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Abstract—Emotion regulation to pleasant and unpleasant stimuli in-
volves several brain areas, such as the prefrontal cortex, amygdala,
and insular cortex. However, how a specific arousal level affects such
brain dynamics is not fully understood. To this effect, we propose an
electroencephalography (EEG)-based study, where 22 healthy subjects
were emotionally elicited through affective pictures gathered from the
International Affective Picture System. Based on the circumplex model
of affect, we used four arousing levels, each with two valence levels (i.e.
pleasant and unpleasant). Considering these levels, we investigated the
EEG power spectra and functional connectivity among channels. We
then used this information to build an automatic valence classifier.

The experimental results showed that the functional connectivity at
the highest frequency bands (i.e. > 30Hz) was most sensitive to arousal
modulation. Specifically, high connectivity over the right hemisphere oc-
curred during pleasant elicitation, whereas that over the left hemisphere
occurred during negative elicitation. In addition, short-range connections
in the frontal regions became weaker with increased arousal level,
whereas long-range connections were enhanced.

Concerning the spectral analysis, the most significant valence-
dependent changes were found at intermediate arousing elicitations
over the prefrontal and occipital regions. The automatic valence clas-
sification showed a recognition accuracy of up to 86.37%.

1 INTRODUCTION

Emotion regulation occurring at the central nervous system
(CNS) level involves a complex interplay of cortical (e.g.
frontal, temporal, and parietal) and subcortical (e.g. basal
ganglia, thalamus, amygdala, and hippocampus) regions
across a variety of both positive and negative emotions
[1], [2]. Particularly, the limbic system includes or is highly
interconnected to these regions and it is considered the
primarily responsible for our emotional life [3]-[5]. One
example concerns the amygdala and hippocampus, which
subtly but importantly interact in emotional situations [6].
In fact, the amygdala can modulate both the encoding
and the storage of hippocampal-dependent memories. The
hippocampus, by forming episodic representations of the
emotional significance and interpretation of events, can in-
fluence the amygdala response when emotional stimuli are
encountered. The limbic system is strongly connected also
with the nucleus accumbens, which plays a role in sexual
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arousal [7] and with the orbitofrontal cortex, the part of
the prefrontal cortex that is thought to represent emotion
and reward in decision making [8]. Another specialised
prefrontal region that is regularly implicated in affective
regulation is the anterior cingulate cortex (ACC) [9], which
plays a relevant role in the cognitive control of emotion.
The prefrontal cortex and the amygdala constitute the core
of two specific pathways. Riuz-Padial et al. [10] suggested
that briefly presented emotion stimuli access the fast route
of emotion recognition perhaps via the amygdala. Instead,
longer elicitations allow activating the prefrontal cortex that
produces a context appropriate response.

Several models in the literature are used to describe
emotions. A common approach attempts to classify emo-
tions using a number of discrete “basic emotions”, including
happiness, fear, surprise, sadness, interest, rage, and disgust
[11], [12]. On the other hand, many researchers agree that
emotions have at least two important dimensions: valence
(pleasantness) and arousal (low/high intensity of percep-
tion). Also theorists who mainly support basic discrete
emotion theory find merit in the role of valence and arousal
dimensions (e.g. [13], [14]). Some theorists emphasize one
or the other as basic to affective experience (e.g. [15]-[17].
Instead, others incorporate both (e.g. [18]-[21]) pointing out
how these two dimensions could be hierarchically related to
discrete emotions [22]. One of the most widely used model
of emotion, which follows the dimensional approach, is the
circumplex model of affect (CMA) [21], [23], [24]. The CMA,
proposes that all affective states arise from two fundamental
neurophysiological systems, one related to valence and the
other to arousal [19]. Each emotion can be understood as a
linear combination of these two dimensions, or as varying
degrees of both valence and arousal.

Consequently, arousal and valence are often considered
to be independent. However, in a real-world experience,
a certain degree of correlation between them can be eas-
ily observed (e.g., negative stimuli tend to evoke more
intense and arousing perceptions than positive) [25]. Ac-
cordingly, some psychological studies have hypothesised
a linear/nonlinear correlation between self-reported scores
of valence and arousal [26]-[28]. To investigate the extent
of this interdependence, previous research studied brain
activity associated with affective stimuli. Particularly, recent
fMRI studies [29], [30] aimed to decode the neural response



to chemosensory valence and arousal stimuli, showing that
amygdala activity changes as a function of arousal inten-
sity, but not of valence. Conversely, the activity of the
orbitofrontal cortex activity changes with valence level, but
not with the arousal. Similar results were also confirmed
using affective words [25], however they found that those
brain areas where activity was modulated by the interaction
between arousal and valence, i.e. left medial orbitofrontal
cortex and striatum.

