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Abstract: Affective brain–computer interfaces have become an increasingly important topic to achieve emotional
intelligence in human–machine collaboration. However, due to the complexity of electroencephalogram (EEG)
signals and the individual differences in emotional response, it is still a great challenge to design a reliable and
effective model. Considering the influence of personality traits on emotional response, it would be helpful to
integrate personality information and EEG signals for emotion recognition. This study proposes a personality-
guided attention neural network that can use personality information to learn effective EEG representations for
emotion recognition. Specifically, we first use a convolutional neural network to extract rich temporal and regional
representations of EEG signals, and a special convolution kernel is designed to learn inter- and intra-regional
correlations simultaneously. Second, inspired by the fact that electrodes within distinct brain scalp regions play
different roles in emotion recognition, a personality-guided regional-attention mechanism is proposed to further
explore the contributions of electrodes within a region and between regions. Finally, attention-based long short-term
memory is designed to explore the temporal dynamics of EEG signals. Experiments on the AMIGOS dataset, which
is a dataset for multimodal research for affect, personality traits, and mood on individuals and groups, show that
the proposed method can significantly improve the performance of subject-independent emotion recognition and
outperform state-of-the-art methods.
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1 Introduction

Emotional intelligence (EI) is an important part
of human intelligence, and involves the ability to
monitor one’s own and others’ feelings and emotions,
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discriminate among them, and use this information
to guide one’s thinking and actions (Salovey and
Mayer, 1990). EI plays an important role in making
artifact machines have human intelligence, and based
on the way human–machine interaction largely imi-
tates human–human interaction (Picard et al., 2001).
Emotion is one of the most important cognitive ac-
tivities in human beings, and adopting this cognitive
ability into intelligent machines can enrich and facil-
itate the collaboration between human and machine.
In this context, the ability to identify emotion is one
of the hallmarks of EI (Maaoui and Pruski, 2010).
Therefore, the research on identification of human
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emotional states is one of the hot spots in the field of
human–machine collaboration. Emotion recognition
has been widely used in various areas, such as health
care (Alhussein, 2016; Shen J et al., 2022) and music
recommendation systems (Ayata et al., 2018).

The emergence and development of brain–
computer interfaces (BCIs) provide an effective
method for computer to perceive mental states of
human. BCIs consist of the technology that converts
signals generated by brain activity into control sig-
nals for external devices without the participation of
peripheral nerves or muscles (Wolpaw et al., 2002).
With the advent of BCI research, the idea of affec-
tive BCIs which decodes emotional experience from
brain signals arose (Mühl et al., 2014). Affective
BCI is a technology that is able to detect, influence,
and stimulate affective states, and can be used to
modify human–computer interaction (Steinert and
Friedrich, 2020). Electroencephalogram (EEG) is
collected using several electrodes located on the sur-
face of human head, reflecting the potential neural
activity directly (Ding et al., 2020). Compared with
other behavioral signals, such as facial expressions
and speech, EEG signals reflect changes in the cen-
tral nervous system during human emotional expres-
sions (Alarcão and Fonseca, 2019), and provide re-
liable information for emotions compared to visual
cues and audio cues (Shu and Wang, 2017). In addi-
tion, the use of EEG is noninvasive, fast, and inex-
pensive, and it is neither painful nor uncomfortable
making EEG a preferred method for studying brain’s
responses to emotional stimuli (Niemic, 2002).

Traditionally, most emotion recognition meth-
ods extract hand-crafted features from EEG signals
and apply supervised machine learning methods to
classify different emotional states. For example, Mo-
hammadi et al. (2017) extracted entropy and energy
features from five frequency bands and then used K-
nearest neighbor (KNN) and support vector machine
(SVM) to detect emotional states. Lan et al. (2016)
combined higher-order crossings (HOC) and statis-
tical features and used SVM to classify emotions.
Bhardwaj et al. (2015) extracted power spectral den-
sity (PSD) and energy features and then fed them
into SVM and linear discriminant analysis (LDA)
classifiers. Duan et al. (2013) extracted differential
entropy (DE) features from five frequency bands and
proved that DE features perform better than tradi-
tional frequency-domain features. However, hand-

crafted feature engineering is usually complicated
and time-consuming. Moreover, such methods rely
heavily on domain knowledge (Zhang DL et al.,
2018), thus lacking the ability to mine useful latent
hand-crafted features.

