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Abstract—We investigated two popular tensor decomposition
models, canonical polyadic decomposition (CPD) and block term
decomposition (BTD), to test their ability to fuse datasets from
three different modalities related to neuroscience. We fused elec-
troencephalogram (EEG) spectral power, regional brain volume
from magnetic resonance imaging (MRI) and phenotypic scores
from 29 preschool children aged <5 y.o. who have a diagnosis of
epilepsy. We used CPD and BTD in a coupled matrix-matrix-
tensor factorisation setting to find shared components across
data modalities. In addition, we imposed a hard constraint on
the model to extract factors directly interpretable in terms of
childhood development. We evaluated the model performance to
extract components in agreement with prior clinical knowledge.
We found that both models revealed similar patterns of relation-
ships between regional brain volumes and developmental scores
following prior clinical knowledge but BTD was slightly more
sensitive than CPD.

Index Terms—Tensor factorisation, Data fusion, Joint decom-
position, Block term decomposition, Canonical polyadic decom-
position

I. INTRODUCTION

Epilepsy is one of the most common neurological diseases.
It is characterised by recurrent unprovoked seizures that can
happen at any time in life. Epilepsy affects around 1 in 150
children aged under ten years-old and it is most commonly
diagnosed during the first months of life [1].

Cognitive and behavioural impairment often affects children
with early-onset epilepsy (CWEOE) [2]. Early diagnosis of
both epilepsy and the developmental deficits are essential for
CWEOE because the cognitive and behavioural difficulties
may affect the children’s quality of life more than the seizures
themselves [3], [4]. The current standard to assess these
impairments is prolonged and laborious paper-based tests and
examinations [5]. Not only that, it is impossible to detect the
deficits before they show their signs and it is very difficult
to track potential developmental improvement due to drug or
therapy treatment with those tests due to learning effects [6].

On the contrary, electroencephalography (EEG) and struc-
tural magnetic resonance imaging (sMRI) are typically ob-
tained during the process of epilepsy diagnosis. EEG is a
recording of the electrical activity of the brain through elec-
trodes attached to the patient’s scalp. sMRI captures a three-

This work was funded by PhD studentship to N. Dron by the Royal Thai
Government Scholarship (OCSC).

dimensional image of the brain anatomy. Both data have been
studied and shown links to cognitive and behavioural scores.
A study associated EEG and cognitive score in young children
[7]. sMRI data was analysed and links between cognitive
deficit and volume change in left thalamus [8], and putamen
[9] have been reported. Structural and functional MRI were
also associated with behaviour scores [10].

Therefore, by exploiting diverse data, we aim to study the
common factors in EEG and sMRI that can be linked to
developmental impairment in CWEOE. The primary approach
used in this paper is structured data fusion (SDF) [11]. SDF
can extract common factors across one or more modalities us-
ing matrix-tensor decompositions. This type of algorithm has
shown a successful implementation in neurological studies [7],
[12]–[14]. We compare two popular decomposition method
used in SDF – canonical polyadic decomposition (CPD) and
block term decomposition (BTD), see section II-B for details
– to jointly analyse the relationship between EEG, sMRI and
psychiatric score. Additionally, we apply hard constrain to the
decomposition to design the output component along the score
mode and explore its ability to assist the interpretation.

II. METHODS

A. Datasets and Data Preparation

Data used in this study were provided by the NEUROPRO-
FILE project [15]. Twenty-nine CWEOEs, aged <5 y.o. who
have a complete set of data, were selected for analysis. Awake
resting-state 32-channel EEG and structural MRI, T1 images
are used. Bayley Scales of Infant and Toddler Development-
Third Edition (Bayley-III) [16] and Adaptive Behavior As-
sessment System-General Adaptive Composite (ABAS-GAC)
[17] were used to assess the cognition and behaviour ability
of CWEOE, respectively.

