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This paper analyzes the Machine Learning approach to classifying sleep electroencephalograms recorded from newborns
atrisk of brain pathologies. The newborns were in different age groups counted in weeks of post-conceptional age. We consider
solutions of the EEG task as a multiclass problem which can be resolved with Decision Tree models, which efficiently predict the
weeks of PCA in terms of accuracy. The efficient solution to the multiclass tasks is difficult to find as decision models have to
be explored in an ample model parameter space. Moreover, the sleep EEGs have significant overlap between ages because of
variations in the newborn maturation patterns and expert evaluations. The experimental results have demonstrated the ability
of ML technologies to provide classification accuracy comparable with the expert’s opinions.
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MpoBeaeH aHanM3 BO3MOXHOCTM MAaLUMHHOIO 00y4eHMs B N3y4eHUn 1 cucteMaTmnaaumm anekTpoaHuedanorpamm, 3anm-
CaHHbIX B TEYEHMNE CHA Y HOBOPOXAEHHBIX C PUCKOM Pa3BUTMS NATONOMMM FOIOBHOMO Mo3ra. HoBopoxaeHHble Obinn npeacTas-
NeHbl B Pa3HblX BO3PACTHbIX rpynnax. MHTepnpeTtauma 331 paccmaTpuBanachk kak MynbTudagadHas npobnema, pelaemas ¢
MOMOLLbIO MPUMEHEHUSI NCKYCCTBEHHOIO MHTENNeKTa (MoAeNb AepeBa PeLLEHnin), KOTopbIn 3hdEKTUBHO U TOYHO OLEHMBaN
NMOCTKOHLLENTYasbHbI BO3pacT pebeHka. BMecTe ¢ TEM MOJIHON SKCNEPTHOM OLEHKN M3MEHEHWI psaaa napamMeTpoB AOCTUIS -
HYTb HE yOanoch 13-3a HELOCTATOYHOW ryOMHbI MPUHATUS PELLEHWIA/3aKN0YeHMIA B NpeanaraeMon Moaenu NccnefoBaHms.
Kpome Toro, 33l cHa MMEIOT 3HAYNTENbHOE NEPEKPLITUE MEXAY BO3pacTaMmn U3-3a pasnunymnii kak B MOSENAX Pa3BUTUsS Moara
HOBOPOXAEHHbIX, TaK U B OLLEHKaxX 9KCNepTOB. Pe3ynbTaThl NCCeA0BaHMS MPOLEMOHCTPUPOBASIM CNOCOOHOCTb NPEANTOXEH-
HOWM TEXHONOrMN MaLlUMHHOIO 0by4eHMs obecneynTb OLLEHKY U cucTeMaTmMsaumio pesysbtatoB 93, coNoCTaBMMYHO MO TOY-
HOCTW C 3aK/Il0HEHVSAMM 3KCMEPTOB.

Knioyesbie coBa: B3I, NOCTKOHUENTyaslbHbIVi BO3PacT, HOBOPOXAEHHbIE, Pa3BUTUE MO3ra, kKiaaccuukaums, MaLluvH-
Hoe 0by4eHune, NCKYCCTBEHHbIVI UHTEJIJIEKT
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oday there are still many methodological
Tlimitations which are expected to overcome in

electroencephalograms (EEG)-based newborn
age classification. Some attempts have been
undertaken to find efficient Machine Learning (ML)
solutions in different real-world applications, such
as detection of abnormal patterns [1-3], biometric
identification [4, 5], trauma severity evaluation [6—
8], and survival prediction [9, 10], collision avoidance
at Heathrow [11], as well as for early detection of
bone pathologies [12, 13].

Following [14, 15], we assume that dichotomisation of
the multiclass problem using a set of binary classifiers can
improve the accuracy of maturity assessments. We assume
that this technique will not achieve better performance
on our 10-class EEG problem, because its training will
be affected by an imbalance of data. We summarise the
performances of the techniques and conclude the paper
in Section.

Material and Methods. EEG-based newborn age
classification. An essential property of the age classification
problem is the natural sequential ordering of class labels
that represent the different post-conceptional age
(PCA) groups. The conventional multiclass approaches
treating the ordered labels as nominal ignore ordering
information, which could improve the results. Therefore,
it has been shown that such approaches are incapable of
providing the best performance for problems with ordered
classes. In cases when the class labels are continuous
values, regression is typically used. However, the weeks
PCA are only coarse estimates in our case, as the brain
maturity may change during the week. Therefore the use
of regression would be an ad hoc approach [16].