Another approach to investigating CNS during emotion

elicitation employs electroencephalographic (EEG) signals
to locate cortical activation during emotional processing
and regulation [31]-[33]. Previous findings showed a rela-
tionship between emotions and brain power spectral den-
sity (PSD) in EEG over the frontal cortex [34]-[36]. In
fact, the EEG power spectra and functional connectivity
in high frequency bands (e.g. § and ~y bands) were found
to be sensitive to valence changes [33], [33], [35], [37]-
[40]. Also, increased gamma rhythms were associated with
pleasant/unpleasant stimuli [41]-[44], along with enhanced
activity in the beta band over the temporal and parietal areas
during negative tasks [45].
Asymmetry and lateralization of brain activity have also
been implied in emotional processing [35], [46]-[48]. Al-
though controversial [35], previous evidence suggests the
existence of asymmetric brain activity patterns associated
with specific emotional states [49] (e.g. evidence of the right
hemisphere’s contribution to sexual arousal).

The aforementioned quantitative and functional EEG
analyses were often exploited for the development of au-
tomatic emotion recognition [50]-[53], [53], [54], [54]. How-
ever, to the best of our knowledge, previous EEG-based af-
fective computing methods considered valence and arousal
along independent axes [50]-[52], while disregarding a
possible interaction-effect that might influence recognition
accuracy [55], [56]. In fact, previous evidence supports a
nonlinear interaction-effect between arousal and valence
perception [25], [27], [28].

Therefore, in this study we investigate changes in EEG
spectra and functional connectivity evoked by pleasant
and unpleasant visual elicitation as a function of different
arousal levels. Preliminary findings of this research were
recently reported in [56], [57]. In addition, we propose a
pattern recognition algorithm that predicts the valence level
of a stimulus as a function of the arousal level.

2 MATERIALS AND METHODS
2.1 Experimental paradigm and acquisition set-up

Twenty-two healthy volunteers (in the age range of 21 — 24
years) signed an informed consent to participate in our
experiment. Each participant was asked to answer a Patient
Health Questionnaire”™ (PHQ-9). The PHQ-9 is a multiple-
choice self-report questionnaire that is commonly used to
screen and diagnose mental health disorders, e.g., depres-
sion. We enrolled in the study only those volunteers with
a score below a threshold of 5, to have a homogeneous
sample of healthy subjects [58]. In fact, PHQ-9 test indicates
the possibility of a mild depression for scores greater than
5 [58]-[60]. All experimental procedure were previously
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Figure 1. Exemplary timeline of the experimental protocol. The red line
represents the arousal level of the stimulation throughout the experi-
ment, whereas the black dashed line an exemplary valence level. The
order of the positive and negative sub-sessions was randomised among
subjects.

approved by the Ethical Committee of the University of
Pisa-Pisa University Hospital, Pisa (Italy).

To design our experiment, we relied on the CMA that
represents emotions in a multi-dimensional plane [21],
whose two principal dimensions are valence and arousal.
Valence indicates the degree of pleasantness, whereas arousal
could be interpreted as the intensity of the affective per-
ception. According to the previous literature, a typical and
effective way to evoke pleasant and unpleasant emotions
consists in the presentation of affective slides [61]. One of
the most widely used datasets of affective pictures is the
International Affective Picture System (IAPS) [62]. It is a
frequently cited tool in the field of affective computing and
has been often used also in EEG studies [63]-[65]. IAPS
collects more than 900 pictures each of which is associated
with an arousal and valence score averaged over more than
a thousand subjects.

Accordingly, we selected a set of pictures from the IAPS
database and we split it in 5 groups based on their arousal
levels (see Table 1): neutral (N) and arousal 1-4 (AR1,AR2,
AR3, AR4). The experimental timeline was structured in 9
sessions alternating each of the four arousal session between
two neutral sessions (N) as shown in Figure 1. Each arousal
session was considered comprised of two sub-sessions ac-
cording to the valence level. More in detail, each sub-session
included ten IAPS images with positive valence (pleasant)
and ten with negative valence (unpleasant). The images
were visualised onto a PC screen for 10 s each. Moreover,
to reduce the effects of external factors (such as time), the
order of positive and negative sub-sessions was randomised
among subjects.

Throughout the experiment, EEG signals were recorded
by means of the Geodesic EEG Systems 300 from the Elec-
trical Geodesics, Inc. Such a device is characterised by its
comfort and the ease of cuff use . The Geodesic cuff included
128 electrodes. However, we only considered herein the data
acquired from 19 electrodes placed on the scalp according
to the International Standard System 10-20, specifically, Fp1,

Table 1
Arousal Rating of the IAPS Images Used

Session  Arousal rating  Arousal range  Arousal level
N 2.81+£0.24 2.42 — 3.22 VL
Al 3.58 £0.30 3.08 — 3.98 L
A2 4.60 £ 0.31 4.00 —4.99 L-M
A3 5.55 £0.28 5.01 —6.21 M-H
A4 6.50 £ 0.33 5.78 — 6.99 H




Fp2, F7, F3, Fz, F4, F8, T7, C3, C4, T8, P7, P3, Pz, P4, P§,
01, 02, and Oz. The sampling frequency was set at 1 KHz.
The mastoid signal average was used as a reference. The
experiment was performed in strictly controlled conditions.
The room was illuminated by a white neon lighting, with
a power of 50 lumens, equally distributed. Subjects were
asked to sit on a comfortable chair at a fixed distance of 70
cm from a screen configured with maximum brightness.

