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ABSTRACT

Objectives: In this paper we introduce a novel method for the evaluation of neonatal brain function via
multivariate EEG (electroencephalography) signal processing and embedding into a probabilistic graph,
the so called Chow-Liu tree.
Methods: Using 28 EEG recordings of preterm and term neonate infants the complex features of the EEG
signals were constructed in the form of a Chow-Liu tree. The trees were embedded into a 3 dimensional
Euclidean space. Clustering of specific EEG patterns was done by complete linkage algorithm.
Results: Our analytic tool was able to build clusters of patients with pathological EEG findings. In partic-
ular, we were able to make a visual proof on a 3d multidimensional scaling coordinate system with a
good performance. The distances (graph edit distance) between Chow-Liu trees of different infants were
proportional to the clinical findings of corresponding infants.
Conclusion: Our method may provide a basis for the future development of a diagnostic/prognostic non-
invasive brain monitoring tool which will be able to differentiate between a variety of complex clinical
findings.
Significance: This model addresses relevant issues in neonatology and neuropediatrics in terms of iden-
tification of possible clinical factors which interfere with normal brain development and will allow fast
unbiased recognition of infants with specific pathological EEG findings.

© 2019 International Federation of Clinical Neurophysiology. Published by Elsevier B.V. All rights

reserved.

1. Introduction and acute and chronic EEG changes correlate with later neurolog-

ical and cognitive function (Hellstrom-Westas and Rosen, 2005).

Brain function monitoring in neonates during their stay in the
neonatal intensive care unit (NICU) may be a valuable tool to eval-
uate brain development in infants and to investigate factors inter-
fering with brain development (Gressens et al., 2002, Perlman,
2001). Evaluating changes in EEG patterns is useful in the predic-
tion of long-term outcome of neonates (Watanabe et al., 1999)
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Typical neonatal EEG patterns and signals of electrical activity
change as a function of gestational age (GA) and postmenstrual
age (PMA, GA + postnatal age) (Andre et al., 2010). EEG patterns
which occur delayed in relationship to the actual PMA are called
dysmature (Lombroso, 1985). Dysmature EEG patterns have been
related to adverse outcome later in life (Hayakawa et al., 1999,
Pezzani et al., 1986). Hayakawa et al. identified “disorganized” pat-
terns, following an acute brain insult, and related them to white
matter injury, motor outcome and “dysmature” patterns, demon-
strating deviations in neurodevelopment associated with grey
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matter injury and cognitive outcome (Okumura et al., 2002,
Watanabe et al., 1999).

To simplify the information complexity presented in the EEG
signal and in order to visualize clinically relevant features that
can be interpreted by less experienced clinical staff and to monitor
EEG changes more objectively and uniformly, automated quantita-
tive neonatal EEG analysis may be valuable. Computer analysis of
EEG will allow an objective and reproducible analysis for long-
term prognosis and/or stratification of clinical treatment.

In this paper we present a novel method for objective and quan-
titative EEG analysis which constructs a complex probabilistic
graph (Chow-Liu tree) (inter-channel-frequency-band dependency
structure) from a given multi-channel EEG recording, for the pur-
pose of the development of an analytic tool to estimate the differ-
ent generic neonatal brain states. By applying the Chow-Liu
method to the analysis of EEG recordings, all characteristics of
the EEG signal and their interdependencies can be constructed in
a graphical model. We tested the analytic algorithm by using
EEG recordings of 28 neonates and aimed to visualize the depen-
dency structure of the EEG signals in the frequency domain in
order to assign complex feature graphs of the preterm and term
infants. Using this approach, we were able to identify clusters of
physiological and pathophysiological EEG patterns.

The aims of our study were:
e To search for significant dependencies between spectral powers
in different frequency bands in different channels (12 channels

from standard 10-20 electrode positioning system).
e To embed this dependency structure into a probabilistic graph.

1. Acquisition of 12
channel EEG signals

5. Power
discretization

6. Ml estimation

7. CL tree construction
(Kruskal‘s algorithm)

12. Evaluation

2.STFT

11. Clustering

e To prove that clustering which is based on distances (degree of
dissimilarity) between graphs of different infants correlate with
clinical findings.