For EEG, the Fieldtrip toolbox [18] and MATLAB were
used to process the signal. The seizure activity that was
notified by the physician were removed out for the analysis,
and average reference was performed. The pre-processing was
as follows [19]. Briefly, both manual and automatic rejec-
tion from the Fieldtrip toolbox are used to remove common
artefacts and a bandpass filter between 0.5Hz and 45Hz was
applied. Once the signals were clean, the power spectrum
was computed from non-overlapping subtrials that are split
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Fig. 1. Illustration of CPD with R components.

into two-second long. Subsequently, the EEG data is stored
in three-way tensor with modes [Subject] × [Spectral] ×
[Channel] with size 29× 200× 20.

A cognitive score (Bayley III) [16] and a behavioural
score (ABAS-GAC) [17] were normalised into z-scores before
being arranged in a phenotypic score matrix. The [Score]
mode is consist of subject’s age, Bayley III and ABAS-GAC,
respectively, constructed into a [Subject] × [Score] matrix
with size 29× 3.

T1 structural MRI was processed using FSL 5.0 [20].
Specifically, subcortical brain volumes were computed by
FIRST segmentation tool [21] in FSL to segment sMRI into
left and right part of the following regions: thalamus, caudate,
putamen, and pallidum. The regional volumes were then put
in a matrix with modes [Subject] × [Volume] and size 29×8.

B. Data Fusion and Tensor Decompositions

SDF [11] was used to perform coupled matrix-matrix-tensor
decomposition of all three data modalities at once and carried
out with the Tensorlab toolbox [22]. In order to link each
modality and fuse three different types of data, the subject
mode is shared across all modalities. We compare two popular
methods for biomedical data decomposition, CPD [23] and
BTD [24], [25].

CPD [23], also known as PARAFAC or CANDECOMP,
factorises a tensor into a sum of rank-1 terms. CPD is one
of the most attractive models because of its uniqueness under
only mild constraints. It is also straightforward and easy to
interpret [26]. CPD has been used in several works regards
EEG signal analysis [27], [28] including child development
[7], [29]. CPD can be expressed for a three-way tensor
X ∈ RI×J×K as:

X ≈
R∑
r=1

ar ◦ br ◦ cr, (1)

where r = 1, 2, · · · , R with ar ∈ RI , br ∈ RJ , cr ∈ RK ,
and R denoting the number of components in the model. The
model can alternatively be written as

xijk =
∑

airbjrckr + εijk, (2)

where i = 1, · · · , I; j = 1, · · · , J ; k = 1, · · · ,K; r =
1, · · · , R with xijk, air, bjr, ckr, and εijk elements of X ,
domain A ∈ RI×R,B ∈ RJ×R,C ∈ RK×R, and residual
ε ∈ RI×J×K , respectively. Fig. 1 shows an example of CPD
decomposing a three-way array with R components.

Fig. 2. Illustration of BTD with rank (Lr, Lr, 1).

BTD [24], [25] decomposes a tensor into the sum of
multilinear low-rank terms. Specifically in this work, the tensor
is decomposed into rank (Lr, Lr, 1). This can be seen as a
generalised version of CPD where we fix one mode of interest
to stay in rank 1 while the others vary. The BTD (Lr, Lr, 1)
for that same three-way tensor X can be expressed as:

X ≈
R∑
r=1

(ArBTr ) ◦ cr (3)

with matrices Ar ∈ RI×Lr ,Br ∈ RJ×Lr , and vector cr ∈ RK .
The BTD (Lr, Lr, 1) is unique when matrices {A1, · · · ,AR},
{B1, · · · ,BR} are full column-rank and matrix [c1, · · · , cR]
does not consist of co-linear columns [25].

In (Lr, Lr, 1) BTD, the rank Lr and other parameters have
to be set in advance and one has to determine which mode
to be set as rank-1 (in contrast to rank LR). We set L1 =
L2 = · · · = Lr for simplicity. As we are interested in relations
between developmental impairment across all three modalities,
we set the subject domain to be rank 1. Thus, [Spectral]
and [Channel] domains are decomposed into rank Lr while
[Subject], [Score], and [Volume] domains are decomposed into
rank 1, which can be considered as generalised CPD. Fig. 2
illustrates a BTD rank (Lr, Lr, 1) when decomposing a three-
way array with R number of components.