2.2 EEG pre-processing

The raw EEG recordings were processed using MATLAB
and the EEGLAB toolbox [66]. First, we implemented an
efficient pre-processing scheme to discard corrupted and
noisy data, made up of the following stages: data filtering,
head/body movement artefact detection and removal, eye
blink artefact detection and removal and interpolation of
corrupted channels. Afterwards, we computed a spectral
and functional connectivity analysis.

2.2.1 Data filtering

The out-of-band noise that affected the raw EEG data were
reduced applying a 6'"-order bandpass infinite impulse
response filter with a passband from 1 to 45 Hz.

2.2.2 Head/body detection and removal

The EEG signals of all channels were divided into 4s
epochs and their amplitude distribution was calculated. Af-
terwards, we cautiously excluded the epochs above the 95th
percentile due to possible contamination related to head
and/or the body movement artefacts [67]. As a validation
of this automatic process we performed also a further visual
inspection.

2.2.3 Eye artefacts detection and removal

To detect possible eye blink artefacts, we calculated sliding-
window cross-correlation to estimate time-varying correla-
tions between the frontal electrodes and the electrooculo-
gram. Values above a specific threshold, calculated using
phase-randomised surrogated data [68], suggested the pres-
ence of possible eye artefacts. When these fluctuations above
the correlation threshold lasted more than 70 ms and coin-
cided with an amplitude of the frontal EEG channels above
50uV they were definitely considered as ocular artefacts.
Also in this case, the epochs containing such artifacts were
eliminated after a further visual inspection [69].

2.2.4 Interpolation of corrupted channels

In case of corrupted channels, EEG signals show a high-
frequency noise and several unexpected events [66]. To
detect EEG-corrupted channels, we considered a 3D-space
whose axes were the second, third, and forth central mo-
ments. The good EEG channels were commonly clustered
together, whereas the corrupted ones drifted apart in differ-
ent directions according to their artefactual nature [67]. Out-
liers (i.e., values whose distance from the cluster centroid
was greater than twice the interquartile range for at least
one dimension) were identified as corrupted channels and,
after confirmation through visual inspection, replaced with
interpolated data. Of note, among the 19 selected channels
of all subjects only the 1.67 % of them were replaced.

2.3 Spectral Analysis

An EEG spectral analysis was performed to calculate the
power spectral density (PSD) of each time-series, consider-
ing the classical frequency bands: 6 [4—8 Hz), a [§—14 Hz),
8 [14—32 Hz) and v (> 32 Hz) [67]. PSD was estimated
through Welch’s method [70] averaging the power spectra
calculated in moving time windows of 4 s with 75% (3 s) of
overlap aiming at decreasing the PSD variance.

2.4 EEG functional connectivity analysis

The functional connectivity analysis was performed measur-
ing the phase synchronization for each pair of channels in
each frequency band using the mean phase coherence index
(MPC) [71].

R? = E[cos(A¢)]? + E[sin(Ag)]? 1)

Where R represents the MPC; A¢ is the relative phase dif-
ference between two channels derived by the instantaneous
difference of the analytic signals from the Hilbert transform,
and F is the expectation operator. MPC values can oscillate
between 0 and 1. The MPC is close to 1 when a strong phase
synchronization exists between two channels. Alternatively,
MPC is close to 0 if the two channels are not synchronised.

2.5 Statistical analysis and classification procedure

For both the power spectrum and MPC values of each elec-
trode we assessed statistical differences between the pleas-
ant and unpleasant sub-sessions. More in detail, we used a
non parametric Wilcoxon test for paired samples [72] with
Holm-Bonferroni-correction for multiple testing. A non-
parametric test was necessary due to the non-gaussianity
of the data as ascertained by the Kolmogorov-Smirnov test
(p < 0.05).

In addition, as regards the functional connectivity anal-
ysis, we performed also a Friedman test for each electrode
pair to study the differences of the MPC values among the
four positive and four negative arousal sub-sessions We also
performed two separate analyses for the two valence levels.
Each Friedman p-value correspondent to each electrode pair
reported if there was, at least, one significant change among
the four positive and four negative arousal sub-sessions.
Moreover, a post-hoc test using the Bonferroni adjustment
was conducted to investigate all the pairwise comparisons
among the four arousal sub-sessions.