2. Methods
2.1. Mathematical model

Fig. 1 shows the applied mathematical algorithm. From the 12
channels EEG-recording the method estimates a spectrogram via
short time Fourier transformation (steps 1 to 3) (see Appendix
A1 for details). In the fourth step the spectrogram is dissected in
different frequency bands and the power in each band for each
channel is discretized on an ordinal scale in four groups (step 5).
In step 6 and step 7 the Chow-Liu tree is estimated (for details
see Appendix A2). In step 8 the estimated Chow-Liu trees are
pruned by redundant vertices using estimated Chow-Liu trees
log-likelihoods (for detail see Appendix A2). In step 9 the graph
(Chow-Liu tree in our case) can be transformed into another one
by a finite sequence of graph edit operations. Graph edit distance
(GED) is defined by the least-cost edit operation sequence. In pre-
vious studies (e.g.(Gao et al. (2010))) the edit operations are differ-
entiated between edge insertion and deletion, node insertion and
deletion and node substitution. Because the Chow-Liu tree in our
application have a fixed structure, i.e. 12 channels and 12 fre-
quency band layers (144 nodes), we only consider edge deletion
and edge insertion graph edit operations. We calculated for each
pair of patients (there are 378 unique pairings of 28 different
patients) the minimal number of graph edit operations needed to

3. Spectrogramm
estimation

4. FB dissection
(12 bands)

8. CL tree pruning
(CLthres algorithm)

9. GED calculation

10. 3d MDS

(Complete linkage)

Fig. 1. Flow diagram of the mathematical method. STFT (Short time Fourier transform), MI (Mutural information), FB (Frequency band), CL tree (Chow Liu Tree), GED (Graph

edit distance), MDS (Multi dimensional scaling).
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transform one dependency graph (Chow-Liu tree) into another.
After that, we weighted this number with the mutual information
of edges which have been involved into the graph edit operations
and subsequently calculated the GED between them. In this man-
ner we obtained the adjacency matrix of all patients in the data
base. To visualize the GED between the patients and to establish
a link between clusterings derived from the mathematical model
and from patient condition we made multidimensional scaling
(step 10). The goal of multidimensional scaling analysis is to find
a spatial configuration of objects when the known information is
the general proximities between them. The proximities indicate
the overall dissimilarities of the objects under investigation. Mul-
tidimensional scaling spatially configures the objects in a lower
dimensional space so that the distances between these objects
match their proximities as close as possible.

The points in this 3d coordinate system were clustered in step
11. We clustered the data with the complete linkage algorithm
and choose the number of clusters by silhouette principle. The sil-
houette value is a measure of how similar an object is to its own
cluster compared to other clusters. The average value of all silhou-
ette values is then used to quantify the performance of many dif-
ferent clusterings. In our case we compared clustering coming
from the same algorithm but with different number of clusters.
For the purpose of better illustration of identified cluster shapes,
we estimated empirical probability distribution function of the
points and cluster centroids in the 3d multidimensional scaling
(MDS) space by the multivariate kernel density estimator with
Gaussian kernel, sampled the data from this distribution and plot-
ted only the points with high sampling probability. We calculated
number of clusters in the range of 3 to 12. By this algorithm 6 clus-
ters have been identified as optimal.

In step 12 the method has been evaluated by comparing the
clustering result with the clustering result from the clinical point
of view.

2.2. Data collection

EEGs were recorded with sampling rate of 256 Hz and included
12 channels with positioning according to the international 10-20
standard. The 12 channels for analysis were: FP1, FP2, F3, F4, P3,
P4, 01, 02, F7, F8, T5, and T6. The EEG recordings were performed
with devices from Schwarzer /| Natus Europe (formerly it med,
Pleasanton, CA 94566 USA). The standard filters were: high-pass
filter / time constant 0.3 s, low-pass filter 70 Hz. The duration of
recording was between 30 and 70 minutes, depending on the sleep
behavior of the children. Brain states of children are included in
Table 1. Clinical artifact recognition had been performed by the
pediatric neurologist, such that cleaned signals were analyzed.

In total, multichannel EEG recordings from 28 infants were
enrolled. Only EEG recordings derived between a PMA of 37 +0
until 44 + 0 gestational weeks (term age) were included in analysis.
The included EEGs had been recorded in the department of neona-
tology and in the department of pediatric neurology at the Univer-
sity Medical Center Mainz as medically indicated. The use of these
anonymized retrospective EEG recordings was approved by the
ethics committee of Rhineland-Palatinate, Germany.

In a first step EEG recordings of 18 infants (9 female and 9 male)
were analyzed. All 18 EEG recordings had been interpreted by a
pediatric neurologist as normal. All the children had no chronic
disease. Mean GA was 40.3 weeks with standard deviation of
1.73. PMA at the time of EEG recording varied between 38 +0
and 43 + 3 weeks.

In a second step EEG recordings of 5 infants with chronic dis-
ease were analyzed by the algorithm. Mean GA of the 5 male new-
borns was 37.1 and PMA at the time of EEG recording varied

between 37 +4 and 43 + 3 weeks. All EEG recordings had been
interpreted as normal by a pediatric neurologist.

