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Abstract. Amplitude-integrated EEG (aEEG) has been widely used in
neonatal seizure monitoring due to its convenience and broad applicabil-
ity. However, due to the long length of aEEG signals, detecting seizures
in aEEG signals is still a challenging and time-consuming task for expe-
rienced clinicians. In this paper, we propose an ensemble learning algo-
rithm to tackle with this problem, aiming to assist clinicians to identify
seizures more efficiently and effectively. Firstly, we employ wavelet de-
noising method to improve the signal-noise rate (SNR) of aEEG signal.
Then, to reduce the high dimensionality of aEEG signals while retaining
the essential information, we extract global and local features from aEEG
signals based on visual features and entropy. Thereafter, we process our
data with a feature augmentation algorithm to obtain an extended data
set. Finally, an ensemble algorithm is utilized to perform seizure detec-
tion. We conduct experiments on real clinical data collected from Peking
University First Hospital. Experimental results show that the proposed
algorithm achieves excellent performance in seizure detection.
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1 Introduction

Neonatal seizure is one of the most critical symptoms of neonatal nervous sys-
tem and one of the most common clinical manifestations of neonatal neurological
abnormalities. The immature brain tissue of the newborn is susceptible to in-
jury, and frequent seizures may cause convulsive brain damage. Therefore, timely
detection of neonatal seizures and treatment can reduce the occurrence of con-
vulsive brain injury and improve the neurodevelopmental prognosis.
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Electroencephalogram (EEG) is the gold standard for the diagnosis of neona-
tal seizures [11]. Traditional EEG requires that large number of electrodes be
placed on the patients’ scalp, which is difficult to perform for newborns. In ad-
dition, due to the large number of electrodes and lots of information collected,
it is easy to adulterate some artifacts while collecting EEG signals. Therefore,
the interpretation of conventional EEG requires a large amount of training.

The amplitude of EEG changes during convulsions, and can appear as a
transient increase in the upper and lower boundaries on aEEG. In clinical work,
it is recommended that neonatal doctors mark the aEEG fragments they believe
to be suspicious as “onset” for confirmation in the corresponding original EEG. A
number of studies showed that aEEG has comparable sensitivity and specificity
with EEG but is much more practical in diagnosis [8]. Thus, we focus on aEEG
signals for seizure detection.

Machine learning has been widely studied and applied in medical signal pro-
cessing. There have been multiple studies on the topic of EEG classification [3].
However, aEEG classification has just developed recently and only a few meth-
ods have been proposed for seizure detection [16]. Although existing machine
learning methods have achieved high accuracies in some tasks, these methods
mainly rely on human interactions in the data preprocessing stage which limits
their implementation in actual clinical workflow.

Classifying aEEG signals under a clinically implementable scenario remains
a great challenge. Firstly, aEEG signals are often much longer than EEG signals.
labeling every seizure onset in an aEEG signal is time-consuming due to its long
length. Therefore, we have to deal with very long signals with only global (or
weak) labels. Secondly, different from EEG signals, aEEG signals do not have
fixed length. As a result, automatically extracting features from aEEG signals
with deep learning methods is difficult. Thirdly, aEEG signals have only one
channel, which means that they can be easier disturbed by the environment
than the EEG signals.

To resolve the above issues, in this paper, we propose a novel method to
extract features from aEEG signals and employ an ensemble algorithm to classify
aEEG signals. Our algorithm is able to deal with aEEE signals with variable
lengths and small size. Experimental results show that the proposed algorithm
can achieve a promising performance in the task of aEEG signal classification
for seizure detection. The highlights of this paper are listed as follows:

1) We propose using the fuzzy entropy to select the top and negative instances
to effectively represent an aEEG signal and introduce feature augmentation
to expand data set.

2) The proposed algorithm, i.e. feature selections followed by ensemble learning,
achieves excellent classification performance and provides a good balance
between the specificity and sensitivity.

The remainder of the paper is organized as follows. Section 2 introduces
the collected data. The seizure classification algorithm is described in detail in
Section 3. Evaluations of the proposed algorithm on the real clinical aEEG data
are presented in Section 4. Finally, we draw conclusions in Section 5.
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2 Data Acquisition and Introduction

The aEEG data used in this paper were collected from the neonatal ward of
Peking University First Hospital, with 216 newborns with neonatal seizures and
310 newborns with normal aEEG results. aEEG was undertaken by bedside of
the newborn and trained nurses in the neonatal ward were responsible for aEEG
recording operation and observing clinical seizures during the examination. The
aEEG reports were issued by neonatal physician with aEEG experience over 5
years, who were not informed about the condition of the patients and were not
involved in the clinical diagnosis and treatment in order to ensure the objectivity
of the reports. Fig. 1 demonstrates the characteristics of aEEG recorded.