Finally, we implemented a classification procedure to
automatically identify the positive and negative valence
stimuli. We considered sixteen different input datasets in
order to analyze the effect of the four arousal levels and four
EEG bands on the recognition accuracy. For each dataset, to
reduce the risk of overfitting, the dimension of the feature
space was reduced through an unbiased dimensionality re-
duction strategy. More in detail, the power estimated within
each EEG band and each arousal level (i.e. sixteen feature
sets) were taken as input of a KNN classifier, which was
validated through a leave-one-subject-out (LOSO) cross val-
idation. Specifically, each training set comprised data from
(N —1) subjects, where N is the total number of participants,
and was used to recognize the emotional valence of the Ny,
left-out subject. This procedure was iterated IV times.



KNN has been chosen because it is one of the most pop-
ular algorithms for pattern recognition. It is a simple super-
vised memory-based algorithm, and makes no hypothesis
about the distribution of its free parameters, while requiring
no model to be fitted [73]. Many researchers demonstrated
that the KNN classifier achieves very good performance on
different applications [74]-[77]. Furthermore, the rationale
that underlies the KNN leads to alleviate the curse of
dimensionality by reducing the less significant dimensions
of the feature space [78]. Of note, a disadvantage concerns
the computation requirement, which is not relevant for this
study.

As mentioned before, within the LOSO scheme, we
applied a dimensionality reduction process for each input
dataset, considering only the electrodes that showed a sig-
nificant difference between the positive and negative stimuli
in the training set. Alternatively, the principal component
analysis (PCA) is applied to the training set and the two
principal components were selected in case no electrodes
showed significant differences. The PCA transformation
matrix is then applied to the test set.

Moreover, the input data matrix was transformed in a
within-subject rank matrix based on the Friedman statistical
test, i.e., the feature vectors from a given subject were
transformed into ranks. More specifically, the examples rel-
ative to a single subject for each feature were transformed
in ranks. Fig. 2 shows a block diagram of the proposed
recognition system.

The accuracy results of the validation process are pre-
sented in the manuscript through confusion matrices [79].
The percentage value in the cell ¢;; represents the rate
of how many observations of the class ¢ are classified as
belonging to class j. Accordingly, matrices with high values
along the diagonal show a highly accurate classification
output.
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Figure 2. Overall block scheme of the proposed arousal and valence
recognition system. The EEG is processed to extract the spectral com-
ponents using the Welch algorithm. According to the protocol timeline,
the spectral results are statistically compared and transformed in within-
subject rank matrices after a dimension reduction procedure, applied on
at each iteration, on the training set. The KNN classifier was engaged
to perform the pattern recognition by adopting a leave-one-subject-out
procedure.

3 EXPERIMENTAL RESULTS
3.1 Statistical results

3.1.1 Spectral statistical results

Results from statistical analysis between pleasant and un-
pleasant stimuli on spectral quantifiers are shown in Fig.
3 as p-value topographic maps. Each column in the figure
represents one of the four arousing elicitation session (from
AR1 to AR4). Red (blue) areas indicate a significant increase
(decrease) in PSD during the pleasant elicitation with re-
spect to the negative one. Green areas indicate no statistical
difference. Statistical correction for multiple testing was also
applied according to the Holm-Bonferroni [72] procedure.

Focusing on the # bandwidth, the lowest and highest
arousal levels did not present any significant differences
between the positive and negative IAPS stimuli. Instead, the
analysis of the L-M arousal level (AR2) showed a greater
activity during the positive elicitation than the negative one
in the frontal midline area. The occipital right area was
more activated by the negative images. As regards the M-H
arousal level (AR3), a slightly significant increase of the PSD
could be seen in the frontal left region during the positive
valence stimuli.

The o band results showed that we obtained a diamet-
rically opposite behaviour compared to all the other band-
widths. In this case, the statistically significant differences
between the two valence levels only occurred during the
highest and lowest arousal levels of stimulation. The PSD
significantly increased in the parietal midline area during
the negative stimuli when the subjects watched the images
at the lowest arousal level. Meanwhile, an increase of the
negative PSD was shown in the parietal left region for the
highest arousal stimuli.

The valence comparison in the 3 band showed an in-
crease in the frontal right area during the positive stimuli at
arousal 1. The negative stimuli caused a greater activation
of the frontal left area compared to the positive ones when
the arousal level was increased during the AR2 stimulation.
This highly activated area, which was related to the negative
stimulation, migrated and spread to the fronto-polar, frontal
midline and temporal right areas at the AR3 level. The high-
est level of arousal stimulation for § showed no significant
difference between the two valence levels.

Results in the v band showed no significant differences
between positive and negative elicitation during AR1 ses-
sion. Instead, throughout AR2 a strong increase was noted
both in the parietal-occipital lobes and in the frontal midline
and fronto-polar left regions. The trend of spectral differ-
ences in AR2 reversed in AR3. In fact, the frontal left area
(around the F3 electrode) significantly increased its activity
during the negative elicitation wrt the positive one. Like-
wise, also the occipital right region activity increase during
the unpleasant sub-session. Finally, the differences between
the two valence levels were totally suppressed when the
arousal reached the highest level.