In a third step the EEG recordings of 5 infants with chronic
underlying diseases and pathological EEG findings were analyzed.
Mean GA was 41.1 weeks (2 female and 3 male newborns). PMA
of the infants at the time of EEG recording varied between 39 +0
and 42 + 1 weeks.

In total, 28 infants (mean GA 39.0 weeks; 7 preterm infants and
21 full-term infants, 11 female and 17 male) were included in the
analysis (for details see Table 1).

3. Results

Analysis of different length of EEG recordings (6, 10, 12, 17.5
and 20 minutes of EEGs) for each of the 28 patients showed stable
structure (constant tree topology by increasing the number of data
used for parameter estimation) of Chow-Liu trees for EEG record-
ings longer than 12 minutes for each of the 28 patients (i.e. exten-
sion of the analyzed signal length longer than 12 minutes did not
increase information content) (see Appendix A3 for details).

The Chow-Liu trees in Fig. 2a and Fig. 2b are representative
examples from two patients selected from the data base of 28
infants. The Chow-Liu trees show 144 nodes (random variables
indicating energies in corresponding EEG channel frequency band
combinations), resulting from 12 EEG channels times 12 frequency
bands. Furthermore, the red vertices are indicating the dependen-
cies between corresponding nodes of the graphs. At first sight we
observe the basic difference in the orientation of the main (thick)
vertices. The patient corresponding to Fig. 2a (ID 16) has an EEG
interpreted as normal and his Chow-Liu tree is characterized with
horizontal vertices in low frequency bands and few vertical ver-
tices in high frequency bands. Also, the tree weight (sum of esti-
mated mutual information of all vertices of the tree) in Fig. 2a is
high in comparison to the Chow-Liu tree weight in Fig. 2b. The
Chow-Liu tree of the patient corresponding to Fig. 2b has an EEG
recording interpreted as pathologic (ID1) and his Chow-Liu tree
is characterized with vertical vertices and low Chow-Liu tree mass
(FW of 44.64 in comparison to 95.74 Chow-Liu tree Fig. 2a).

After the application of the described analytical tool on all 28
patient EEG data sets, we obtained a Chow-Liu tree for each
patient. We computed the distances between trees (sum of tree
edits operations, i.e. removing edge and adding edge operations till
translation of one tree into another tree. The tree edit operations
have been weighted by the corresponding estimated mutual infor-
mation). After embedding them into the 3d Euclidean space, we
have found that we got a more than acceptable stress parameter
of 0.12. The stress parameter is estimated as the square root over
the sum of the squared deviations between distances and dispari-
ties divided by the sum over squared distances, and therefore is a
normed measure of the accuracy or goodness of fit, respectively, of
the model; see Kruskal’s thumb rules (Kruskal, 1958). We visual-
ized the recordings of individual infants on this coordinate system
(see Fig. 3), which also depicts the clustering result. We obtained 6
clusters, which have been identified as optimal for the 28 patients.

Cluster 1 (red) is based on 4 pathological EEG recordings of
infants with neurological abnormalities. One infant with a large
intraventricular hemorrhage (IVH IV°) and hypsarrhythmia (ID1),
one with neonatal seizures (ID7) one preterm infant with a con-
genital CMV infection (ID9) and one infant with a hypoxic ischemic
encephalopathy (ID14). The fifth patient with a hypoxic ischemic
encephalopathy and a pathological EEG was merged to cluster 3
(see below).

In cluster 2 (black) all 3 neonates had normal EEG recordings,
but 2 of them had underlying chronic diseases (double outlet right
ventricle (ID2) and postasphyctic diseases with periventricular
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Table 1

Patient characteristics with patient number (ID), gestational age (GA), sex, post menstrual age (PMA), diagnosis and clinical classification of the

EEG recordings sorted by clusters identified by the system.