Recently, with the great success of deep learn-
ing in different fields (He et al., 2016; Vaswani et al.,
2017), many researchers have introduced deep learn-
ing methods into EEG-based emotion recognition.
Yang et al. (2018) constructed two-dimensional (2D)
representations of EEG signals and applied a paral-
lel convolutional recurrent neural network (CRNN)
for emotion recognition. Li X et al. (2016) encapsu-
lated EEG signals into grid-like frames and fed them
into a hybrid deep learning model that combines the
convolutional neural network (CNN) and RNN. Al-
hagry et al. (2017) proposed a deep learning method
to recognize emotion from raw EEG signals, which
used long short-term memory (LSTM) to learn fea-
tures from EEG signals and used the dense layer to
classify these features. Wen et al. (2017) rearranged
the original channels of an EEG using Pearson corre-
lation coefficient, and the rearranged EEGs were fed
into the CNN.

Although numerous EEG-based emotion recog-
nition methods have made tremendous progress in
recent years, it is still a complex problem because of
diverse open challenges. First, emotion is a highly
subjective psychophysiological process, which is of-
ten associated with psychological and demographic
factors, such as personality, gender, and age. Kehoe
et al. (2012) demonstrated several relationships be-
tween personality and emotional processing. Fossum
and Barrett (2000) found that personality character-
istics of neuroticism and extraversion are associated
with the experience of negative and positive emo-
tions, respectively. Thus, it would be better to in-
corporate these factors into affective BCIs. Second,
neurological studies have shown that the activities
in different brain regions are obviously different dur-
ing emotion expression, and that these activities are
related mainly to a variety of brain regions (Etkin
et al., 2011; Kragel and LaBar, 2016). In addition,
many studies have found differences in electrodes’
activities between people with different personalities
(Zhao GZ et al., 2018b). Extraversion was predicted
to be associated with great activities of electrodes
within the relative left frontal region and increased
activities of electrodes within the right posterior
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region, and introversion was associated with great ac-
tivities of electrodes within the relative right frontal
region and decreased activities of electrodes in the
right posterior region (Schmidtke and Heller, 2004).
Consequently, exploring the differences in electrode
activities effectively would be helpful to improve the
performance of emotion recognition.

Motivated by neurological findings and remark-
able success achieved by recent deep neural networks
(DNNs), we propose a CRNN with personality-
guided attention mechanism (PA-CRNN) for EEG-
based emotion recognition. By integrating person-
ality factors and EEG signals, the proposed method
can not only incorporate personality factors to learn
high-level-region representations, but also promote
the learning of rich and discriminative representa-
tions for emotion recognition. To be specific, PA-
CRNN combines attention-based CNN and RNN to
explore the complex relations of electrodes within
distinct brain scalp regions in the CNN and ex-
tract discriminative representations in the RNN. A
novel personality-guided attention mechanism is pro-
posed to use personality information to guide at-
tention mechanisms in CNN and RNN. The pro-
posed method is evaluated on the AMIGOS dataset
which is publicly available, and empirical evaluations
demonstrate that PA-CRNN outperforms state-of-
the-art methods.

The main contributions of this paper are sum-
marized as follows: (1) We explore other possible
factors that cause significant changes in EEG sig-
nals during emotion recognition, especially personal-
ity, and show their effectiveness in further strength-
ening EEG feature extraction. (2) We propose a
personality-guided attention mechanism to exploit
regional and temporal information of EEG signals,
to extract discriminative and informative represen-
tations during emotion recognition. (3) By con-
ducting visual analysis of attention weights, we
demonstrate that the proposed model has admirable
comprehensibility.

2 Related works

2.1 Functional differences in brain scalp
regions

Neuroscience research has shown that different
brain regions have specific functionalities while co-

ordinating together to accomplish various tasks, and
that the specific contributions of different brain re-
gions to classification may change due to the learn-
ing of different tasks (Zhang YH et al., 2017). In
this context, Chen et al. (2019) divided EEG elec-
trodes into several regions and proposed a new form
of connectivity matrix based on the division to adapt
the concept of the convolution operation of the CNN
for attention deficit hyperactivity disorder (ADHD)
studies. Zhang XW et al. (2022) integrated eye
movement information into EEGs, divided electrodes
into groups, and then used group-sparse canonical
correlation analysis (GSCCA) to investigate group
structure information. Recent studies have found
that humans’ emotional response is closely related
to some regions of the cerebral cortex (Lotfi and
Akbarzadeh-T, 2014). Due to the different contribu-
tions of electrodes within distinct brain scalp regions,
exploiting the spatial and topographical information
of EEG signals to improve classification performance
is an attractive and promising solution. Cui et al.
(2020) used one-dimensional (1D) convolution lay-
ers to learn time–frequency representations and used
2D convolution layers to capture regional informa-
tion among physically adjacent channels; meanwhile,
their study took the asymmetry property of emotion
responses into account using the asymmetric feature
extractor. However, there are still no physiological
explanations for 2D convolution. Li Y et al. (2022)
adopted a bidirectional LSTM (BiLSTM) network
to capture intrinsic spatial relationships of EEG elec-
trodes; then, a region–attention layer was introduced
to learn a set of weights to strengthen or weaken the
contributions of electrodes in one brain region, but
they needed to extract a set of hand-crafted features
first. Different from these methods, we devise a novel
attention-based network to automatically and simul-
taneously learn the inter- and intra-regional relation-
ships of EEG electrodes.