3.1.2 Functional connectivity statistical results

As regards the functional connectivity, we report in Fig.
4 and 5 the results of the two proposed analyses.
Concerning the PSD, Fig. 4 shows, for each arousal level,
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Figure 3. P-value maps resulting from the statistical analysis on EEG-PSD estimated from positive (Pos) and negative (Neg) sub-sessions of each
arousal session (AR1-AR4). Each row represent a different frequency band: ¢ (top), o (middle-top), 5 (middle-bottom) and ~ (bottom) band.

functional connections that were significantly different be-
tween pleasant and unpleasant sub-sessions. Red arrows are
associated with a significant increase of the MPC during the
positive valence sub-sessions in comparison with the nega-
tive ones. Meanwhile, the blue arrows indicate a significant
greater activation associated with a negative elicitation as
compared to the positive one.

At the lowest level of arousal (i.e., AR1), for all bandwidths,
we found significant connections associated with both pos-
itive and negative stimuli. Instead, concerning the interme-
diate arousal levels, i.e., AR2 and AR3, the negative stimuli
increased functional connections at the lowest frequencies
(i.e., 6 and «), whereas the positive stimuli increased the
MPC computed at the highest bandwidths (i.e., 8 and 7).
Of note, the AR3 session analysed in vy band was an ex-
ception as no statistically significant variations were found.
As regards the highest arousal level (i.e., AR4), most of
the significant connections were associated with negative
stimuli. Note that the number of significantly synchronised
electrodes strongly decreased for «, 3 and y bands.

Fig. 5 reports the significant changes on the MPC values
among all the positive and negative sub-sessions at different
arousal levels. The Friedman test was performed to show
if there was at least one difference among all the arousal
levels. The related post-hoc test with the Bonferroni cor-
rection highlighted which pair of arousal levels determined
the significant increase or decrease of the MPC value. The
MPC "increase" in the text below referred to the red arrows

that represent a consistent increase with the arousal level
increase. On the contrary, "decrease" referred to the blue ar-
rows that represent a decrease of the MPC value in contrast
with an increase in the arousal level.

Among the pleasant arousing stimulations in 6 band
(Figure 5-A, first line), the significant changes were related
with the connections between the left and right hemi-
spheres, specifically on the frontal, temporal, central, and
parietal regions. Other significant differences occurred be-
tween the parietal midline and occipital electrodes. The
latter significantly changed, and the MPC of the T7-F4 and
Cz-P8 pairs of electrodes decreased when the arousal level
increased. Instead, the MPC of Fp1-C4, F4-P3, and F4-P4
coherently increased when comparing AR1/AR2 and AR4.
We obtained a strong increase of the MPC index on the
unpleasant elicitations (Figure 5-A, second line), which was
consistent with the arousal level between the extreme right
and left frontal electrodes, when comparing AR2 to AR4. A
significant stronger connection was also shown between C4
and P8. The short-range connections Fp2-Fz, Fp2-Cz and P7-
O1 were significantly weaker at an increasing arousal level.

The Friedman test showed a small number of significant
differences between the positive and negative valences con-
sidering the results in the o band (Figure 5-B). Among the
positive stimuli, the post-hoc analysis showed a MPC de-
crease for the short-range connections between Fp2-Fz, F4-
F8 and Pz-O1. Meanwhile, we found a stronger connection
between the temporal left and parietal right regions (T7-
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Figure 4. P-value maps resulting from the statistical analysis on MPC estimated from positive (Pos) and negative (Neg) sub-sessions of each arousal
session (AR1-AR4). Each row represent a different frequency band: 6 (top), « (middle-top), 8 (middle-bottom) and ~ (bottom) band. Red arrows
represent a significant increase in the positive sub-sessions in comparison with the negative sub-sessions. Conversely blue arrows represent a

significant increase in the negative sub-sessions.

P4), between the frontal right and left (F3-F4), and frontal
midline and central right areas (Fz-C4) during arousal 4. As
regards the negative stimulation, the arousal increase only
produced two significant MPC decreases between Fpl-Fz
(comparing AR1 vs AR2) and C3-O1 (comparing AR1 vs
AR3).

The number of significant changes greatly increased for
the higher frequencies. The Friedman test showed many
significant changes in the electrode synchronization on the
whole scalp considering the 8 band (Figure 5-C). On the one
hand, the positive stimuli showed a higher concentration
of arrows around the midline region and the temporal
and parietal right areas. On the other hand, the negative
stimuli showed such in the frontal left area. The highest
arousal level for the positive valence strengthened the syn-
chronizations between the frontal and the parietal areas. In
addition, the MPC decreased with the arousal increase from
AR1 to AR3 and AR4 for the fronto-polar and the occipital
electrodes. A comparison of AR1 and the higher arousal
levels showed a general suppression of the connections
between the frontal and fronto-polar areas for negative
stimulation. Meanwhile, a comparison of AR3 with both
AR1 and AR2 demonstrated that observing a significantly
stronger connection between the temporal left and right
electrodes was possible. Compared with AR1 and AR2,
other stronger connections were found at level AR4 for the
electrode pairs Fz-Cz, Fz-C4, Fp1-P4, T7-P7 and Cz-P7.