ID | GA |Sex | PMA ’ Diagnosis Ir;g:cslt:_lgn ‘ EEG result ‘ Brain state
Cluster 1 (red)
) o o pathologic non-REM and
36+6 | m | 39+0 | Prematurity, IVH IV°, PVL, Hydrocephalus e vacuo IVH IV REM-sleep
L . . . . sleep
39+0 | f |[40+5 Neonatal epileptic seizures Clinical seizure | pathologic (Phenobarbital)
32+5| f |42+1 | Prematurity, cytomegalovirus infection, atrial flutter | Clinical seizure | pathologic penRENMand
REM-sleep
Hypoxic sleep
37+5| m | 39+4 Asphyxia ischemic pathologic Phenobarbital
encephalopahy (Pemslszviicl)
Cluster 2 (black)
5 (4041 | m |40+1 Double outlet rlghtl_}/:rrr\]tigcle, diaphragmatic i REM-sleep
11 | 32+5| 1 | 38+2 Prematurity, ABHS sJ!;:el:éd normal | MOn-REMand
' seizure REM-sleep
26 | 32+6 | m | 39+4 | Prematurity, asphyxia, respiratory distress syndrome HIE normal wake and sleep
Cluster 3 (yellow)
non-REM and
3 [38+6| m | 41+5 ALTE normal REM-sleep
4 |36+4 | m | 41+3 | Prematurity, SGA, early onset sepsis, suspected PVL ALTE normal n‘;’Eﬁi’YQZSd
non-REM and
5 [41+0| f | 42+5 ALTE normal REM-sleep
. - Drug addicted non-REM and
6 [38+6| f |40+4 SGA, perinatal acidosis mother normal REM-sleep
. Muscular non-REM and
10 | 38+6 | f |40+5 Early onset Sepsis hypotonia normal REM-sleep
1 ) i non-REM and
12 |39+3 | m | 41+1 Asphyxia HIE pathologic REM-sleep
Cluster 4 (cyan)
. Hypopnoe, non-REM and
18 | 36+0 | f | 39+2 Prematurity cyanosis normal REM-sleep
non-REM and
19 [37+6| m | 3843 Macrocephalus normal REM-sleep
. Muscular non-REM and
20 | 36+1| m | 38+0 Prematurity hypotonia normal REM-sleep
Cluster 5 (blue)
Suspected non-REM and
38+4 | m | 40+0 seizures normal REM-sleep
. . Perinatal non-REM and
40+4 | m | 41+2 Postnatal respiratory distress, Pneumothorax y ) normal
acidosis REM-sleep
. R . non-REM and
39+3 | f | 42+6 Acute febrile enterovirus infection ALTE normal REM-sleep
37+1| m | 38+2 SGA, perinatal azidosis Moderate HIE normal sleep
38+5| f 39+2 Perinatal acidosis Apnea normal non-REM and
REM-sleep
37+2| m | 38+5 Postnatal respiratory distress Apnea normal wake and sleep
. . Post wake and sleep
36+5| m | 37+4 Prematurity, Silver Russel syndrome EEEhD normal i e
Cluster 6 (magenta)
35+5 | m | 42+2 | Prematurity, partial trisomy 20, central hypothyreosis Myoclonia, normal ng‘éﬁi’}fezsd
39+2 | m |[43+3 Aortic valve stenosis PO.St q normal penREMland
resuscitation REM-sleep
non-REM and
37+4 | f | 39+4 ALTE normal REM-sleep
42+0 | m | 43+3 ALTE normal sleep
37+6 | f |40+3 Small for gestational age ALTE normal wake and sleep

Periventricular leukomalacia (PVL), Apparent life threatening event (ALTE), Apnoe bradycardia hypoxemia syndrome (ABHS), Intraventricular
hemorrhage (IVH), Small for gestational age (SGA), Hypoxic ischemic encephalopathy (HIE).

leukomalacia (ID26)). The third neonate is a preterm infant ((ID11)
32 + 5 weeks of gestational age), who revealed a grade I intraven-
tricular hemorrhage without clinical relevance. The distance
between cluster 2 and all other clusters is the furthest.

In cluster 3 (yellow) the system represented 6 EEG samples (5
normal recordings and 1 pathological recording). Besides one
infant, all were infants without underlying chronic diseases. The
sick infant (ID12) had symptoms of hypoxic ischemic encephalopa-
thy and a pathological EEG recording. The EEG of 3 infants had
been recorded because of an apparent life threatening event (ALTE)
(IDs 3, 4, 5). One infant showed withdrawal symptoms related to

mother’s drug consumption during pregnancy (ID6). One infant
had a bacterial infection (ID10).

Cluster 4 (cyan) included 3 patients (IDs 18, 19, 20) with normal
EEG recordings. 2 were preterm infants (gestational age 36 + 0 and
36 +1 weeks (ID18 and 20)). The reason for EEG recording had
been muscular hypotonia and hypopnea, respectively. One infant
had macrocephalus (ID 19).