2.2 Influences of different factors on emotion

Emotional experiences can be influenced by peo-
ple’s psychological and demographic factors, such as
personality, age, and gender (Orgeta, 2009; Chap-
lin, 2015; Chevalier et al., 2015). By taking age and
gender into account, Rukavina et al. (2016) demon-
strated that their approach can lead to an improve-
ment of emotion recognition accuracy. Personality
can be described by the “Big-Five” factor model
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according to five traits, namely, extraversion, neu-
roticism, agreeableness, conscientiousness, and open-
ness (Perugini and Di Blas, 2002). Relationships
between personality and emotion have been studied
extensively. Zhao GZ et al. (2018b) recognized an
individual’s personality traits by analyzing brain ac-
tivity when he/she watched a series of emotional film
clips. Using functional magnetic resonance imaging
(fMRI) in a group of women, Kehoe et al. (2012)
investigated the relationships among extraversion,
neuroticism, and emotional perception. Larsen and
Ketelaar (1991) proved that extraverts and neurotics
are differentially sensitive to stimuli that generate
positive and negative affect, respectively. Accord-
ingly, research on emotion can take advantage of in-
dividual differences in sensitivities to situational cues
and predispositions to emotional states (Revelle and
Scherer, 2009). However, how the information from
these factors is being fit as a feature for the classi-
fiers and how the classifiers are being designed are
important to capture the correlations between them
(Martínez-Tejada et al., 2020).

Fiterau et al. (2017) proposed a method named
ShortFuse, which incorporated demographic factors
into the model via weights that were shared across
the temporal domain. Zhang XW et al. (2020) inte-
grated gender and age into a 1D CNN via an atten-
tion mechanism, which could prompt the 1D CNN
to explore the complex correlations between EEG
signals and demographic factors for the detection of
depression, and the results showed that their method

is superior to the unitary 1D CNN without gender
or age. Zhao SC et al. (2018) proposed to recognize
personalized emotions by jointly modeling personal-
ity and physiological signals in a hypergraph learning
framework.

3 Methodology

Consider an EEG trial X ∈ R
E×T , where E

is the number of EEG electrodes and T is the
number of time points. First, the sliding window
method is applied to split the EEG trial into sev-
eral temporal slices. Suppose that an EEG trial
X = [x1,x2, · · · ,xn] contains n temporal slices,
where xi ∈ R

E×L and L is the length of a tem-
poral slice. The training set Φ =

{
X(i)

}N

i=1
contains

N EEG trials; each EEG trial X(i) corresponds to a
label yi, where yi ∈ {1, 2, · · · , C} and C is the num-
ber of class labels. Our goal is to learn discriminative
EEG features and use these features to classify differ-
ent emotional states. The overview of the proposed
approach is given in Fig. 1, and details of each tech-
nical component are described in the subsections.

3.1 Brain scalp regions

First, the divisions of the brain scalp and the
groups of EEG electrodes are introduced for pre-
senting the proposed approach. Generally, an EEG
records electrical activities of cerebral cortical neu-
rons near the scalp through multiple electrodes. The
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Fig. 1 Flow diagram of our model
(1) Temporal and regional encodings (yellow) first use temporal convolution to extract temporal representation qi from
each EEG slice xi. Then, electrode division is applied to organize electrodes into categories according to their locations.
Next, regional convolution is used to extract regional representation hi, which can simultaneously explore inter- and
intra-regional correlations of electrodes. (2) Personality-guided attention mechanism (green) includes regional attention
and temporal attention, which can explore attentive regional and temporal dynamics by integrating the personality
factor. (3) Finally, feature vectors will be fed into one fully connected layer for emotion recognition (red). EEG:
electroencephalogram; LSTM: long short-term memory. References to color refer to the online version of this figure
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electrodes are usually embedded in electrode caps
and placed in accordance with the International 10–
20 System. According to the EEG electrode division
(Zhang YH et al., 2017; Chen et al., 2019; Zhang T
et al., 2020; Ding et al., 2021; Zhang GH et al., 2021;
Barkana et al., 2022; Li Y et al., 2022), we group
EEG electrodes into seven regions to explore the re-
lationships of electrodes within distinct brain scalp
regions. Specifically, the brain scalp is divided into
seven topographical regions of interest (ROI): left
frontal, left temporal, left occipital, right occipital,
right temporal, right frontal, and parietal regions.
The standard EEG electrode placement and parti-
tion of the scalp are shown in Fig. 2.
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Fig. 2 An illustration of the divisions of the 32 EEG
electrodes based on the International 10–20 System
The numbers 1, 2, 3, 4, 5, 6, and 7 represent the left frontal,
left temporal, left occipital, right occipital, right temporal,
right frontal, and parietal regions, respectively

