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Abstract. Neuroimaging techniques have had a major impact on med-
ical science, allowing advances in the research of many neurological dis-
eases and improving their diagnosis. In this context, multimodal neu-
roimaging approaches, based on the neurovascular coupling phenomenon,
exploit their individual strengths to provide complementary informa-
tion on the neural activity of the brain cortex. This work proposes a
novel method for combining electroencephalography (EEG) and func-
tional near—infrared spectroscopy (fNIRS) to explore the functional ac-
tivity of the brain processes related to low-level language processing of
skilled and dyslexic seven-year-old readers. We have transformed EEG
signals into image sequences considering the interaction between differ-
ent frequency bands by means of cross-frequency coupling (CFC), and
applied an activation mask sequence obtained from the local functional
brain activity inferred from simultaneously recorded fNIRS signals. Thus,
the resulting image sequences preserve spatial and temporal information
of the communication and interaction between different neural processes
and provide discriminative information that enables differentiation be-
tween controls and dyslexic subjects.
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1 Introduction

In the human brain, a vast number of neurons and their synapses work together
to enable cognitive functions. This neural activity generates macroscopic brain
signals by increasing the brain electrical activity, accompanied by a haemody-
namic and metabolic response [4]. These direct and indirect effects of the running
human brain can be measured and serve as sources for noninvasive neuroimag-
ing techniques. Two of them are gaining popularity in the research community
due to its low operating costs and ease of application: EEG and fNIRS. Having
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a high temporal resolution, EEG directly measure the neural electrical activi-
ties in the cerebral cortex by detecting the induced fluctuations over the scalp.
However, EEG suffers from poor spatial resolution due to volume conduction.
On the other hand, with good spatial but lower temporal resolution is fNIRS.
It is an optical technique that allows the study of haemodynamic responses in
the brain by detecting changes in the concentration of oxygenated haemoglobin
(HbO) and deoxygenated haemoglobin (HbR).

In this context, the combined use of two neuroimaging techniques is expected
to surpass single-modality methods by complementing each other and exploit-
ing their individual strengths [18,13]. This is especially emphasised when one
technique rely on the haemodynamical principle and the other on the electro-
physiological principle. In this way, EEG signals are associated with the neuronal
electrical activity while fNIRS signals to the haemodynamic response. Thus, inte-
grated EEG—NIRS approaches provide more complete information on the func-
tional activity of the brain. These advantages arise not only from their comple-
mentary technical properties, but are also based on a physiological phenomenon
called neurovascular coupling [10]. This term refers to the spatial and temporal
relationship between neural activity and the regulation of cerebral blood flow.
In particular, the activation of neurons within a specific brain region produce an
increase of blood flow to that region to meet the augmented demand of glucose
and oxygen. This results in fluctuations of haemoglobin concentrations that can
be detected by fNIRS.

Impairments of neurovacular coupling has been proposed in recent works as
a sign for certain neurological diseases such as Alzheimer’s disease and stroke
[10,12]. Furthermore, building on the theoretical foundations of neurovascular
coupling, the integration of fNIRS and EEG is attracting increasing interest
in clinical and non-clinical topics [6]. In this work, we propose an integrated
EEG-{NIRS approach applied to the diagnosis of Developmental Dyslexia (DD).
This is a learning disability not related to mental age or inadequate schooling
that impairs the learning processes of reading and spelling and affects 5-12% of
the world’s population [15]. We have explored the leverages of using local func-
tional activation information from fNIRS signals to enhance the cross-frequency
coupling (CFC) analysis performed on EEG signals from dyslexic and skilled
readers. This approach aims to assess the presence of altered mechanisms of the
neural oscillations that encode the speech signal behind the phonological deficit
in DD [11] and it is based on concurrent EEG-fNIRS recordings during an exper-
iment where participants were presented with non-interactive auditory stimuli
consisting in amplitude modulated white noise at frequencies related to the core
phonological units of Spanish. The rest of the paper is organized as follows. In
Sect. 2, the database and methods used in this work are presented. Section 3
presents the principal results and Sect. 4, describes the conclusions and future
work.
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2 Materials and Methods