Cluster 5 (blue) included 7 infants (IDs 16, 17, 22, 23, 24, 25, 28)
with normal EEG findings. Reasons for EEG recording in this cluster
were ALTE (ID23) or suspected seizures (ID 16) as well as moderate
hypoxic ischemic encephalopathy (ID 22). 2 had respiratory dis-
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Fig. 2. a/b: Chow-Liu tree generated with 12 channels and 12 frequency bands. The frontal channels are depicted on the left, in the direction of the y axis. The corresponding
frequencies can be drawn from Fig. A1. Fig. 2a is a Chow-Liu tree from a patient with a normal EEG (ID 16). Fig. 2b is a Chow-Liu tree from a patient with a pathologic clinical
EEG classification (ID1). Red lines indicate the Chow-Liu tree edges. The thickness of the lines is proportional to the strengths of corresponding mutual information. The
weight of the tree is the sum of all mutual information of active edges (FW). The gray surfaces indicate the different frequency band level of the Chow-Liu tree. In general, we
observed that Chow-Liu trees of EEG recordings clinically classified as pathological had more massive edges in vertical direction (cross frequency band energy couplings in
frontal channels) and the normal patients had more edges in horizontal direction (cross channel energy couplings).

tress syndrome (ID 17 and 24). One infant had apnea following
perinatal acidosis (ID 28). One infant had a Silver Russel syndrome
(ID 25).

Cluster 6 (magenta) summarizes 5 infants (IDs 8, 13, 15, 21, 27)
with normal EEG findings. Two infants (ID 8 and 13) showed an
underlying chronic disease (aortic valve stenosis and partial tri-
somy 20), two EEGs had been recorded because of an ALTE (ID
15 and 21), one of a small for gestational age neonate (ID 27).

Fig. 4 is the qualitative visualization of the distances between
the different cluster centroids of all children. The figure allows get-
ting a better idea how the identified clusters are distributed in the
3d MDS Euclidean space.

Regarding the distances of cluster centers, the clusters compris-
ing the majority of normal EEG findings were close together (clus-
ter 4, 5 and 6, blue, magenta and cyan, see Fig. 3). The group of

pathological recordings showed the highest distance to these clus-
ters. The cluster to which the algorithm merged another patholog-
ical recording (ID 12, in the third cluster) showed lower distances
to the cluster of infants with pathological EEG recordings, as well
as the cluster of infants with underlying diseases and of the pre-
term infant (cluster 2).

4. Discussion

Automated classification of EEG recordings is a very complex
issue, especially if EEG recordings of neonates are to be analyzed.
In the clinical practice, neurologists use atlases and the experience
that they have acquired from visual evaluation. Developing an
assessment system for neonatal EEG means a more objective
method to evaluate EEG recordings. In this first study we con-
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Fig. 3. a/b: The dependency structure between energies of 12 EEG signals in 12 different frequency bands are estimated via Chow-Liu trees for each patient. The distances
between trees are then embedded into the 3d Euclidean space using multidimensional scaling (MDS) technique. The points are then clustered by complete linkage. The
squares are the centroids of the identified clusters. The distances of the clusters and cluster separation performance of the approach are visualized by two different view

angles on the same figure.

Distances between cluster centroids
T

- v

200

red

blue

magenta

cyan

black

Distances between centroids on MDS 3d plot

yellow

red blue

magenta cyan black yellow

Fig. 4. Distances between cluster centroids. This figure shows the extent to which
the different clusters are separated from one another. From nearby clusters (blue
shades) to clusters located far from one another (yellow shades). See color scale at
the edge.

structed a simple method to identify significant dependencies
between spectral powers in different frequency bands in different
channels of 12 channel EEG recordings of newborn infants. We
were able to embed this dependency structure into a probabilistic
graph and to show that clusterings which are based on distances
(degree of dissimilarity) between graphs of different infants may
correlate with clinical findings. Our tool, unlike previous analysis
tools, is multidimensional, combining both quantitative and qual-
itative aspects. It examines general criteria seen in differences
between individual Chow-Liu trees. The advantage of the system
is that it works as a self-learning system based on a library. Each
analyzed record makes the system more reliable. Here we distin-
guish between two main system reliability levels:

1) Reliability in the estimated Chow-Liu-trees (see Appendix
A3). On this level, system reliability depends on the EEG data
quality and EEG recording length for each patient.

2) Reliability in MDS space clustering. On this level, the system
reliability depends on the system reliability on first level and
on the number of patients in the data base.