3.2 Temporal and regional encodings

Due to the powerful learning ability of CNN
and the characteristics of EEG signals, multiscale
1D CNN is used to extract potential representations
of each EEG electrode only in the time dimension.
The multiscale kernel size depends on the EEG sig-
nal sampling rate. From the frequency perspective,
setting the length of the temporal kernel at half the
sampling rate allows for capturing frequency infor-
mation at 2 Hz and above (Lawhern et al., 2018).
In addition, many studies have shown that emo-
tional states are more related to high frequency of

EEG signals (Alarcão and Fonseca, 2019). There-
fore, the multiscale kernel size is set to different ratios
of the EEG sampling rate to learn more diverse high-
frequency representations. The ratios in this work
are 0.5, 0.25, and 0.125. From the time perspec-
tive, a small-size kernel can learn short-term tem-
poral information, and a big-size kernel can extract
long-term temporal information. Formally, given an
EEG trial X = [x1,x2, · · · ,xn], each temporal slice
xi will be operated by consecutive convolution with
multiscale kernels, and the exponential linear unit
(ELU) is used as the activation function, which can
result in superior performance for several existing
CNN models of EEG signals (Schirrmeister et al.,
2017; Lawhern et al., 2018; Waytowich et al., 2018;
Farahat et al., 2019; Ma et al., 2021). Then, average
pooling is applied to reduce the feature dimension
and prevent overfitting. Let qi denote the output of
the convolution operation of the ith slice. Then, this
whole process can be expressed as follows:

qi = Avgpool(ELU(Conv(xi))), (1)

where qi ∈ R
F×E×M , F is the number of temporal

filters, E is the number of electrodes, and M is the
output length after convolution. Then, the generated
temporal representation Q = [q1, q2, · · · , qn] is used
as the input to the regional convolution layer.

Inspired by the previous psychophysiological
study (Ding et al., 2022), 1D convolution is used to
automatically capture the correlations of electrodes
between different scalp regions and ultimately gener-
ate regional representations. To this end, the order of
EEG electrodes should be carefully arranged accord-
ing to their different locations in brain scalp regions,
and electrodes in the same region should be arranged
together. In this study, all electrodes are rearranged
into seven regions, as shown in Fig. 2. Then, 1D
convolution is performed on the arranged temporal
features in the electrode dimension to learn regional
information; the kernel size and convolution step are
set to (r, 1), where r is the maximum number of elec-
trodes in all brain scalp regions. Because the number
of electrodes in each region is different, we add elec-
trodes with zero values for some regions to ensure
the same size. This setting of 1D convolution can
simultaneously learn inter- and intra-regional cor-
relations by sharing the convolution kernel. Let
Q′ = [q′

1, q
′
2, · · · , q′

n] be the regional convolution
layer input, where q′

i ∈ R
F×E′×M and E′ is the
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number of electrodes after rearranging and adding
values. After specific designed convolution, the re-
gional representations of each slice are as follows:

hi = Avgpool(ELU(Conv(q′
i))), (2)

where hi ∈ R
K×N×M , K is the number of regional

filters, and N and M are the height and width of
the features, respectively. In addition, N is the
same size as the number of brain scalp regions.
The final encoded temporal-regional representation
H = [h1,h2, · · · ,hn] is fed to the personality-guided
regional-attention layer.

3.3 Personality-guided regional-attention
encoding

In the emotion recognition process, not all elec-
trodes contribute equally to the classification task.
To further explore the correlations between activi-
ties of regional electrodes and people with different
personalities, the multi-dimensional self-attention
mechanism (Shen T et al., 2018) is integrated into the
model to learn attention weights for all regions. The
attention weights denote the degrees of contribution
of different regions in the emotion recognition pro-
cess. Different from traditional self-attention mech-
anisms, which compute only a single scalar score
for each input, multi-dimensional self-attention com-
putes a feature-wise score vector for each input, so
it can select the features that have more specific
meaning.

