally
SampEn(m,r,N) = —In[®""(r) — &1 (1) 3)

M. Engoren used ApEn as a weaning predictor in [4]. The
calculation of ApEn is very similar to that of SampEn and can be
found elsewhere (as an example, the reader may refer to [11]). The
main differences stand on that ApEn does count for self-matches
in the probability estimation, and this implies a bias to lower val-
ues of the statistic, if it is compared with its theoretical counterpart
ApEn(m,r). Additionally, the average in Eq. 2 is performed over
natural logarithm values of C/"(r). In contrast, SampEn does not
count self-matches, and has been demonstrated to present relative
consistency in some cases where ApEn does not [6]. Additionally,
computational load is also reduced with SampEn.

Both ApEn and SampEn have a strong dependence on three
parameters, the embedded dimension m, the distance filtering pa-
rameter r, and the length of the time series N. With a minimum
value of N = 1000, and an embedded dimension of m = 2 ApEn
values have been reported to produce good statistical validity for r
in a range from 0.1 to 0.25 of the signal standard deviation. This
has been tested both theoretically and in several clinical applica-
tions (see [11] and references therein). This reason justifies the use
of ApEn in [4]. However, we will show that this is not true for AR
models, but first, we will pay attention to the m and r parameters
selection.



VTI Cv KPSS statistic | RT statistic | SampEn(2,20%0,500) | ApEn(2,20%0,500)
SW | 0.228 £ 0.097 0.64 £ 0.70 8.58 +3.07 1.62 £0.29 1.20 £ 0.10
FW | 0.195 £ 0.076 0.43 £0.30 713 £2.77 1.98 £0.37 1.16 £0.15

D 0.23 0.25 0.13 0.0016 0.38
VTE CV KPSS statistic | RT statistic | SampEn(2,20%0c,500) | ApEn(2,20%0,500)
SW | 0.228 +0.100 0.51 £0.49 9.45 £2.56 1.57 £0.29 1.18 £0.13
FW | 0.195 £ 0.079 0.41 £0.31 7.64 +£2.20 1.93 +0.29 1.19 £ 0.14

p 0.21 0.47 0.021 0.0004 0.77

Table 1: Student’s t-Test results (mean =+ std) on different pattern variability quantifiers. Significant differences between groups are consid-
ered for p < 0.05. SW and FW stand for Successful Weaning and Failed Weaning respectively.
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Figure 1: SampEn(2,20%0) and ApEn(2,20%0) values compared
to mean values from 100 estimates of SampEn(2,20%0c,500) and
ApEn(2,20%0,500)for AR(1) models with a values ranging from
0.01 to 0.99.

The embedded dimension m should be as high as possible, but
the following condition has to be met: 10" < N, < 30™. Since
we have limitations on the time series length (N=500), the maximal
available value for m is 2. For r value selection, we have proceeded
as in [12]. A r selection of 20% the std of the signal was obtained
as the better trade off between an acceptable number of matches
(low variance of the estimator), and an excessive higher probability
estimation (low discrimination capability).

Once a proper selection of the statistic parameters is achieved,
the theoretical values of ApEn(2,20%0) and SampEn(2,20%0)
can be calculated and compared with the estimated values for N =
500. Figure 1 presents the mean values obtained from 100 sim-
ulations of both ApEn(2,20%0,500) and SampEn(2,20%0,500)
for an AR(1) model obtained from the output of the IIR filter
H(z) = 1%112 with a zero-mean, unitary power white Gaussian noise
sequence w{n| as input. The statistics have been obtained for differ-
ent values of the filter coefficient a. Taking into account that a more
correlated signal is obtained as a grows from O to 1, both SampEn
and ApEn values should decrease with increasing a, and this is not
true for ApEn due to the bias to low values. This can be easily ob-
served by just looking at the theoretical values, also sketched in Fig.
1. For their calculation, we can start from the basis in [13] and after
some algebra, we arrive at

SampEn(m,r) =

(St ()

and
ApEn(m,r) =
B ./Rmﬂ In (PIE)?TT;)I)) Jums (u’”“ [i}) du" i ®)
with A
P(By) = /u’” i+~ fur (0™[j]) du™[j] ©)
wli]—r

where fy (u™[j]) is the joint m-dimensional probability density
function (pdf) of w™[j]. Equivalently, evaluation of P(B,,1) can
be performed just substituting m by m+1 in Eq. 6. For the AR
process we are dealing with, f,, (u™[;]) is a m-dimensional Gaussian
distribution with zero mean and a Toeplitz covariance matrix whose
elements are defined as {Cyn }; j = lf;a“’j‘, 1<i,j<m.