Establishing relationship in complex feature space (which has
been identified by multi-channel EEG analysis in frequency
domain) between infants and identifying correlations between dis-
tances and pathological findings of infants may be a real added

value of the presented system in comparison to other similar
approaches known so far to us. Most existing studies on EEG mat-
uration made use of qualitative visual inspection. Meanwhile some
digital EEG recorders provide the opportunity to analyze the EEG
signals quantitatively. Some assessed the amount of electrical
activity to show for example frequency-dependent differences in
performance with sleep state (Curzi-Dascalova et al., 1993) and dif-
ferences between term and preterm infants (Scher et al., 1994).
Victor et al. (Victor et al., 2005) used automated spectral analyses
of EEG frequencies to quantitatively describe the EEG of preterm
infants just after birth. West et al. (West et al., 2006) analyzed
changes in continuity, amplitude, and spectral edge frequency by
using automated spectral analysis. In the work of Tort et al. (Tort
et al., 2010) scientists quantified the degree of phase-amplitude
couplings between high frequency oscillation amplitudes with
the phase shift of low frequencies. The modulation of gamma
amplitude by the theta phase in the hippocampus was shown in
(Canolty et al., 2006). The correlation of phase-amplitude coupling
with the inter laminar synchrony were shown in (Ryan et al.,
2012). Mormann et al. (Mormann et al., 2000) have shown the cor-
relation between the degree of phase synchronization measured by
phase coherence and the pathological activity in epilepsy patients.

Our novel analysis tool contrasts to all methodological
approaches described above, as it considers differences / similari-
ties between individual EEG recordings in order to cluster them
in a mathematically derived optimal manner. It constructs multi-
variate graphical features based on the dynamic interaction of
the energy content of certain frequency bands | different EEG-
channel combinations, in order to derive the individual signature
of the brain activity. In addition, the visualization of the patient
EEG database in an euclidean 3D space for the detection of patient
clusters with similar signatures of graphical features is a unique
feature. In addition, by accessing EEG data from other databases
(e.g. hospital information system or freely accessible cloud-based
EEG data), the system could adapt the existing similarity structures
and increase the significance of clustering through identifiable pat-
terns in the sense of a “self-learning” system. The used mathemat-
ical approach makes our analysis tool very robust against artifacts.
First, it works on band passed signals and it eliminates any outliers
in terms of high-power peaks by discretizing windowed EEG data
in frequency domain (see method section first paragraph). Second,
the Chow-Liu algorithm is very robust on itself. Before building of
tree structures it sorts the estimated empirical mutual information
of all edge pairs and selects the most significant pairings. The
redundant connections are removed from further considerations
immediately.
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In a first approach, by the analyses of 28 existing retrospective
EEG recordings, the new system appears to be able to identify clus-
ters of patients in the 3d space. The method seems to be precise in
identifying pathological EEG findings and is able to distinguish
pathologic EEG findings diagnosed by a pediatric neurologist from
the majority of the normal findings (see cluster 1 in Fig. 3). The
method identified also other clusters of EEG recordings that appar-
ently have similar structures. For example, we found similarity in a
group of premature infants and infants with chronic diseases in
cluster 2. Although our system shows first proof of concept, it is
difficult to make clear assignments to specific patient characteris-
tics except for the group of those with pathological EEG findings,
because the use of retrospective data limits the precise evaluation.
Currently, recognition of similarities and dissimilarities between
individual EEG recordings are possible. This opens the possibility
of clustering EEG records apart from categories applied so far.
The system actually does not serve to issue specific diagnoses or
symptoms; however, this is subject of a planned validation study.

We have also to take into account, that the study is limited also
by other methodological issues. The number of patients, in partic-
ular the number of preterm infants, is small. The EEG samples had
not been recorded according to a standardized protocol (different
electrodes, nurses, reposition of electrodes). Due to a lack of struc-
tural follow up of patient’s outcome findings and due to the small
sample size it was not possible to identify more and precise
detailed medical diagnosis specific clusters on the 3d MDS space.

However, our system has the potential to get easily accessible
bedside information about brain maturation and to identify possi-
ble clinical factors or special clinical interventions that interfere
with normal brain development.

The approach allows modifications/improvements in different
directions and can be considered as the basis for many different
systems. In particular, the following modifications seem to be
promising to us:

1) The approach can be modified/improved regarding prepro-
cessing and feature selection algorithms e.g. by the using
phases between EEG channel/frequency band combinations
rather than spectral powers, using phase amplitude coupling
strengths in channel/frequency band combinations with fol-
lowing Chow-Liu tree identification.

2) Furthermore, the graphical model itself can be modified/
changed e.g. by approaches which allows cycles in informa-
tion flows between nodes. Further investigation would be
the approximation of dynamical graphical models e.g. condi-
tional Chow-Liu trees and HMM'’s (Hidden Markov Models).

3) Combination of the two.