The Friedman test showed that most of the significant
changes among different arousal levels on the pleasant elici-
tations in the v band (Figure 5-D) involved short-range con-
nections between the electrodes in the right hemisphere and
both within and between the frontal, parietal, central, and
occipital areas. However, long synchronizations between
Fp2-P4 and F8-O2 were also found. Most of the significant
variations in the negative arousal sessions were in the
left hemisphere, especially in the left frontal channel (F7).
The post-hoc analysis showed that the negative elicitation
brought about weaker connections, except for F7-P3, when
the arousal level was increased. On the contrary, a majority
of significant changes, specifically in the central and frontal
areas, were consistent with the increase of the arousal level,
considering the pleasant stimuli.

3.2 Classification results

Tables 2, 3, 4, and 5 show the classification procedure results
on the four groups of datasets corresponding to different
arousal levels. The recognition accuracy was reported in
the form of a confusion matrix as follows: the closer the
elements on the main diagonal are to 100%, the higher the
degree of the recognition accuracy.

We performed four different classifications of the two
valence levels for each arousal level, separately considering
each of the four bandwidths.
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Figure 5. Significant changes of the MPC in all bands (p-value < 0.05) between the electrodes in the positive (up) and negative (bottom) sub-
sessions. For each sub-figure, the two topographic maps on the left framed by a dotted line represent the Friedman significant results. The other
twelve maps (six for each valence level) show the post-hoc analysis results for all pairs of arousal levels. The blue arrows in the post-hoc analysis
maps represent a significant increase of the MPC in sessions with a lower arousal level. The red arrows represent a significant increase in the
session with a greater arousal level. The results are calculated in the 6 (A), « (B), 8 (C) and « (D) bands.




Table 2

Confusion matrix of the positive vs the negative valence classification
considering the arousal 1 level and each bandwidth feature set.

Table 5

Confusion matrix of the positive vs the negative valence classification
considering the arousal 4 level and each bandwidth feature set.

KNN Band | Positive valence | Negative valence KNN Band | Positive valence | Negative valence

0 86.36 % 90.91% 0 81.82% 86.36%

o 77.27% 27.27% o 68.18% 31.82%
Positive valence B 72.73% 27.27% Positive valence B 45.45% 31.82%

v 54.55% 54.55% v 68.18% 68.18%

0 13.64% 9.09% 0 18.18% 13.64%

e 22.73% 72.73% e 31.82% 68.18%
Negative valence B 27.27% 72.73% Negative valence B 54.55% 68.18%

vy 45.45% 45.45% vy 31.82% 31.82%

Table 3

Confusion matrix of the positive vs the negative valence classification
considering the arousal 2 level and each bandwidth feature set.

KNN Band | Positive valence | Negative valence

0 77.27 % 27.27%

o 68.18 % 59.09%
Positive valence B 81.82% 18.18%

v 86.36% 18.18%

0 22.73% 72.73%

o 31.82% 40.91%
Negative valence B 18.18% 81.82%

Y 13.640/0 81.820/0

Table 4

Confusion matrix of the positive vs the negative valence classification
considering the arousal 3 level and each bandwidth feature set.

KNN Band | Positive valence | Negative valence

0 72.73 % 22.73%

a 50.00% 50.00%
Positive valence B 90.91% 18.18%

v 86.36% 18.18%

0 27.27% 77.27%

e 50.00% 50.00%
Negative valence B 9.09% 81.82%

Y 13.640/0 81.820/0

Considering the data from the lowest level of arousal

stimulation (AR1), the spectral features were able to
recognise the two valence levels with an average accuracy
for each band equal to §=47.72%, a=75% and [3=72.73%
v=50% (Table 2).
The average accuracies for all the bandwidths improved
considering AR2 and AR3, except for the o band. The
classification procedure showed an average accuracy of
0=75.00%, o=54.55%, (3=81.82% and = 84.09%, for the
arousal 2 datasets (Table 3) and an even better accuracy
considering the arousal 3 level: §=75.00%, a=50%, 5=86.37%
and = 84.09% (Table 4). The arousal 4 datasets showed
a strong decrease of the average accuracy as follows:
0=47.73%, 0=68.18%, 3=56.82%, y= 50.00% (see Table 5).

4 DISCUSSION AND CONCLUSION

We investigated the interaction effect between the arousal
and valence perceptions on brain dynamics during a visual
affective elicitation. To this end, we performed a spectral
and functional connectivity analyses on EEG signals from
22 healthy volunteers and using the spectral results to
implement an automatic pattern recognition system. The
experimental protocol comprised four arousing sessions at

an increasing intensity, where the valence levels changed
from unpleasant to pleasant or vice-versa, randomly. Af-
fective visual stimuli were chosen in terms of arousal and
valence from the IAPS database. The PSD and the MPC were
computed within four classical frequency bandwidths (i.e. 0
[4-8 Hz), « [8—14 Hz), 8 [14—32 Hz) and v (> 32 Hz))
after a proper pre-processing. Differently from previous
studies, which commonly considered valence and arousal
along independent axes or combine their values to recognize
discrete emotional states [80], we studied changes in brain
dynamics evoked by pleasant and unpleasant stimuli as a
function of different arousal levels.