As shown in Fig. 3, we first permute each slice
representation hi to h′

i ∈ R
N×(K×M). Thus, we

can obtain every regional representation of each slice
rik ∈ R

(K×M)×1 (k = 1, 2, · · · , N), which denotes
the kth regional representation of the ith temporal
slice and is a row of h′

i. Then, we concatenate
rik and the personality vector and obtain r′

ik ∈

N
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Fig. 3 An illustration of the personality-guided
regional-attention mechanism
“⊗” and “⊕” denote the element-wise product and element-
wise summation, respectively

R
(K×M+5)×1, which can let personality information

guide the attention process and generate more in-
formative regional representations. The personality-
guided regional-attention mechanism can be formal-
ized as follows:

r′
ik = [rik;p], (3)

μik = tanh(W 1
r r

′
ik + b1r ), (4)

αik =
exp(W 2

r μik)
∑N

k=1 exp(W
2
r μik)

, (5)

ci =

N∑

k=1

αik ⊗ rik, (6)

where p represents the personality vector, “ [·]” stands
for the concatenation operation, and “⊗” stands for
the element-wise product. Here, the personality-
guided attention mechanism can be regarded as a
two-layer neural network. The hidden representa-
tion of r′

ik is computed through one fully connected
layer to obtain μik. Then, we compute the weight of
the kth regional representation and obtain a normal-
ized weight αik via softmax activation. Finally, we
calculate the sum of all regional representation vec-
tors weighted by their attention weights to obtain
ci, which is the uniform representation of all N scalp
regions. W 1

r , b1r , and W 2
r are the regional-attention

parameters that are randomly initialized and jointly
learned during the training process. The final en-
coded uniform representation C = [c1, c2, · · · , cn] is
used as the input to the personality-guided temporal-
attention layer.

3.4 Personality-guided temporal-attention
encoding

The personality-guided temporal-attention
layer consists of a two-layer LSTM and a personality-
guided self-attention mechanism. LSTM network
has been successfully used to capture the long-
term temporal dynamics of sequences (Rao et al.,
2021; Xu et al., 2021). We construct a two-layer
LSTM to discover the temporal dynamics of different
encoded EEG temporal slices. The output of the
LSTM network is denoted as Z = [z1, z2, · · · , zn],
where zi ∈ R

l represents the LSTM’s hidden state
of the ith temporal slice and l is the dimension of
the hidden state for each LSTM unit.

Because people with different personalities have
differences in emotional expressions (Fossum and
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Barrett, 2000; Vuoskoski and Eerola, 2011; Furnes
et al., 2019), personality-guided self-attention is
adopted to extract discriminative temporal represen-
tations, which integrate personality factors to com-
pute weights for each EEG temporal slice to explore
the intrinsic importance of each slice. We concate-
nate the hidden state outputs and the personal-
ity vector to compute the attention weights. The
personality-guided self-attention for LSTM can be
formalized as follows:

z′
i = [zi;p], (7)

βi = tanh(W 1
t z

′
i + b1t ), (8)

γi =
exp(W 2

t βi)∑n
i=1 exp(W

2
t βi)

, (9)

v =

n∑

i=1

γi ⊗ zi, (10)

where βi is a normalized weight via a softmax ac-
tivation, and v is the uniform representation of the
whole slices that is computed by the sum of all hidden
states weighted by their attention weights. W 1

t , b1t ,
and W 2

t are the temporal-attention parameters that
are randomly initialized and jointly learned during
the training process.

The ultimate representation v of EEG signals
will be classified using a fully connected hidden layer
with softmax activation, and the cross-entropy error
loss over all labeled samples is evaluated as

L = −
∑

i

Ŷi logPi, (11)

where Ŷi is the ground-truth label and Pi is the pre-
dicted result.

4 Experiments

4.1 Dataset

To verify the effectiveness of the proposed
method, extensive experiments were conducted on
the AMIGOS dataset (Miranda-Correa et al., 2021).
This dataset contained only 14 EEG channels, in-
cluding AF3, F7, F3, FC5, T7, P7, O1, O2, P8, T8,
FC6, F4, F8, and AF4. Considering that there were
no electrodes in the parietal region, we grouped these
14 electrodes into six regions, namely, left frontal, left
temporal, left occipital, right occipital, right tempo-
ral, and right frontal. During the experiments, the

signals were recorded from 40 subjects when they
were watching 20 videos, including 16 short videos
that were individually played and 4 long videos in
groups. The participants rated the self-assessment
of arousal, valence, liking, and dominance on a scale
from 1 to 9 after watching a video. The durations
of the videos were 51–150 s (short) and 841–1410 s
(long). Moreover, 5 s baseline data were collected
before each affect video. The Big-Five personality
traits were measured with a Big-Five marker scale
questionnaire (Perugini and Di Blas, 2002), in which
for each personality trait, 10 descriptive adjectives
were rated with a seven-point scale and a mean was
calculated. This study primarily used arousal and
valence dimensions during the experiments, because
these dimensions can effectively represent various as-
pects of emotion. In this study, we divided the data
into two classes (high/low valence and arousal) ac-
cording to the mean value of each dimension and
obtained two binary classification tasks. Details of
the AMIGOS dataset are shown in Table 1.