5. Conclusion

In this paper we introduce a novel method for the evaluation of
neonatal brain function via multivariate EEG signal processing and
embedding into a Chow-Liu tree. Identification of “distances”
between EEG recordings of infants in a feature space which have
been estimated from the multidimensional EEG signals was the
main goal of this research. We show that by the algorithm con-
structed, features contain information regarding deviations from
normal states of neonatal brains. Furthermore, we were able to
make a visual proof on a 3d multidimensional scaling coordinate
system with a good performance, reflecting that the distances
(graph edit distance) between Chow-Liu trees of different infants
are proportional to the clinical EEG findings of corresponding
patients with pathological recordings. The patients with patholog-
ical EEG findings have Chow-Liu trees with small distance to each
other in the 3d MDS Euclidean space.

More patient data is needed to improve the information extrac-
tion capabilities of the proposed method. Due to the inclusion of
more EEG recordings we will improve the significance of the clus-
ters already detected in the Euclidean space. On the other hand, we
will be able to build new clusters of patients with similar (maybe
unknown) characteristics in EEG linking maybe to similar clinical
observations. By a structured and prospective assessment of
infants of different gestational age, we expect to be able to show
maturational effects and effects of influencing clinical factors on
brain condition of preterm or newborn infants.
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Appendix
A.1. Data analysis

The idea behind this paper is the identification of a multivariate
dependency structure of the 12 EEG channel recordings from new-
borns. Because of high complexity of such a data we decided to
generate dependency trees, which were based on discretized data
coming from frequency domain analysis. This decision is based
on evidences (Niemarkt et al., 2008; Canolty et al., 2006) that the
main information regarding the brain maturation state in neona-
tology can be extracted in frequency domains.

In first step we made short time Fourier transformation of the
EEG channel data and generated corresponding spectrograms. An
estimate of the power spectral density (PSD) (which builds spec-
trogram) is the so called periodogram. In our application to ensure
the consistency of the PSD estimate we decided to use the well-
known Welch’s method.

In a second step we discretized the frequency range (with sig-
nificant information content (Niemarkt et al., 2008)) between
0.25-31 Hz in 12 frequency bands (see Fig. A1). Since reliable esti-
mation of powers in infraslow (<0.25Hz) frequencies would
require a perfectly DC stable and artifact-free EEG recording we
decided to exclude them from the present work. For each fre-
quency band we estimated the averaged integrated spectral power
for each time window of the short time Fourier transform. In the
last data generation step we discretized the accumulated spectral
band powers in four groups by quantiles. Quantile method guaran-
tees that each bin (four in our case) receives an equal number of
data values and the data range of each bin varies according to
the data values it contains. By this we got 12 channels times 12 fre-
quency bands =144 dimensional data set with discrete values
{1,2,3,4}. The values of each 144 constructed frequency domain
channels in a particular time window are corresponding to the
strength of energy of a particular frequency band in a particular
channel. We used 17.5 minutes sequences of the EEG data.

To accomplish the above described data generation steps, we
had to set two main parameters of the short time Fourier trans-
form, the window size of the Hamming window and the overlap
time between Hamming windows. As the minimum frequency
we want to resolve is 0.25 Hz, the corresponding minimum time
window should be 4 s (the Rayleigh frequency).

For time windows that are relatively wide in their domain (such
as Hamming window which is used here), 50% is a commonly used
value for the overlap. With the data set generated in this manner
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Fig. Al. Frequency range decomposition in 12 frequency bands (FB). We choose
non uniform decomposition of FB. The orange y-axis shows the frequency range
under consideration and the blue y-axis shows the corresponding widths of the FB.
The x-axis shows the index of the 12 FB (e.g. Frequency band 5 begins at 5 Hz and
has a width of 1.6289 Hz.).

we estimated one Chow-Liu tree for each patient recording, alto-
gether 28 patients. Fig. 2a and Fig. 2b show two different Chow-
Liu trees.

A.2. Chow-Liu trees based feature construction

Chow and Liu developed a method for approximation of joint
probability distribution functions of a set of discrete variables
using products of probability distributions involving no more than
two different variables (Chow and Liu, 1968). Applying this method
to the analysis of EEG recordings can be translated into the con-
struction of a graphical representation of all EEG characteristics
and the strengths of their respective interdependencies. The nodes
in the estimated Chow-Liu trees are the channel/frequency band
combinations and the edges indicate the generic dependencies
between the signal energies in corresponding two nodes. The full
tree is the factorization of the common probability distribution
function of all 144 constructed discrete valued channels in fre-
quency domain.