Among the multitude of parametric and nonparametric
measures quantifying brain functional connectivity, we ap-
plied the MPC index, which demonstrated good effective-
ness in EEG studies [71], [81], [82]. The statistical analysis
on the MPC results was performed to study the differences
in synchronization dynamics between two electrodes after
positive and negative stimulation at group-wise level. This
method [83] allows for gathering reliable results, less af-
fected by measure-specific parameters and to highlight what
we can define as statistical significant functional connectiv-
ity variations.

Functional connectivity may not underlie anatomical
connection, and yet its very definition has proved to be
problematic [84]. In its most general sense, functional con-
nectivity refers to synchronous patterns in the firing of
different neuronal assemblies. There is no unique inter-
pretation of short- and long-range connectivity. For exam-
ple, in [85] and [86], they found that long-range networks
preferably oscillate at low frequencies, whereas short-range
connectivity is reflected by o or v waves [87]. However,
the possibility that o oscillations may play an important
role for long-range connectivity under different types of
cognitive demands is still open [88]. In this study, § and «
EEG oscillations comprised short- and long-range functional
connectivity whose magnitude increased during unpleasant
emotional elicitation than a positive one (see Fig. 4). On
the other hand, 8 and v EEG oscillations comprised short-
and long-range functional connectivity whose magnitude
increases during pleasant emotional elicitation than a neg-
ative one. In addition, we provided evidence that, both in
the case of pleasant and unpleasant stimuli, increasing of
arousing levels affected short- and long-range functional
connectivity especially in the higher frequencies, i.e., 5 and
« bands. Significant changes involving posterior association
cortices and between the left dorsolateral prefrontal cortex
and posterior regions were found especially after negative



stimuli of different arousing levels (see Fig. 5). Different
arousal levels of positive stimuli, instead, affected changes
of short- and long-range functional connections in the right
hemisphere.

Moreover, the results showed that the short-range con-
nections involving the frontal and parietal-occipital areas
generally became weaker with the increasing arousal for
both positive and negative elicitations. In contrast, the long-
range connections were strengthened by the high arousal
pleasant and unpleasant stimuli, specifically between the
right and left hemispheres in the frontal and temporal
regions and between the parietal and frontal electrodes.

Therefore, the emphasis of long-range connections as
well as the suppression of short-range ones in the frontal
and parieto-occipital areas are a phenomenon related to an
increase of the arousal level for both positive and negative
stimulations. Moreover, the brain hemisphere, where the
changes in the MPC index occurred, may distinguish be-
tween pleasant and unpleasant stimuli for high frequency
oscillations.

The spectral analysis results of the two valence lev-
els were statistically analysed within each arousal session
bandwidth. For each bandwidth, four topographic maps of
p values related to each arousal level specifically showed
significant changes between the pleasant and unpleasant
stimulations.

Focusing on the alpha oscillations (8-14 Hz), a signifi-
cant increase of the PSD occurred during the negative stim-
uli in the parietal-midline at the AR1 level and in the parietal
right electrode at the AR4 level. No significant differences
were found between the valence levels at AR2 and AR3.
These results were in contrast with those related to other
bands. The results for all the other bands indeed revealed
the absence of a few significant changes between pleasant
and unpleasant elicitations when the lowest and highest
arousing levels occurred (i.e. ARl and AR4). Meanwhile,
the valence level changes during the intermediate arousal
sessions (i.e. AR2 and AR3) were associated with significant
variations in the activation of the prefrontal and parieto-
occipital regions.

A greater activation of the frontal midline area in # and ~,
as well as a higher PSD in the parieto-occipital region for the
«v oscillations were related to a positive stimulation during
the AR2 session (i.e. low—-medium arousal sessions). Consid-
ering a further higher arousal elicitation (AR3), an increase
of the power activity of the frontal left area in v and around
the frontal midline and central right regions in 5 were the
indices of an unpleasant stimulation. The perceived valence
changes in arousing sessions 2-3 were associated with the
significant changes in the prefrontal and parieto-occipital
regions [34]. The frontal cortex was often associated with
brain emotion processing driven by inputs from the brain’s
limbic system. In this case, the low—-medium arousal stimuli
favoured the activation of the frontal cortex in response
to pleasant stimulation, whereas the high-medium arousal
stimuli favoured the activation in response to an unpleasant
one. Focusing on 6 band, previous studies showed how
synchronization increases upon presentation of “emotional”
rather than “neutral” stimuli, highlighting a significant role
of the temporal, parietal and prefrontal cortex [89], [90]. In
agreement with these results, we found that a significant

role was played by the frontal and parietal areas for low-
medium arousing stimuli and in the temporal cortex for
medium and high arousing stimuli. Indeed, negative stim-
uli increased synchronizations between the prefrontal and
parietal cortex during AR2 session and over the temporal
lobe during AR3 and AR4 sessions. These latter results may
be in line with [89], in which 6 synchronization activity
reflected differential involvement of the left and right ante-
rior temporal regions in the discrimination between positive
and negative affective valences. Moreover, we found that
an increasing of the arousal level from AR3 to AR4 was
associated with the significant connectivity path due to the
negative stimuli switching from the left to the right temporal
cortex.