2.1 Dataset and Preprocessing

The data used in this work comes from a longitudinal study carried out by the
LEEDUCA research group at the University of Mélaga (Spain) [14], which con-
sist of a cohort with more than 1400 children aged 4 to 8 years. It was approved
by the Medical Ethical Committee of the University of Mélaga (05/02/2020
PNDO016/2020) and with the permission of Education Office of the Junta de
Andalucia to evaluate students at different public schools. Then, the quarterly
application of a complete battery of cognitive and linguistic tasks to children
allowed the selection of a sub-cohort for the subsequent concurrent EEG-fNIRS
experiment. All selected participants are matched in age and socioeconomic in-
dex. The participants in the EEG-fNIRS sub-cohort, composed of 15 children
with a clinical diagnosis of dyslexia and 29 with no obvious impairment, were
presented with amplitude-modulated white noise at rates of 4.8, 16 and 40 Hz.
These rates corresponds to the average production rates for core speech units in
the Spanish. Each participant underwent 15-minute sessions in which the stimuli
were presented sequentially in ascending and descending order for 2.5 min each
(4.8 - 16 — 40 | 40 — 16 — 4.8 Hz).

EEG signals were acquired with the Brainvision actiCHamp Plus with acti-
CAP (Brain Products GmbH, Germany). The sampling rate was 500 Hz and its
32 electrodes follow a 10-20 configuration (auditory cortex montage). After the
acquisition, the signals were baseline corrected and eye blinking artifacts were
removed using blind source separation with Independent Component Analysis
(ICA). Then, all channels are referenced to Cz electrode and normalized to zero
mean and unit variance. In the case of fNIRS signals, the equipment used for
the acquisitions was the NIRSport system with 16 optodes (eight sources and
eight detectors) and a sampling frequency of 7.8125 Hz. A source-detector pair,
separated by approximately 3 cm, makes up a channel; altogether we have 20
fNIRS channels per wavelength. Then, the preprocessing of the fNIRS signals
has been done with the NIRSLAB software [1] including interpolation to ad-
dress detector saturation, conversion of the intensity to optical density, artifact
correction, transformation to hemoglobin concentration, and filtering with cut-
off frequencies of 0.01 Hz and 0.09 Hz for removing artifacts of heart rate and
breathing from the haemodynamic response. In addition, the placement of the
electrodes, optodes and fNIRS channels over the language and auditory areas of
the human brain in the EEG 10-20 system is depicted in Figure 1.

2.2 CFS Image Sequences

The EEG signals were analysed using an CFC approach. This neural mecha-
nism intervenes in the communication and interaction between different cog-
nitive processes that take place in different frequency bands. In addition, the
coupling between different brain rhythms is proposed to reveal the neural dy-
namics involved in healthy and pathological brain functions [5]. In particular, we
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Fig. 1. Locations in the EEG 10-20 system of the EEG electrodes (gray circle with
black edges), NIRS optodes (red circles for sources and blue circles for detectors) and
fNIRS channels, named from 1 to 20, are at the midpoint between a source-detector
pair.

explored the cross-frequency phase synchronisation (CFS). This is also known
as cross-frequency phase-phase coupling and relies on assessing the constancy of
the distribution of phase-angle differences between two frequency bands

1
CFS = ‘n Z el(¢A(t)—¢B(t)) (1)
t=1

where n is the number of time points, and ¢ 4(t) and ¢ (t) are the phase angles
for the frequency bands A and B.

In order to explore the temporal evolution, we measured the CFS in segments
of 5 s between pairs of frequency bands (Theta: 4-8 Hz, Alpha: 8-12 Hz; Beta:
12-30 Hz; and Gamma: 30-80 Hz) at each electrode. Thus, we have 31 CFS
values in each of the 30 temporal segments for each combination of frequency
bands. Additionally, here we propose an approach to transform CFC information
into an image sequence with the aim to preserve the spatial information of EEG
electrode locations while representing the temporal development of CFS during
the experiment. For this, the location of the EEG electrodes are projected from
a 3-D space onto a 2-D surface [2]. Considering this 2-D surface, the CFS values
computed at every segment are interpolated over a 32 x 32 mesh, resulting in 30
CFS images for each frequency band pair. Finally, we create three-channel CFS
image sequences by combining the images obtained for three pairs of frequency
bands.
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2.3 fNIRS Functional Activation

Provided that the synchronisation between oscillatory processes corresponds to
functional brain activity, due to neurovascular coupling, we should detect fluc-
tuations of haemoglobin concentrations associated with this neural activation
[4]. When a brain area becomes active, an increase in the metabolic demand for
oxygen and glucose is observed. As a result, an oversupply of cerebral blood flow
is produced and we notice an increase in HbO and a decrease in HbR in fNIRS
signals from that area [16, 3]. Furthermore, it is established that the changes in
HbO and HbR concentrations stemming from neural activation are negatively
correlated [8,17,19].