Another characteristic of the problem is the large
overlap between the samples from the neighboring age
groups. This is mainly caused by the normal variation of
brain maturity patterns in the range of +1 or 2 weeks, the
uncertainty in estimating the PCA, as well as the noise and
artifacts in EEG. It would be desirable to find a classification
model that tries to assign most samples to their stated
PCA group and minimises the error in the range of =1 or
+2 weeks. For example, given an EEG recording at
36 weeks, it would be unlikely to classify it as a record at
40 weeks then that at 37 weeks, so that the overall results
in a range of +1 or =2 weeks could be improved by taking
into account this observation. The overlap between the
age groups, uncertainty in PCA estimates, and the noise
in EEG data also affect the between-class boundaries
making them difficult to learn.

Obviously, the performance of multiclass systems
tends to decrease as the number of classes is increased.
This is because the larger is the number of classes, the
more difficult it is to learn the boundaries separating all the
classes.

To handle many classes, a multiclass problem can be
transformed into a set of separate two-class problems.
This approach is called dichotomisation. The two-class
problems are typically much easier to solve as only
two classes need to be separated. The most widely
used dichotomisation technique is the one-against-
all classification transforming a problem with ¢ classes
into c-1 two-class problems of separating each class.
A limitation of his approach is that, for a large number
of classes, the portions of training samples in the binary
problems may be strongly imbalanced, making training of
the classifiers problematic.

Alternatively, the pairwise or one-against-one
classification has shown providing better performance in
the presence of multiple classes [17]. The idea is to train
¢ (c-1)/2 models separating all pairs of classes and then

combine them to make the final decision. The pairwise
system has outperformed the multiclass approaches
for a large number of classes [18, 19] and has shown
promising when samples of different classes overlap
because of noise and variations [20, 21]. A drawback of
using pairwise classification is that combining classifiers
trained on different data may increase the uncertainty in
outcomes. To mitigate this problem, instead of using all
¢ (c-1)/2 pairs to decide for each sample, the classifiers
can be selected and organised into a directed acyclic
graph [22].

Problems with ordered labels were attempted to be
solved using a modified one-against-all system and the
pairwise one [23]. The performances of the approaches
have been counted for the exact match between labels
and outcomes. However, the performances in a range of
+1 and %2 classes are yet to be explored. In this paper,
we assume that EEG maturity assessments can be
improved by using dichotomisation. We also assume that
performances will be improved in the range of £1 and
+2. Notably, we expect that pairwise classification will
provide better results because of its ability to handle a
large number of classes and its robustness to noise and
overlap in data.

Next, we show experiments with multiclass Bayesian
classification of EEG in 10 PCA groups. The performance
of the multiclass approach in the range of 0, =1 and
+2 weeks will be compared to those of the dichotomisa-
tion approach.

Multiclass approach to EEG-based newborn age
estimation. The settings for running the Bayesian
classification were made as follows. The number of
DTs sampled in the burn-in phase was 100,000 and in
a post burn-in phase 10,000. During the post-burn-in
phase, each 10th model was collected to reduce the
correlation between decision tree (DT) models. The
pruning factor was set to five. Proposal variance was
1.0, and probabilities of making moves of birth, death,
change-variable, and change-rule were setto 0.15, 0.15,
0.1, and 0.6, respectively. Under the above settings, the
acceptance rate of DT models during the integration was
around 0.23 in both phases. The average DT included 66
nodes.

The EEG data included 952 recordings from newborns
aged between 36 and 45 weeks of PCA. Each group
included approximately 100 patients. All the recordings
were additionally processed with an artifact rejection
technique removing samples with abnormal amplitude
deviation. The EEG recordings were also automatically
tested on the presence of the level of detected artifacts.

The EEG were represented by the 36 standard spectral
features as well as the new features describing the non-
stationarity of an EEG recording. The new featuresincluded
the segment rate and 10-bin histograms of the pseudo-
stationary intervals ranging from 2 to 20 sec. Additionally,
the ratio of absolute powers in Alpha and Theta bands was
included.

Results and Discussion. The results of age
classification within the 10-fold cross-validation
are presented in Table 1. The table shows that the
performance in terms of the exact match of weeks is
30.1£12.5 %, and in the range £2 weeks, itis 85.5+£0.8 %.
The ranges are similar to those that can be obtained for
expert assessment. We expect that the performances
can be further improved within the pairwise classification.
Next, we briefly describe the one-against-all classification
technique and show the results of experiments on the
age classification problem.