Some algorithms are generating tree-structured distributions
and are able to reflect more complex dependencies (e.g., thin junc-
tion trees (Bach and Jordan 2003)). However, these algorithms
have a higher time complexity than the Chow-Liu algorithm and
do not guarantee optimality within the model class for the struc-
ture that is learned. Furthermore Chow-Liu trees have the follow-
ing advantages: Good properties of probabilistic inference, as the
tree is equal to its junction tree, furthermore the number of param-
eters are linear in dimensionality of the space (if one changes the
structure of the trees by addition of only one more variable into
the product terms of conditional distributions, the problem
becomes non-deterministic polynomial-time (NP)-hard (Srebro,
2003)) and the simple intuitive interpretation of the resulting tree
structure.

Assume P(x) is the probability distribution function on discrete
variables X = (x1,X2,...,Xn),X; € N9 (in this paper x is the d = 144
dimensional vector of signal energies in channel/frequency band
combinations measured n times)The chain rule is:

P(x) =p(x1) | | P&ilXi11, - - -, Xa)

=

||
]

i

In the following we specify that the vector x with distribution
P(x) is Markovian on the graph G=(V,E) if:
P(Xi|Xnbaciy) = P(Xi|xvi),Vi € V. Here Xpqq is the neighborhood of

the variable x;, i. e. nbd(i):={j € V:(i,j) € E} and xy, are all
remaining variables excluding the variable x;. The graph
G = (V,E) is a tree if it is connected and acyclic. It is called forest
with k edges and d nodes if it is acyclicand if 0 <k<d-1.

Assumption:. In the following we assume that the true distribu-
tion function P(x) is a forest structured distribution.

Chow and Liu constructed a distribution T(x) for which the cor-
responding Markov network is a tree Gr = (V, Er) i. e. the joint dis-
tribution function can be written as a product of second order
marginals T(x) o [, e, T(Xu,X»). A tree is a connected undirected
graph that has no cycles. A spanning tree of a graph is a spanning
graph which itself is a tree. Due to the fact that the interaction
between the features (in terms of energy dependency between
channel-frequency band combinations) does not have clear direc-
tionality we decided to use the Chow-Liu trees which are undi-
rected graphical models.

If Gr = (D, Er) is the Markov network of probability distribution
function T, then:
H T(xu.

T(X,)T(Xu)

UUGE

HTX,,

“ ve V

Chow and Liu showed that the Kullback-Leibler divergence
between P(x) and T(x) (see equation) is defined as:
KL(P,T) = ",P(x)log (P(x)/T(x)) is minimal if the edges of the tree
Er maximizes the total mutual information of the tree. This is
achieved by solving the maximum spanning tree problem with
pairwise mutual information between variable edges as weights.
Mutual information between two discrete random variables is cal-
culated as follows: I(xy,x,) = 3, >, P(xu, X,)l0g(P(Xy,X,)/P(Xy)
P(x,). The weighted undlrected graph is G((V,E)|w) in which w rep-
resents non-negative real numbers defined on the edges(j, k) € E.
The weight in the Chow-Liu trees are defined by the sum of mutual
information between corresponding random variables (nodes)
Wr = Z(uv,})eﬁ] (Xu,X,). To estimate the Chow-Liu tree from the data
we used the Kruskals minimum weight spanning tree algorithm
(MWST) (Kruskal, 1958). However, there is a question about the
statistical significance of the output of Kruskais MWST algorithm,
needless to say that the method will generate a tree also for ran-
dom data. Therefore to find a trade-off between accuracy of the
Chow-Liu tree structure and the description of the data i.e. to
prune the Chow-Liu tree in an optimal manner we used the
Chow-Liu threshold algorithm described by (Tan et al., 2011).

A.3. Model adaption and improvement

We used 17.5 min EEG signals (equivalent to the 506 data
points) for Chow-Liu tree estimation. Several factors affect the cor-
rectness of the discovered Chow-Liu tree, including: quality of the
available data, number of samples and strength of the causal rela-
tionships (mutual information) between Chow-Liu tree nodes.
However, from (Canolty et al., 2006) we know how the number
of nodes d (in our case 144 nodes, 12 frequency bands times 12
EEG channel signals) and the number of edges (in our case
< d — 1 because of forest structure generated from a tree) can scale
with n (the number of observed data), while maintaining the con-
sistency (i. e. rate of probability at which the error event of struc-
ture learning decays to zero as n — co). Under typical regularity
conditions, e.g. described in (Wainwright et al., 2006), it can be
shown that if n = O(logd), then the error probability of incorrectly
learning the sequences of edges tends to zero as n,d — oo. In other
words the number of nodes can grow faster than any polynomial in
the sample size n (see also (Tan et al., 2011)).
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