AHbR = kp AHVO — with — 1< kp <0 (2)

Therefore, we might well expect that when functional activation occurs we would
measure a strong negative correlation between HbO and HbR in the haemodi-
namic response [7, 20]. Taking this into account, we assessed functional activation
during the experiment from the fNIRS signals by calculating the Spearman cor-
relation coefficient between 25 s segments of HbO and HbR. This duration was
selected to correspond to a typical haemodynamic response [16, 3].

As we have used an fNIRS montage for the auditory cortex, this activation

information only affects to the EEG electrodes placed in this area. Moreover, due
to our source-detector separation, each fNIRS channel has a spatial resolution
of approximately 3 ¢m. Thus, we can find which EEG electrodes are inside a
sphere of radius 3 ¢m from the center point of each fNIRS channel by finding
the nearest neighbours (Table 1).
Then, we have created an activation mask sequence for each subject in a similar
way than explained above for the CFS image sequences. In this case, for EEG
electrodes in the auditory cortex, we seek the lowest Spearman correlation coef-
ficient from the corresponding fNIRS channels. If this coeflicient is lower than a
threshold (-0.9) for that segment we consider the electrode activated and assign
it a 1. In other case, the electrode is not activated and we assign it a 0. For
the rest of EEG electrodes as we do not have information from fNIRS we assign
them a 1. In the creation of the activation mask sequence we consider the longer
duration of the fNIRS segments. Therefore, one fNIRS segments correspond to
five EEG segments. Finally, for each subject its own activation mask sequence
is applied to its CFS image sequence.

2.4 Classification

At this point, we have an CFS image sequence with the functional activation over
the auditory cortex from fNIRS for each subject. The RGB image in each frame
(i.e. temporal segment) contains information from the CFS measured between
the bands Theta-Gamma (R), Alpha-Beta (G) and Beta-Gamma (B). As a first
approach, we used the average image over the frames for classification with pixel
as feature. From each N, samples in the LEEDUCA EEG-fNIRS dataset we get
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Table 1. Nearest neighbours EEG electrodes.

fNIRS channel|Source-Detector| EEG electrodes|Hemisphere
1 S01-Do1 FC5 Left
2 S01-D02 FC5 Left
3 S02-D01 T7 Left
4 S02-D02 FC5, T7 Left
5 S02-D03 T7 Left
6 S03-D02 CP5 Left
7 S03-D03 CP5 Left
8 S03-D04 CP5 Left
9 S04-D03 P7 Left
10 S04-D04 CP5, P7 Left
11 S05-D05 FC6 Right
12 S05-D06 T8 Right
13 S06-D05 FCé6 Right
14 S06-D06 T8 Right
15 S06-DO7 CP6 Right
16 S07-D06 T8 Right
17 S07-DO7 CP6 Right
18 S07-D08 P8 Right
19 S08-DO7 CP6 Right
20 S08-D08 P8 Right

an array that contains the K = 3072 features (32x 32 pizels x3 RGB channels).
For the classification method we selected a machine learning technique based on
ensemble of weak prediction models known as gradient tree boosting [9]. The
classification is performed in a stratified K-fold cross-validation scheme with
k=5, and metrics such as the Area Under the Curve (AUC) for the Receiver
Operating Characteristic (ROC) curves and the balanced accuracy (BAcc) are
computed.

3 Results

We have work with the LEEDUCA dataset containing concurrent EEG-fNIRS
signals from an experiment where children where exposed to amplitude-modulated
white noise at rates of 4.8, 16 and 40 Hz. For this preliminary approach we
present the results for the 4.8 Hz stimulus, as the syllable rate is expected to
emphasise the impairments in neural mechanisms that occur in DD [11]. First,
the EEG signals are transformed into CFS image sequences preserving the spa-
tial information of EEG electrode location and containing the information about
the temporal development of cross-frequency phase-phase coupling in the brain.
An example of these sequences is depicted in Fig. 2.a for a control subject. In
this figure (Fig. 2.a) the RGB images are represented for six temporal segment
of the total sequence.

Then, the fNIRS activation mask is computed for each subject considering
the proximity relation between fNIRS channels and EEG electrodes from Table
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Fig. 2. Example of different image sequences for a representative control subject. a)
CFS image sequence. b) fNIRS functional activation sequence. ¢) CFS-activation image
sequence. Normalization was performed to aid visualisation.