Table 1 Description of the AMIGOS dataset

Parameter Description

Number of subjects 40
Numbers of videos 16 (short) and 4 (long)
Video duration 51–150 s (short) and

841–1410 s (long)
Self-assessment Arousal and valence
Rating scale 1–9
Recorded EEG signals 14 channels, 128 Hz
Big-Five personality traits Extraversion, neuroticism

agreeableness, openness,
and conscientiousness

Personality trait scale 1–7

4.2 Data preprocessing

In the experiments, we used 16 short videos of
the preprocessed EEG recordings from the AMIGOS
dataset. Data preprocessing consisted of downsam-
pling data to 128 Hz, averaging EEG data to the
common reference, and applying a bandpass fre-
quency filter between 4.0 and 45.0 Hz. Then, we used
the baseline removal method proposed by Yang et al.
(2018) to improve recognition accuracy. After base-
line removal, we partitioned the preprocessed signals
into 20 s nonoverlapping segments for data augmen-
tation. This yielded a final sample of 2127 trials from
36 participants.
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4.3 Implementation details

This work used leave-one-subject-out cross-
validation to evaluate the performances of several
methods for subject-independent emotion recogni-
tion, where one subject was used as the testing set
and the remaining subjects were used as the training
set. The number of temporal slices of an EEG trial
was set to 20, and the length of each slice was 128.
The sizes of the temporal convolution kernels were
1× 64, 1× 32, and 1× 16. The regional convolution
kernel size was set to 3× 1, for which the maximum
number of electrodes in all regions was 3, according
to the location of the 14 electrodes in the AMIGOS
dataset. The number of filters was set to 64, and the
pooling size was 1 × 4 with a stride of 4. In addi-
tion, the number of hidden states in the LSTM was
set to 128. The dropout rate in the fully connected
prediction layer was set to 0.5. Batch normalization
was adopted to reduce internal covariate shift. All
models were implemented with PyTorch framework
and optimized using Adam with the learning rate set
to 0.001.

4.4 Results

In this subsection, we conducted a comprehen-
sive comparison with existing EEG-based emotion
recognition methods in the literature. Meantime, we
carried out ablation studies to verify the necessity of
attention mechanisms in the proposed approach and
compared our method with several state-of-the-art
strategies that incorporating the personality factor
differently. We computed the accuracy, precision,
and F1 score to evaluate the results of all the meth-
ods. In addition, the receiver operating characteris-
tic (ROC) curve and the area under the ROC curve
(AUC) were computed for better comparison.

4.4.1 Performance comparison for different method-
ologies and ablation studies

First, the proposed approach was compared
with several traditional classifiers and deep learning
methods. The traditional classifiers include SVM
with Gaussian kernel and decision tree (DT). Ac-
cording to Duan et al. (2013), we extracted DE
features from the raw EEG signals with respect
to theta (4–7 Hz), alpha (8–13 Hz), beta (14–30
Hz), and gamma (31–50 Hz) frequency subbands
because emotional states are more related to the

high frequency of EEG signals (Alarcão and Fon-
seca, 2019), and then concatenated them as the fi-
nal feature vector of size 56 (4 × 14). Furthermore,
we searched the parameter space [10−2, 10−1, 100,
101, 102] to determine the optimal parameter C

for SVM. In DT, we used the Gini index to mea-
sure the split quality and set the parameters to de-
fault values. The deep learning methods included
CRAM (Zhang DL et al., 2019), EEGNet (Lawh-
ern et al., 2018), and DeepConvNet (Schirrmeister
et al., 2017). CRAM used a CNN to extract spatial
and temporal encodings from EEG signals, and used
a recurrent attention mechanism to discover the at-
tentive temporal dynamics (Zhang DL et al., 2019).
EEGNet used depthwise and separable convolutions
to construct an EEG-specific model that encapsu-
lated well-known EEG feature extraction concepts
(Lawhern et al., 2018). DeepConvNet used tempo-
ral and spatial filters for end-to-end EEG analysis
(Schirrmeister et al., 2017). In addition, we carried
out ablation studies to verify the necessity of atten-
tion mechanisms in the proposed approach. We de-
signed four models to demonstrate the effectiveness
of the personality-guided regional- and temporal-
attention mechanisms. They were CNN-RNN (which
removed both personality-guided regional- and
temporal-attention factors), PACNN-RNN (which
removed personality-guided temporal attention),
CNN-PARNN (which removed personality-guided
regional attention), and A-CRNN (which did not use
personality information).