Fig. 1. Characteristics of aEEG. (a) Normal background pattern; (b) Discontinuous
background pattern; (c) Burst suppression background pattern.

3 Seizure Detection Algorithm

In this section, we describe the proposed algorithm in detail. The flowchart of
the algorithm is shown in Fig. 2.

Fig. 2. The flowchart of the proposed algorithm.

3.1 Feature Selection

Feature extraction plays an important role in machine learning tasks. Here, we
extract two types of features from the aEEG signals, i.e., global features and
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local features. The global features include 4 basic features and total histogram.
Basic features include minimum, maximum, skewness and kurtosis of the whole
aEEG signal. Total histogram is calculated with the algorithm in [6]. As for the
local features, a sliding window with the length of 3 minutes is applied to the
aEEG signal to capture sudden changes. The overlap between two successive
windows is set to 1.5 minutes. Then, local features are calculate in each window.

Here, we employ several entropies to extract the features of an aEEG signal.
These include auto permutation entropy (APE) [13], sample entropy [2], approx-
imate entropy [12], fuzzy entropy [15]. Besides, we introduce spectral entropy to
add spectral information into our feature. We also compute the lower and upper
border of an aEEG window. The lower border and upper border are defined as
the mean of five points near the maximum and minimum values of an aEEG
window’s envelope, respectively. Together with the entropy features, the desired
local features of an aEEG signal are obtained. Furthermore, with the window
selection that will be described later in this paper, we get 22 windows for every
signal. Thus, there are 236 columns for each local feature in total.

3.2 Top Instance and Negative Evidence for Windows Selection

Generally speaking, seizures can happen at any time in an aEEG signal, and the
length of the signal can be very long. Thus, detecting seizures in an aEEG by
going through every second of the whole signal is nearly impossible. However,
cutting off the entire signal into shorter ones with the same length (for instance,
3 hours) may degrade the performance of classifiers.

Here we perform the following operations: 1) if an aEEG signal exceeds 3
hours, then we assume that there must be at least one seizure during the last
3 hours. So we truncate the aEEG signal and keep the last 3 hours. 2) if an
aEEG signal is less than 3 hours, then we pad the upper and lower boundaries
of aEEG by the corresponding upper and lower boundaries’ mean values with
random number in the range of [0, 1]. After truncating and padding, we observe
that our AUC score improves by 3% compared to the original aEEG series.

Inspired by the top and negative sampling [7], we introduce a new window
selection algorithm to tackle the problem caused by the variable aEEG lengths
in seizure detection tasks.

We further demonstrate the top and negative windows of aEEG signals men-
tioned above in Fig. 3. The upper curve is the original aEEG data and the lower
curve is the aEEG signal with selected windows. We use the red curve to denote
the top seizure-like windows chosen by our algorithm, the green curve to denote
the negative windows and the red arrow to denote the seizure onset pointed by
doctors. As the figure shows, top windows appear in those places where there are
abrupt changes, which exactly corresponds to the most probable seizure onsets.

We calculate certain entropies of the signal within each window and sort the
windows according to their corresponding entropy values. Then, only the first
k windows and last k windows are retained for further feature extraction. After
many trails, we find optimal k = 11 and the best entropy is fuzzy entropy. Clas-
sification results with different window selection entropy are shown in Table. 1.
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Fig. 3. aEEG signals with selected windows. The upper curve is the original signal and
the lower curve is the signal after window selection. Red area indicates the top windows,
green area indicates the negative evidences, and the red arrow indicates where seizure
happens confirmed by clinicians.

Table 1. Classification results with different window selection entropy

Method Accuracy Specificity Sensitivity AUC

approximate entropy 77.38% 77.91% 75.27% 75.27%

sample entropy 77.24% 77.51% 75.10% 75.10%

shannon entropy 76.83% 76.95% 74.63% 74.41%

fuzzy entropy 79.73% 79.96% 79.01% 78.34%

permutation entropy 78.25% 78.55% 76.29% 76.29%

3.3 Feature Augmentation

Data augmentation is a powerful method in supervised learning. Here, we apply
interpolation and extrapolation to augment our train set and measure on our
test set as: 1) Interpolation: for each data point x, find k nearest neighbors with
the same label and interpolate by xnew = (x−xk)∗λ+xk; 2) Extrapolation: for
each data point x, find k nearest neighbors with the same label and extrapolate
by xnew = (xk − x) ∗ λ + x. Here, k and λ are trainable parameters and we
set k = 9 and λ = 0.73. Experimental results show that extrapolation performs
better than interpolation and improves the AUC score by 0.6%.