Coming back to our respiratory signals, the Student’s t-Tests
were performed on ApEn and SampEn values calculated over the
VTI and VTE patterns. Results from the tests are also summarized
in Table 1. No significant differences were found for ApEn values.
Indeed, higher complexity values were obtained for the SW group
when evaluating VTI. This can be justified just by looking at Fig.
1. Due to the bias, low ApEn estimates may be obtained from very
irregular signals. On the other hand, results with SampEn were as
expected from the clinicians, obtaining more irregular patterns in
the FW group (higher SampEn mean value with statistical signifi-
cance). Moreover, the p-values obtained from both tests were quite
low (both below 0.01).

3. A DISCUSSION ON FEATURE SELECTION AND
CLASSIFICATION PERFORMANCE

The evaluation of descriptors presented on Section 2 may serve as
a guideline for a first feature selection approach in order to get the
best affordable Bayesian classifier [14]. Thus, it seems logical to
select the best meaningful descriptors provided they follow the clin-
ical expectations. This is the same as the selection of SampEn sta-
tistics obtained over the VTI and VTE patterns. Additionally, a
classical evolution parameter, the RR may serve as a useful fea-
ture. Information from it can be extracted by just averaging the RRs
time series. The evaluation of the Student’s t-Test over the mean
RR data resulted in a higher averaged respiratory rate for the failed
weaned group with a significance level p < 0.0073, 24.72 £ 4.05
breaths/min for the successfully weaned group and 28.78 + 4.95
breaths/min for the failed (mean =+ std).

Thus, starting from the SampEn(2,20%0,500) of VTI and
VTE, and the mean value of the RR, we can evaluate 1D, 2D and
3D Bayesian classifiers assuming Gaussian distributions for each
class. Since we do not have many patients to establish representa-
tive training and test sets, we train our classifier with the 40 samples,
and then perform a leave-one-out test [14] for performance evalu-
ation. Performance has been evaluated in terms of probability of
misclassification (P.), i.e., the ratio of misclassified patterns to the
total number of them. Table 2 presents the average P. values from
the leave-one-out test for all the possible combinations of selected
features.



Feature 1 Feature 2 Feature 3 P,
SampEn(VTE) 0.2564
SampEn(VTI) 0.2750

Mean(RR) 0.3955
SampEn(VTE)  SampEn(VTI) 0.2282
SampEn(VTI) Mean(RR) 0.2705

Mean(RR) SampEn(VTE) 0.2250
SampEn(VTE)  SampEn(VTI) Mean(RR) 0.2276

Principal Component Analysis: 3D—2D Pe=0.2141

Table 2: P values obtained with 1D, 2D, and 3D Bayesian classi-
fier. SampEn values were obtained for m = 2 and r = 20%0 over
500 samples. Performance from PCA is also presented.
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Figure 2: Bayesian 2D classification boundary on the whole data
set after PCA.

As shown in the table, SampEn(VTE) is the feature that mini-
mizes the P, as itself. Nevertheless, an improvement if combined
with some of the other two can be obtained. Though Mean(RR)
does not provide a good performance in a 1D classification problem,
the best results are obtained when joined to SampEn(VTE). Indeed,
the P, values obtained from the 3D classifier are higher than its 2D
counterpart when these two features are combined. A further im-
provement is obtained if principal component analysis (PCA) [14]
is applied to the 3D problem in order to get a 2D classifier with
better performance. The P. value after PCA is also presented in
Table 2. An improvement has been achieved if compared with
those results in [3] (Table 3). This work obtained an overall perfor-
mance of P, = 0.2535 after applying a discriminant analysis over
12 features extracted from patients with diseases of different etiolo-
gies. Since our patients suffered from heterogeneous diseases, bet-
ter performance results in [3] obtained for specific disease groups
(P, = 0.0606 for patients suffering from Chronic Obstructive Pul-
monary Disease -COPD-) may not be compared to ours. The final
selection ended up with 6 different features. The only one account-
ing for pattern variability among them was the CV.

4. CONCLUSIONS

In this paper, we have formulated the so-called weaning problem
under a statistical pattern recognition framework. Regarding fea-
ture extraction, we have evaluated different variability quantifica-
tion techniques in order to get as much information as possible on
weaning readiness. Once meaningful features have been identified,
a selection process and Bayesian classification has been performed,
with results presented in terms of probability of misclassification.

It is important to take into account that the population under
study is not high due to clinical constraints, and this issue poses
limits on the classifier performance. Moreover, clinical issues also
impose airflow signals not longer than 500 points. Of course, if
longer signals were analyzed, more reliable complexity quantifica-
tion would be obtained. Nevertheless, we have taken into account
this issue and selected the best method for our particular problem.

Further lines of research are to be open while additional patients
are included in the study. We will explore additional variability
assessment techniques such as extraction of spectral features, and
try to find the best fitting model to our particular signals. Once a
model is fitted, suitability of the different techniques can be checked
by means of theoretical developments as we have shown in Section
2.3. Additionally, we believe that multimodal approaches and, in
particular, the use of EEG together with respiratory signals would
include additional information on the weaning problem resolution,
opening up new processing frontiers in this field. This should be, in
our opinion, explored.
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