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Abstract

An automated patient-specific system to classify the level of sedation in ICU patients using heart
rate variability signal is presented in this paper. ECG from 70 mechanically ventilated adult
patients with administered sedatives in an ICU setting were used to develop a support vector
machine based system for sedation depth monitoring using several heart rate variability measures.
A leave-one-subject-out cross validation was used for classifier training and performance
evaluations. The proposed patient-specific system provided a sensitivity, specificity and an AUC of
64%, 84.8% and 0.72, respectively. It is hoped that with the help of additional physiological
signals the proposed patient-specific sedation level prediction system could lead to a fully
automated multimodal system to assist clinical staff in ICUs to interpret the sedation level of the
patient.

l. INTRODUCTION

Accurate assessment of the level of consciousness in critically ill mechanically ventilated
patients in the intensive care unit (ICU) is important. Patients are often sedated to relieve
stress, prevent injuries and to facilitate ventilation and analgesia [1]. Controlling depth of
sedation is essential since both over- and under sedation could result in adverse patient
outcomes. Currently clinicians rely on several scoring systems to assess patients level of
sedation and sometimes the clinicians find it difficult to come to a conclusion using the
scoring system. In addition, these scoring systems are highly subjective, rely on the
experience and clinical observation and may not always be feasible to accurately assess
depth of sedation [2]. This limitation may increase/decrease the amount of sedatives used.
Therefore a physiologically-based continuous sedation monitoring system is essential.

Several electroencephalogram (EEG) based monitors are used to assess the level of sedation
during general anesthesia [3], [4]. These monitors are currently used during surgical
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procedures and their performance in monitoring level of sedation in ICU patients is not well
known and may be unreliable to distinguish between light and deep sedation levels [5].
However, little or no attention has been given to the development of a non-EEG based
monitors and very few studies have tried to explore the potential of electrocardiogram
(ECG) to assess levels of sedation [6].

The ECG is routinely recorded and readily available in the ICU to monitor the
cardiovascular function of the patients. It is also shown that the heart rate variability (HRV)
is systematically related to level of consciousness and can be used to analyze the autonomic
nervous system (ANS) function [7], [8]. However, HRV is still not widely used to assess
sedation levels in clinical environments and remains primarily a research methodology.

In this paper, we propose a novel patient-specific system using HRV and support vector
machine (SVM) to classify level of sedation. The proposed patient-specific system was
rigorously tested and validated on a large ICU database and we hope that the proposed
system will provide a reference for developing HRV based sedation level assessment
monitors.

We used ECG data from 70 patients (43 males; 27 females) in this study. GE bedside patient
monitors and BedMaster (Excel Medical Electronics, Jupiter FL, USA) software was used to
record the ECG data at a sampling frequency of 240 Hz. All recordings took place in several
ICUs at Massachusetts General Hospital (MGH), Boston, USA under a protocol approved
by the local IRB. The demographic characteristics of the patients used in this study is given
in Table I.

B. Sedation assessment

The Richmond agitation-sedation scale (RASS) was used to score patient sedation levels
shown in Table Il which ranges from =5 (deeply sedated/completely unresponsive) to +5
(agitated/violent) with 0 being normal/calm state [9]. RASS assessments were performed by
ICU nurses as a part of routine care and trained clinical research staff as part of the research
protocol in approximately 2-hour increments. In this study, we performed a binary
classification between two RASS groups: nonsedated [0, —1] versus sedated [-4, —5] that are
well separated in terms of patients sedation levels. We grouped this to determine if the
combination of a number of HRV features could be used to obtain patient’s level of sedation.

lll. Sedation level classification system

Figure 1 shows an overview of the proposed automatic sedation level classification system.
HRV signal is initially obtained from the raw ECG and later processed to remove artifacts.
The clean HRV signal is then segmented into short duration epochs and several features are
then extracted. Principal component analysis (PCA) was used to reduce the dimensions of
the feature set and then fed to the multiclass SVM classifier. The output of the classifier is
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the predicted sedation level. Details of each step in the proposed classification system is
described below:

A. Artifact reduction

The ECG signal was segmented into short duration epochs (ar-) and the Pan-Tompkins
algorithm was used to obtain the RR intervals (RRI) from the ECG signal [10]. Using a
threshold based method proposed by Clifford et al. abnormal ectopic beats were removed
[11]. Though the percentage of artifacts reduced significantly (see Figure 2b) by using this
method regular peaks were still present due to the effect of mechanical ventilation. In order
to remove these artifacts, we propose a novel threshold rejection method on the basis of the
interquartile range similar to the method described in [12]. The differences between adjacent
RRI (RRIyiz) were initially obtained and the inter-quartile range of the absolute value of
RRI isrwas measured. The outliers above a set threshold of 98% quartile were identified as
artifacts which were discarded and the missing samples were later adjusted using a linear
interpolation (see Figure 2c). After pre-processing, we regarded the cleaned and interpolated
RRI as normalized RRI (NN interval).

B. HRV feature extraction

Due to the novelty of the research area, a large set of features (31 features) were extracted
from the NN interval (summarized in Table I11) which were selected from previous studies in
adults [13], [14]. PCA was used to reduce the dimension of the feature space to identify
optimal subset of features, while retaining 98% of the energy. These features were then
normalized to have uniform mean and standard deviation before feeding it to the SVM
classifier for classification.

C. Classification

A leave-one-subject-out (LOSO) cross validation was used to test the performance of the
proposed classification system as it results in an unbiased estimation of the true
generalization error. In each iteration of the LOSO, 69 patients data were used for training
the SVM model and the remaining patients data was used for testing. This process was
repeated until each patients data was used for testing.

Initially, a training set was obtained by leaving out a single subject from the database. This
resulted in a split of 69:1 between training and testing set. First 24 hours data (day 1) from
the testing set was used in the training process and the remaining data (day 2 to day M,
where M is the total no. of days in the ICU) was used for testing. In this way the classifier
becomes calibrated for the patient under consideration and provide patient-specific
classification of sedation levels. Multiclass SVM with Gaussian (or radial basis function)
kernel was used in this study for classification. The kernel parameters kernel width o and the
regularization constant Cwere varied in the range [274, 2-3, ..., 212] and [275, 274, , 28]
respectively. The duration (dur-) of the NN interval window preceding the RASS assessment
required to compute HRV features was varied over the range [5,30] minutes in steps of 5
minutes.
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A 10-fold cross validation method applied to a training set of 69 patients was used for SVM
model selection. The parameters [dur-, o, C] with highest classification accuracy in the
cross validation loop were selected to obtain the optimal parameter set which were then used
to train the final SVM model to test the left-out patient. This validation method resulted in a
total of 70 iterations. The LIBSVM software package was used to implement the SVM
algorithm [15]. Figure 3 demonstrates this process using a LOSO cross-validation system.

V. Results

The training process of the 10-fold cross validation results in 70 different values of dur- and
the optimal (maximum likelihood) value of 15 minutes (68/70) provided maximum accuracy
during the training process. The PCA transformation reduced the dimension of the original
feature space (31 features) to an average of 9 features. The proposed system correctly
classified 64% (sensitivity = 64%) of sedated epochs and 84.8% (specificity = 84.8%) of
nonsedated epochs as shown in Table IV. Figure 4 shows the performance of the proposed
system. The area under the receiver-operator characteristic curve (AUC) was 0.72. This test
provides a measure of the systems ability to distinguish between sedated and non-sedated
state of the patient using HRV. Figure 5 shows the performance of the proposed system for
each patient.