C. Constrained Data fusion and Grid search

Constraints are imposed to both CPD and BTD models
to facilitate their interpretation regarding developmental im-
pairment. Constraints help reduce the disagreement between
result and prior knowledge, increase the uniqueness, and avoid
degeneracy of the model [27]. They also reduce the fitness to
the data, but constraints are beneficial in most cases [30], [31].

First, non-negativity was imposed on every domain except
the score domain to ground the factor to real-world value e.g.,
prevent the regional brain volume to be negative. Secondly, we
fixed the output [Score] factor to be +1, 0, or -1 to investigate
the relation with development. Fig. 3 shows an example of
output [Score] factor matrix of R = 3, 4, and 6. Where +1
represents good performance in either cognitive or behaviour,
-1 represents poor performance in that field, and zero means
no contribution.

Fig. 3. The output [Score] factor matrix are fixed to explore the relationship
of the developmental scores to the other components of EEG and sMRI
data. Each column represents a component and the three rows indicate age,
cognition and behaviour, in that order.

We use five hyperparameters in the cost function of the SDF
model, which was extended from [7] and has been used before
on [32]. The cost functions for CPD and BTD are written in
equation 4 and 5, respectively. Hyperparameters λ1−3 were
set as relative weight to define the contribution of each data
modality to increase the fitting to the model. We also set
hyperparameter λ4−5 as a regularisation to the SDF model to
reduce the overfitting. L1 regularisation via λ5 was imposed
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TABLE I
THE RESULT OF CPD AND BTD.

R Avg.time Error Lr Hyperparameter
(s) λ1 λ2 λ3 λ4 λ5

CPD 3 12.38 0.56754 - 10 3.162 1 1 1
4 17.23 0.54905 - 10 10 3.162 1 1
6 19.16 0.57601 - 0.3162 10 0.031 0.031 1

BTD 3 15.72 0.60322 2 31.62 100 3.162 31.62 1
4 9.64 0.59288 2 100 100 10 1 1
6 19.2 0.59677 2 10 100 1 100 1

on [Subject] domain. L2 regularisation via λ4 was imposed
on [Spectral], [Channels], [Score], and [Volume] domain to
increase the sparse response of the model.

min
A,B,C,D,E,R

(λ1/2)||X − MCPD(A,B,C, R)||2F +

(λ2/2)||S − MCPD(A,D, R)||2F +
(λ3/2)||M − MCPD(A,E, R)||2F +
(λ4/2)(||vec(B)||2F + ||vec(C)||2F +

||vec(D)||2F + ||vec(E)||2F ) +
(λ5/2)||vec(A)||1 (4)

min
A,B,C,D,E,R,Lr

(λ1/2)||X − MBTD(A,B,C, R, Lr)||2F +

(λ2/2)||S − MBTD(A,D, R)||2F +
(λ3/2)||M − MBTD(A,E, R)||2F +
(λ4/2)(||vec(B)||2F + ||vec(C)||2F +

||vec(D)||2F + ||vec(E)||2F ) +
(λ5/2)||vec(A)||1 (5)

where X , S, and M represent the EEG tensor, score matrix
and sMRI matrix, respectively. A, B, C, D, and E represent the
factor components [Subject], [Spectral], [Channel], [Score],
and [Region]. R is the number of components, MCPD is joint
CPD decomposition, and MBTD is joint BTD decomposition.

For CPD and BTD, the hyperparameters, number of com-
ponent R, and rank LR for BTD are to be set in advance.
Thus, we explore the optimum combination for these values
with a grid-search. For hyperparameters, we fixed λ5, which is
a regularisation to subject domain as 1 while varying λ1 and
λ4 from 0.01 to 100 in nine logarithmic steps. λ2 and λ3 are
varied from 0.1 to 10 in 5 logarithmic steps then multiplied
by λ1. This multiplication keeps the relative contribution of
tensor and matrices to the fitting bounded to ensure that no
modality overpowers the others. BTD rank Lr is chosen as 2
or 3 to keep it low rank.