Pleasantness and unpleasantness perception produce a lat-
eralized activation of the cortex power, although the current
literature reports controversial findings. There are evidences
supporting the hypothesis that pleasant stimuli induces an
increased EEG activity over the left hemisphere with respect
to the right hemisphere and conversely [91], [92]. On the
other hand, recent studies reported a relatively increased
power for unpleasant stimuli over the left temporal region
with respect to the right and a general laterality shift to-
wards the right hemisphere for positive emotional stimuli
[93]. Other findings suggest also that positive and negative
emotional stimuli involves the same areas as in the left
hemisphere, regardless of the sensory modality [94]. In addi-
tion, a summary meta-analyses on 65 neuroimaging studies
of emotion [95] found no evidence about the overall right-
lateralization of emotional function, and limited evidence
for valence-specific lateralization of emotional activity [95].
Accordingly, our results did not show a strong coherent
lateralization of valence perception between the EEG power
and arousal levels, confirming the difficulty in supporting
one specific hypothesis.

The results of the spectral analysis were also used as
the input of an automatic recognition algorithm. Also in
this case, the accuracy of the classification varied depending
on the bandwidth and the arousal level. The best accuracy
was found considering the middle arousal levels. More-
over, the valence recognition was more accurate considering
the highest frequency bandwidths, i.e. 8 (86.37%) and v
(84.09%). Indeed, the v (> 32 Hz) frequency bandwidth was
considered in the literature as the valence-related band [33],
[41]. Our results were in agreement with a possible non-
linear relation between the CMA dimensions as found in
different experimental protocols [25]. Particularly, according
to the valence U-shape theory [25], our results suggested
that with very high arousing stimuli, the central response
to both positive and negative stimulation did not differ in
terms of PSD as opposed to intermediate arousal.

Of note, results on the v band could be affected by
possible electromyogenic (EMG) contamination. Previous
studies showed that even for electrodes located at a rela-
tive distance from the cranial muscles, the normal resting
EEG shows significant contamination with EMG activity
[96], [97]. Moreover, filtering as well as ICA-based methods
could not be effective for this kind of artefacts [97]. In
order to reduce this possible contamination, the experiment
was performed in extremely strict controlled cnditions. The
subjects were comfortably seated with a neck support, and



the dedicated channels of the Geodesic system to moni-
tor the electromyographic signal. In addition, our analysis
focused on differences between two emotional conditions.
Assuming the possible EMG contamination as a background
in the high frequency spectra, this differential analysis should
further reduce the effect of EMG artefact on our results.

The present study was limited due to the fixed session
sequences that could confound the arousal perception (es-
pecially for the first and forth levels) and, consequently,
also the arousal-valence interaction. However, being our
analyses focused on discriminating between positive and
negative stimulation, the randomization of valence sub-
sessions reduced the effect induced by the order of stimulus
presentation. To further mitigate this limitation, a neutral
session was used to separate the arousal blocks and bring
the subject back to the baseline condition.

In summary, we investigated the role of valence percep-
tion in modulating brain dynamics across different arousal
levels. To this end, we studied EEG power spectra and
functional connectivity during visual emotional elicitation.
Results show that emotional stimuli at intermediate arous-
ing level affect brain dynamics in the v band, especially in
the frontal area, being particularly driven by positive stimuli
at arousal level 2 and by negative ones at arousal level 3.
This switching mechanism needs to be further investigated
in future endeavours aimed to uncover cortical correlates
of valence perception in humans. On the other hand, no
significant differences were found between pleasant and
unpleasant stimuli at the lowest and highest arousing levels.
At a speculation level, the AR1 negative and positive images
were possibly not arousing enough to be processed in an
"affective way". Instead, the cortical affective processes at
a very high arousal level (i.e. over a certain threshold;
in this case, over AR3 level) were frozen because of the
flood of emotional responses, which might mask underlying
differences in cortical affective processes. Note also that,
despite some limitations related to the stimuli presenta-
tion order along the arousal dimension, our results are in
agreement with previous evidences linking brain dynamics
and emotional valence [98]. In conclusion, our results raise
concerns on the CMA regarding the valence and arousal
dimension orthogonality, which is often assumed a-priori.
Future works will be forward on the prediction of SAM
scores regressing out EEG-derived metrics, as well as to the
investigation of the role of gender in emotional processing.
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