3.4 Classification Algorithms

When merging features, we apply min-max normalization to data to improve
the speed and accuracy. Then, with the extracted features, we adopt several
algorithms, i.e., support vector machine (SVM) [1], logistic regression (LR) [10],
adaptive boosting (AdaBoost) [14], Xgboost [5], random forest (RF) [4] and
gradient boosting trees (GBDT) [9], as classifiers to classify the aEEG signals.

3.5 Ensemble Algorithm

Ensemble learning algorithm combining multiple machine learning algorithms
together commonly leads to better performance than any of the individual clas-
sifier. Therefore, we find the best single classifier and use bagging strategy to
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form an ensemble learning algorithm for aEEG signal classification. Experimen-
tal results demonstrate that the ensemble algorithm can indeed further improve
the classification accuracy.

4 Experiments and Analysis

In this section, we conduct experiments on the real data set described in Section
2 using the algorithm proposed in the previous section.

Prior to feature extraction, the aEEG signals are denoised with a band-pass
filter to cut-off frequencies lower than 0.3Hz and higher than 30Hz to remove
artifacts and a four-order wavelet is utilized to further improve the quality of the
signals. In the experiments, we randomly divide the entire data set into three
subsets, i.e., training, validation and testing sets. Specifically, we first randomly
divide the entire data set into two parts with proportions of 80% and 20%,
respectively. The 20% portion (105 samples) is used for testing. Then, 50 samples
is further taken from the 80% portion for validation. Thus, the remaining 421
samples are used for training. We repeat the procedure 15 times and calculate
the mean classification accuracy. All the experiments are carried out on a Dell
laptop with Python 3.6 and MATLAB 7.0.

4.1 Feature Evaluation

Fig. 4. Feature importance

Fig. 4 demonstrates the importance of features. We observe that the spectral
entropy is of the most importance. Features like basic feature, lower border and
approximate entropy are not as important as expected. As for the fuzzy entropy,
it may be more significant in local context for window chosen in a single signal
rather than sample comparison. The reason is that different patients may have a
very different background signal level but possess a similar fuzzy entropy score.
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4.2 Comparison of Classification Algorithms

Commonly, in medical image processing, positive means ill and negative mean-
s normal. We use following metrics for model evaluation and comparison: 1)
Accuracy = TP+TN

TP+TN+FP+FN ∗100; 2) Sensitivity = TP
TP+FN ∗100; 3) Specificity =

TN
TN+FP ∗ 100; 4) Receiver operating characteristic curve (ROC). Here, TP indi-
cates true positive, TN indicates true negative, FP indicates false positive and
FN indicates false negative.

Table 2. Classification results with various classifiers.

Model Accuracy Specificity Sensitivity AUC

SVM 73.28% 73.46% 71.01% 71.01%

LR 74.08% 76.45% 78.26% 60.68%

Adaboost 76.79% 76.77% 75.46% 75.46%

Xgboost 78.12% 78.77% 78.70% 75.91%

Random Forest 74.53% 76.45% 76.54% 74.57%

GBDT 79.23% 79.27% 77.67% 77.67%

Ensemble 79.73% 79.96% 79.01% 78.34%

With the extracted features for aEEG signals, we compare the performance
achieved with the six classification algorithms. Results are shown in Table 2.
From Table 2 we conclude that the proposed feature extraction algorithm is
effective for extracting semantic features from aEEG signals. Note that the en-
semble algorithm made up of bagging of GBDTs obtains the best results in all
categories. Table. 3 shows that our work is better than the past researches and
improves the accuracy by about 3%.

Table 3. Classification results compared with other researches.

Model Accuracy Specificity Sensitivity AUC

Yu Wang[6] 76.31% 76.59% 74.59% 74.91%

Tao Yang[16] 76.23% 76.30% 74.86% 74.86%

Our work 79.73% 79.96% 79.01% 78.34%

5 Conclusions

aEEG can be effective for screening newborns with high risk factors of neonatal
seizures. In this paper, we propose a novel algorithm to extract features from
aEEG signals and performed seizure classification using an ensemble method.
Firstly, we utilize a method based on visual features and entropy to extract the
global and local features from aEEG signals. Then, we expand our data with
feature augmentation method. Finally, a bagging of GBDT models is employed
to perform seizure detection. Experimental results on a real aEEG data set show
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that the ensemble algorithm can achieve a promising performance with the clas-
sification accuracy of 79.73%, the specificity score of 79.96%, the sensitivity score
of 79.96% and the AUC score of 78.34%.
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