III. RESULTS AND DISCUSSION

Firstly, run time performance of the model decomposition
was recorded and average over 6075 iterations of R = 3, 4,
and 6 for both models from the grid-search. On global average,
CPD took 16.26 seconds while BTD took 14.85 seconds. CPD
required less executed time for R = 3 while BTD run faster
when R = 4 as shown on Table I. The average run time
result for each R is presented in Table I, showing both models
execute the data fusion with similar speed.

Table I also shows the data fusion result of each R with the
least relative error and its hyperparameters from cost function
in Eq. (4) and (5). CPD achieve slightly better cost than
BTD. However, both models reach similar low error. For BTD,
gridsearch pointed to rank Lr = 2 for all R. It can be seen

that hyperparameters vary with different R. However, in BTD,
λ2 for score matrix is the same at 100 even though other λ
changed. In CPD, λ1 for EEG tensor and λ2 for score matrix
is the same value at 10 in R = 3, 4 and R = 4, 6, respectively.
This similar hyperparameter weights is interesting and could
be further study to find an optimum set to be used all across
the dataset.

The gridsearch suggests a λ combination with least cost for
CPD and BTD at R = 4. However, after examining profile
of the components, we found the components at R = 4
and R = 6 contradict prior knowledge and showed signs
of over-fitting. For instance, with R = 6, component that
represent cognitive performance, the profiles reflect on the
MRI volume fail to show the relation to thalamus which
is previosuly reported [33]. Moreover, BTD extracted nearly
identical frequency factors show in the same component. We
speculate that this happened because we forced the output to
group the data by developmental scores to explore possible
relations with scores. Because the score matrix columns were
linearly dependent, this may have enforced am inappropriate
output and an increasing value of R could have promoted
overfitting. Thus, this paper focuses on the decomposition
results of R = 3 from here onwards.

The component factors decomposed with the least cost on
R = 3 and λ1−5 = 10, 10, 3.162, 1, 1 for CPD is plotted on
Fig. 4. First, Fig. 4 (e) shows the constrained score factor
where red and yellow lines represent better cognitive and
behaviour scores, respectively, while the blue line indicates im-
pairment in both cognition and behaviour. In this setting, Fig. 4
(d) indicates that children with better cognitive score (red)
are associated with distinct higher volume in thalamus and
slightly higher volume in caudate. The yellow line suggests
that children with higher behaviour scores are associated with
slightly higher volume in caudate and notable lower volume
in putamen, and with no changes associated with thalamus.
The blue line is associated with children both cognitive and
behavioural deficits and with lower thalamic volume and cau-
date while the volume of putamen is distinctively higher when
compared to the factors associated with normal development.

Fig. 4 (a) plots three frequency spectrum components. The
red and yellow factors associated with better cognitive and be-
havioural score are in delta frequency range. Better cognition
have more narrow frequency range of <1.5Hz with the highest
amplitude of all three components. While better behaviour
associated with the spectrum that distributes between 0 to 4Hz.
The blue spectrum component that associated with children
with a developmental impairment has the lowest amplitude of
all component but span widest at frequency 2Hz to 6.5Hz.

Fig. 4 (b) shows the different level of contribution of each
channel components; no specific meaning interpreted in this
work. Fig. 4 (c) displays the subject components ordered from
youngest to oldest. There is no specific trend associated with
an increase in age.