The proposed patient-specific sedation level classification system is trained and tested for
individual patient separately. Several features were used in this work, however, mean heart
rate (MHR), high frequency spectral power (PHF), Poincar plot measures (SD1, SD2) and
Kolmogorov complexity features were always selected across all patients. The proposed
system using HRV has several advantages over traditional methods for assessing depth of
sedation. The HRV (1) is unaffected by inter-observer variability, (2) can be used for
continuous monitoring, and (3) does not require multiple electrodes for recording ECG when
compared to EEG.

V. Conclusion

In this paper, we present a novel HRV based automated patient-specific sedation level
classification system using several time, frequency and complexity domain features. This
was a proof of concept study to demonstrate the potential of HRV to assess sedation levels in
ICU patients. To improve the quality of the HRV signal under analysis, a novel artifact
reduction technique was also proposed. The cross validated classification results on a large
database (70 patients) show that the proposed system can predict the sedation levels with an
overall accuracy of 75%.

With the additional help from several physiological and vital signals (such as
electroencephalogram, blood pressure and respiration rate), we expect that the proposed
system can be further developed to effectively monitor sedation levels and help clinical staff
to reduce complications due to over-and under-sedation.
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Fig. 1.
Illustration of the proposed automatic sedation classification system.
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Fig. 2.

E)?ample of a (a) raw RRI signal and its corresponding spectrogram, (b) artifact reduced RRI
signal using threshold method [11] and its corresponding spectrogram, (c) RRI signal after
removing mechanical ventilator artifacts using the proposed threshold rejection method and
its corresponding spectrogram, and (d) RASS scores for one of the patients included in this
study.
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Fig. 4.
Mean receiver operating characteristic curve of the proposed system. Area under the ROC

curve was 0.72.
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Fig. 5.
Performance (accuracy, %) of the sedation level detection system for each patient.
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TABLE |

Summary of patient demographics presented as minimum, maximum, mean standard deviation.

Variable | Min | Max | mean + SD
Age 20 86 58.7 £ 15.2
Weight (kg) 67 126 97.4+6.2
No. of daysinICU | 1.5 36 13.1+£8.2
No. of drugs 1 18 55+3.2
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The Richmond Agitation-Sedation Scale (RASS)[9] used for sedation assessment.

TABLE Il

Score | Term Description
+4 Combative Combative, violent, danger to staff
+3 Very agitated Pulls or removes tube(s); aggressive
+2 Agitated Fights ventilator
+1 Restless Anxious but aggressive
0 Alert and calm
-1 Drowsy Awakens to voice (eye opening > 10s)
-2 Light sedation Awakens to voice (eye opening < 10s)
-3 Moderate sedation | Movement or eye opening to voice (but no eye contact)
-4 Deep sedation No response to voice, moves or opens eyes to physical stimulation
-5 Unarousable No response to voice or physical stimulation
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TABLE Il

List of HRV features used in this work for estimating sedation level.

Domain Features
Maximum, minimum, mean, median of NN,
Standard deviation of NN (SDNN), percentage of consecutive NNs that vary by 5, 10, 15, 20, 25, 30 ms (pNNXx),
Root mean square of SDNN (RMSDD), mean heart rate (MHR),
Time Standard deviation of heart rate (SDHR),
HRYV triangular index, coefficient of variation,
Max change in NN (MCNN), Mean of the absolute value of first derivative of NN (MAFDNN),
Nonlinear energy, Line length.
PVLF-Power in very low frequency spectrum (0.003-0.04 Hz),
PLF-Power in low frequency spectrum (0.04-0.15Hz),
PHF-Power in high frequency spectrum (0.15-0.4 Hz
Frequency PLF/PHF, Y d Y sp ( )
PLF/PTOT x 100, PTOT is the total power spectrum
PHF/PTOT x 100.
Nonlinear Poincare plot measures (SD1, SD2).
Complexity | Shannon entropy, Spectral entropy, Kolmogorov complexity.
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TABLE IV

Confusion matrix of the proposed HRV based sedation system and the actual sedation score.

Sedated Nonsedated

Sedated 678 381
Nonsedated 179 999
Accuracy (%) 64 84.8
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