As shown in Table 2 and Fig. 4, the proposed
PA-CRNN had obvious advantages over existing
EEG-based methods in terms of both arousal and
valence dimensions. First, the proposed PA-CRNN
evidently outperformed recent deep learning meth-
ods (EEGNet, CRAM, and DeepConvNet) and tra-
ditional methods relying on hand-crafted features.
Specifically, in the classification task on arousal di-
mension, the proposed PA-CRNN achieved an im-
provement of 11.1%–16.2% in average accuracy com-
pared with the other methods. Similarly, PA-CRNN
achieved an improvement of 6.8%–13% in average
precision and 7%–14.6% in average F1 score. In
the classification task on valence dimension, the
proposed PA-CRNN improved the average recogni-
tion accuracy by 10.2%–15.3%, average precision by
5.4%–18.8%, and average F1 score by 7.0%–15.7%.
In addition, the results from the paired-sample t-test
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showed that our method was significantly better than
the other EEG-based methods.

Second, we carried out ablation studies to ver-
ify the necessity of each attention mechanism in
the proposed approach. As shown in Fig. 5, the
proposed personality-guided attention mechanism is
able to improve the accuracy remarkably by up to
10% on arousal and 8.9% on valence. This observa-
tion is consistent with previous study results show-
ing that integrating personality factors could con-
tribute to emotion recognition performance (Zhao
SC et al., 2018). PACNN-RNN achieved an improve-
ment of 4.3% and 1.8% respectively, in the accuracy
in comparison with the baseline framework CNN-
RNN on the arousal and valence dimensions, be-
cause personality-guided regional attention further
explores the regional dynamics and extracts more
discriminative regional representations. In addition,
CNN-PARNN improved the accuracy by approxi-

mately 2% on two dimensions compared to CNN-
RNN, because the personality-guided temporal at-
tention extracts attentive information according to
the importance of each time step. A-CRNN im-
proved the accuracy by approximately 5% on two
dimensions compared with the baseline framework
CNN-RNN. Without the guidance of personality
information, A-CRNN still outperformed PACNN-
RNN and CNN-PARNN with the help of regional
and temporal attention modes. Finally, after in-
troducing the personality traits, the prior informa-
tion was used to guide the regional- and temporal-
attention mechanisms, which further improved the
classification performance. This demonstrates that
our approach could extract more discriminative re-
gional and temporal representations by exploiting
both attention mechanisms simultaneously and this
results in better performance.

Table 2 Performance comparison among different EEG modeling methodologies

Model
Accuracy (%) Precision (%) F1 score (%)

Arousal Valence Arousal Valence Arousal Valence

SVM Mean 50.8∗∗ 55.2∗∗ 53.7∗∗ 44.6∗∗ 53.0∗∗ 41.8∗∗

Std 6.5 6.5 13.3 10.8 9.7 10.3

DT Mean 50.0∗∗ 52.1∗∗ 53.7∗∗ 41.8∗∗ 51.0∗∗ 41.2∗∗

Std 7.5 6.3 13.2 13.0 8.5 10.5

DeepConvNet Mean 51.9∗∗ 50.6∗∗ 54.0∗∗ 54.1∗ 58.4∗ 49.9∗∗

Std 11.6 6.7 20.1 18.9 19.1 18.9

EEGNet Mean 55.1∗∗ 50.1∗∗ 57.2∗ 41.4∗∗ 58.6∗ 43.3∗∗

Std 12.6 10.3 15.6 17.3 16.1 16.8

CRAM Mean 50.5∗∗ 50.2∗∗ 51.0∗∗ 40.7∗∗ 53.2∗∗ 43.1∗∗

Std 10.0 10.7 16.3 14.2 15.8 13.9

PA-CRNN Mean 66.2 65.4 64.0 59.5 65.6 56.9
Std 8.5 8.8 8.7 7.7 16.0 13.4

∗ for paired-sample t-test at significance level α = 0.05 and ∗∗ for paired-sample t-test at significance level α = 0.01. Best
results are in bold
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Fig. 4 Comparison of the ROC curves among different EEG modeling methodologies: (a) arousal; (b) valence
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4.4.2 Performance comparison among different in-
corporating strategies of the personality factor

In addition, our approach was compared with
several state-of-the-art strategies for incorporating
the personality factor. For the traditional classi-
fiers, we concatenated DE features and personality
vector as inputs, and used SVM and DT as clas-
sifiers. For the deep learning methods, we com-
pared our incorporating strategy with three state-
of-the-art methods. Fiterau et al. (2017) proposed
ShortFuse, which integrated demographic informa-
tion via convolutions parameterized by the demo-
graphics, where the weights were shared across the
temporal domain of convolutions. van Leeuwen et al.
(2019) proposed a method that concatenated the
age factor with EEG representations generated by
a CNN and fed them into a fully connected linear
layer for classification. Zhang XW et al. (2020) pro-
posed a CNN that integrated gender and age into a
1D CNN via an attention mechanism, which could
prompt the 1D CNN to explore complex correlations
between EEG signals and demographic factors.