One-against-all classification. The most widely used
approach to transforming multiclass problems is the
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one against-all classification. Within this technique, ¢
binary classifiers are trained to distinguish each c class
from the rest. C classifiers evaluate a test sample, and
the class whose probability is highest is assigned to
the sample. As the binary between-class boundaries
are more accessible to learn than the multiclass ones,
this technique is expected to improve the classification
performance.

Table 1
Performance in intervals and entropy
of multiclass discrimination
0 weeks 1 week 2 weeks Entropy

Perfor- | 30.1+12.5 | 65.5+11.6 | 85.1+£8.2 | 198.8+10.7
mance

inin-

tervals

On the other hand, a problem with this technique is
that portions of samples in the binary classifiers become
imbalanced as the number of classes increases. The
imbalance may lead to poor fitting of the classifiers
because the errors for the smaller class can become
ignored. Consequently, we assume that the one against-
all technique will not perform better when the number of
classes is large.

To test the assumption, we evaluate the performance
of the one-again-all technique on a maturity assessment
problem with 10 PCA groups. To integrate the Bayesian
classification with the one-against-all technique, a DT
ensemble is collected for each of the ¢ binary classifiers.
The posterior probabilities of each of the ¢ classes are
obtained from the collected ensembles, and the class with
the highest probability is assigned to each sample.

The one-again-all technique was run on the same data
and with the same settings as the multiclass one. Table 2
shows the average performances of age classification
counted in the different ranges of weeks within the 10-fold
cross-validation.

We can see that the performance for the exact match
is comparable to that of the multiclass approach; however,
in the range of £1 and *2 weeks, the performances are
slightly lower by 2 and 1.5 %, respectively.

Table 2
Performance of one-against-all
classification in intervals
0 weeks +1 week +2 weeks
Indicator 29.9+9.2 63.5+7.8 83.5+8.4

The techniques converting a multiclass problem
into a set of binary problems are typically expected to
improve the performance. A commonly used technique
is the one-against-all classification. However, in our
experiments, the one-again-all technique did notimprove

the performance of the age classification of 10 PCA
groups. One explanation to this may be that the learning
of binary classifiers was affected by data size imbalance,
has similarly observed that the one against-all approach
underperforms the multiclass age discrimination for ten
age groups.

In, a one-again-all technique has been explicitly
proposed to improve the accuracy for problems with
ordered classes. They suggested that the binary
classifiers can be trained to distinguish each class from
the neighboring ones for such problems. An advantage
of this approach is that data imbalance can be avoided.
This technique will be explored in further work. In the next
section, we briefly describe an alternative approach, the
pairwise classification, and show results of experiments on
EEG data.

The brain maturity classification task is characterised
by a large number of classes, sequential ordering of
class labels, and considerable overlap between samples
of neighboring age groups. For such applications, the
conventional multiclass approaches may perform poorly.
We assumed that the performance of brain maturity
assessments could be improved by using a classifier
system that is more suitable given these characteristics of
data.

The dichotomisation techniques, such as the one-
against-all and pairwise classification, have been shown
to outperform the multiclass approaches by splitting a
multiclass problem into a set of binary ones, which are
easier to solve. We assumed that pairwise classifica-
tion, specifically, would provide a better performance,
as it has been shown to effectively handling problems
with ordered labels and with a large number of class-
es whose samples overlap. We also assumed that per-
formances in the range of +1 and +2 weeks could be
improved by using an approach suitable for systematic
classification.

We have analyzed Machine Learning technologies
for the classification of sleep electroencephalograms
recorded from newborns at risk of brain pathologies
admitted at the universities hospitals in Germany. The
recordings were made in different age groups counted in
weeks of post-conceptional age.

We have considered ML solutions of the EEG task as
a multiclass problem which can be resolved with Decision
Tree models which can efficiently predict weeks of PCA.
We discussed difficulties in designing the efficient solution
to the multiclass tasks, mainly caused by a large model
parameter space required to be explored with an ML
technology.

Conclusions. The sleep EEGs have significant
overlap between ages because of variations in the
newborn maturation patterns and expert’s evaluations.
Nevertheless, our experiments have demonstrated
the ability of ML technologies to provide classification
accuracy comparable with the expert’s opinions.
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