Similarly, Fig. 5 separately plots three components re-
trieved from BTD with least cost on R = 3, λ1−5 =
31.62, 100, 3.162, 31.62, 1 and L = 2. Fig. 5, section (e)
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Fig. 4. Components extracted by CPD with R = 3, λ1−5 = 10, 10, 3.162, 1,
and 1. (a) Frequency spectrum against frequency in Hz. (b) The values
againts 20 EEG channels (c) Component values against subjects in increasing
age order. (d) MRI volume components displayed in the following order;
Thalamus(Left, L,Right, R), caudate(L,R), putamen(L,R), and pallidum(L,R).
(e.) Hard constraint components to represent developmental performance.

are score factors that were hard constrained, which make
Fig. 5 (i), (ii), and (iii) represents children with developmental
impairment, better cognition and better behaviour, respectively.

Fig. 5(ii)(d) associates better cognition with higher volume
in thalamus while low in other regions. Fig. 5(iii)(d) links
better behaviour score with high volume in thalamus and
caudate but low in putamen volume. Fig. 5(i)(d) indicates both
cognitive and behavioural impairment with higher volume in
putamen and low volume in every other region.

Fig. 5(ii)(a) demonstrates two spectral factors with similar
shape and amplitude at frequency ≤2Hz associated with
high cognitive score. For high behaviour scores, Fig. 5(iii)(a)
presents a spectral factor with high amplitude at frequency
≤1Hz and a spectral factor with lower amplitude span between
0Hz to 2Hz. In addition, impairment is associated with two
similar components at frequency ≤2Hz and each have 2 peaks
as shown in Fig. 5(i)(a). For channel and subject components,
on Fig. 5(i)(b) and (c), respectively, no specific trends have
been found.

We know from [8] that the CWEOE who have cognitive
deficits have lower left thalamic volume than healthy children.
Both models show that both sides of thalamus contribute to
volume difference between better and poor cognitive ability.
Not only that, both models also agree with [9] that chil-
dren with epilepsy who have cognitive abnormalities associ-
ated with larger putamen volume. Caudate and putamen has
been associated with Attention-Deficit/Hyperactivity Disorder
(ADHD) [34], and ADHD is also known for its behavioural
impairment. The association with putamen reflects on factors
extracted by both model. However, the relation with caudate
volume was more strongly present in BTD than CPD.

In terms of the frequency spectrum, both models point
towards activity in delta band (1-4Hz). We cannot interpret
much out of the spectral components when linking it back to
developmental score. However, for model comparison, BTD
and CPD extracted the component in quite different spectral
shape and range. For the spectral component associated with
good behaviour, CPD span from 1 − 4Hz while BTD was

Fig. 5. Shows components from BTD with R = 3, λ1−5 =
31.62, 100, 3.162, 31.62, 1 and L = 2. (a) Present frequency spectrum fac-
tors in Hz. (b) plots EEG channel components (c) demonstrates subject factors
from young to old. (d) MRI volume components displayed in the following
order; Thalamus(L,R), caudate(L,R), putamen(L,R), and pallidum(L,R). (e)
presents each score component that was hard constrained.

within 1 − 2.5 Hz. Further investigation is needed before
concluding on this relation.

A number of children from the NEUROPROFILE dataset
were not included due to data incompleteness which leads to
the first limitation in this work: a small dataset was analysed.
Moreover, it is difficult to obtain the data from small children
in the same data range without health-related issues, so the
lack of healthy control is another limitation. In the future,
we plan to adjust the model to work with incomplete data
to increase the number of subjects. Furthermore, richer data
are planned to be implemented by including subject’s gender,
more brain regions other than sub-cortical areas, and subscores
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to define the fields of development.

IV. CONCLUSION

This work presents a data fusion approach based on coupled
matrix-matrix-tensor decomposition to study development in
CWEOE. CPD and BTD were used to fuse EEG, sMRI
and developmental scores. By including a hard constraint to
group the developmental score, both models were able to
extract information consistent with prior clinical knowledge.
The results indicated that BTD was slightly more sensitive
than CPD regarding the relation with sMRI. Further studies
are needed before conclude which model is more suitable for
this type of clinical data. However, the results in this work
demonstrate hard constraint with matrix-matrix-tensor analysis
is a promising tool to exploiting the clinical data to analyse
the developmental in children.
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