1. The fNIRS activation sequence for a control subject is shown in Fig. 2.b,
where the darker pixels correspond to deactivated zones and the whiter pixels to
activated areas. In the areas outside the auditory cortex the pixels are set to 1
as we do not have functional activation information from fNIRS. Each subject’s
functional activation mask is then applied to their CF'S image sequence, resulting
in the image sequence depicted in Fig. 2.c. In these images, the CFS over the
auditory cortex from the EEG signals are modified in function of their activation
inferred from the fNIRS signals. Thus, we started a new path for the development
of a multimodal fNIRS-EEG integration analysis approach.

In the Table 2, we have included the classifications results with gradient
tree boosting considering pixels as features from the average image over the
frames. In this first approach, the image sequences are extracted from the 4.8
Hz stimulus EEG and fNIRS signals and the results are presented for the CFS
image sequence with and without the fNIRS functional activation mask applied.
In each case, we show the average performance achieved in the five folds of
cross-validation for the separated image channels and with the RGB images.
Using the CFS image sequence corresponding to the channel B (which contains
the information of the Beta-Gamma CFS), the classifier achieve better BAcc
and AUC than combining the three channels (RGB image). However, after the
application of the functional activation mask, the performance is improved for
the average RGB image reaching a BAcc and AUC of 78.9%.

Finally, we conducted permutation tests to assess the statistical significance
of our findings. We have created a null distribution by shuffling the labels
Nperm = 1000 times and in each permutation the classifier was re-trained us-
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Table 2. Classification results with gradient tree boosting.

Average image used Channel BAcc Sens Spec AUC

R 0.553 £0.069 0.4+£0.226 0.706 £0.107 0.553 £ 0.069
G 0.648 £0.175 0.467 £0.306 0.829 £0.139 0.648 £0.175
B 0.747 £ 0.073 0.633 £0.067 0.861 £0.091 0.747 +£0.073
RGB  0.695£0.139 0.567 £0.226 0.824 £0.143 0.695 £+ 0.139

From CFS image sequence

R 0.582 £ 0.068 0.367 £ 0.067 0.797 £0.112 0.582 + 0.068
G 0.673+0.104 0.5+£0.183 0.847£0.111 0.673 £0.104
B 0.707 £0.184 0.567 £0.271 0.847£0.111 0.707 £0.184
RGB 0.789+0.121 0.733 +£0.17 0.845 + 0.126 0.789 + 0.121

From CFS image sequence
with activation mask

ing these shuffled label-data pairs. This is done in a five-fold cross-validation,
where we evaluate the data-label link established by the classifier. Fig. 3 shows a
distribution of BAcc values obtained by the classifier with the random datasets
and the p-value of the BAcc score with the original dataset. The p-value is cal-
culated as the fraction of the observed results that are greater than or equal to
performance achieved with the correct labels.

7 Score on original }
data: 0.789
(p-value: 0.001)

Probability density

0.3 0.4 0.5 0.6 0.7 0.8
Balanced accuracy score

Fig. 3. Results of the permutation test. Null distribution is shown in blue.

4 Conclusions and Future Work

In this work, we propose a novel approach for a multimodal EEG-fNIRS inte-
gration that aims to take advantage of the different characteristics of these two
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non-invasive neuroimaging techniques and provide more complete information
on the functional activity of the brain. In order to achieve this, we rely on a
concurrent EEG-fNIRS dataset arising from an experiment with non-interactive
auditory stimuli presented to skilled and dyslexic seven-year-old readers. We
have performed a transformation from time series data, EEG and fNIRS sig-
nals; to image sequences. Thus, preserving the information from the location of
EEG electrodes and fNIRS channels and the temporal patterns of coordination
of neuronal oscillations in brain functions. As a first step we have adopted an
approach using pixels as features with a gradient tree boosting classifier, an ef-
ficient machine learning algorithm. Furthermore, through the application of the
fNIRS functional activation masks obtained we have improved the classification
performance reaching a BAcc of 78.9%.

The results obtained demonstrate the feasibility of the proposed method and
provide the framework for further exploration of this line. First, the integrated
EEG-fNIRS analysis can be extended to the 16 and 40 Hz stimuli to account for
other origins for the deficits found in DD. In addition, the method for deriving
functional activation from fNIRS signals can be improved to better match the
complexity of the haemodynamic response. Finally, it is needed the exploration
of feature selection techniques to improve classification performance and other
machine learning algorithms that benefit more from the spatial and temporal
information contained in the image sequences.
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