As shown in Table 3 and Fig. 6, the proposed
method achieved the best performance compared
with classical methods in terms of both arousal
and valence dimensions. On the arousal dimen-
sion, the proposed PA-CRNN improved the average
recognition accuracy by about 15% in comparison
with the other methods, and improved the average
precision and F1 score by 9.4%–13.1% and 9.4%–
15.4%, respectively. On the valence dimension, the
proposed PA-CRNN improved the recognition ac-

curacy by 10.0%–14.8%, precision by 14.3%–17.5%,
and F1 score by 8.9%–15.0%. According to the re-
sults of paired-sample t-test, our method obtained
statistically significant improvements over the other
methods. Moreover, when compared with the meth-
ods that do not consider personality traits, state-of-
the-art methods with personality traits did not fos-
ter classification performance improvement, or there
was only insignificant improvement. By contrast,
the proposed method consistently achieved stable
and satisfactory performance on both classification
tasks. The results demonstrate the effectiveness of
PA-CRNN, which integrates personality information
and EEG signals via the attention mechanism and
achieves the best performance among all compared
methods.

4.4.3 Visual analysis of regional attention weights

To present the role of personality-guided atten-
tion mechanism intuitively, we depicted the attention
weight distribution over various brain scalp regions
for each Big-Five personality dimension, which can
be used to evaluate the potential dynamic interplay
between personality traits and brain scalp regions
and their contributions to emotion recognition. For
each Big-Five personality dimension, we first selected
subjects whose scores were higher than average value
on the corresponding dimension. Then, the regional-
attention weight vectors of different trials belonging
to the selected subjects on each dimension were av-
eraged to obtain the mean weight vectors of different
personality types for visualization. We plotted the
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Table 3 Performance comparison among different incorporating strategies for the personality factor

Model
Accuracy (%) Precision (%) F1 score (%)

Arousal Valence Arousal Valence Arousal Valence

SVM-P Mean 50.3∗∗ 55.4∗∗ 53.6∗∗ 44.8∗∗ 51.9∗∗ 41.9∗∗

Std 7.5 6.1 14.0 9.9 10.3 10.0

DT-P Mean 51.0∗∗ 51.8∗∗ 54.5∗∗ 42.0∗∗ 50.2∗∗ 42.0∗∗

Std 7.0 6.0 14.2 10.9 10.6 8.7

Fiterau et al. (2017)’s Mean 50.4∗∗ 52.7∗∗ 50.9∗∗ 45.2∗∗ 50.5∗∗ 44.8∗∗

Std 11.6 10.6 20.5 12.7 19.4 15.6

van Leeuwen et al. (2019)’s Mean 51.5∗∗ 50.6∗∗ 54.6∗∗ 43.3∗∗ 56.2∗∗ 48.0∗∗

Std 10.8 9.2 15.2 11.0 14.4 16.8

Zhang XW et al. (2020)’s Mean 50.8∗∗ 52.3∗∗ 53.8∗∗ 43.7∗∗ 52.7∗∗ 47.2∗∗

Std 12.7 9.7 15.3 11.4 14.4 11.2

PA-CRNN Mean 66.2 65.4 64.0 59.5 65.6 56.9
Std 8.5 8.8 8.7 7.7 16.0 13.4

SVM-P: support vector machine with personality factor; DT-P: decision tree with personality factor. ∗∗ for paired-sample t-test
at significance level α = 0.01. Best results are in bold
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arithmetic mean of each regional-attention weight
vector on the corresponding brain scalp region for in-
tuitive interpretations, in which the areas with deep
red color mean significant contributions of the cor-
responding scalp regions. As shown in Fig. 7, peo-
ple with different personality traits present differ-
ent regional-attention weights. On the whole, sub-
jects who reported high levels of extraversion, agree-
ableness, conscientiousness, and openness show more
sharp contrast in attention weights for the arousal la-
bel. For the valence label, a sharp contrast in atten-
tion weights appears in people with higher levels of
extraversion, agreeableness, neuroticism, and open-
ness. This finding is broadly in line with the results
of the analysis about the contributions of EEG data,
age, sex, and personality traits to emotion recogni-
tion processes (Martínez-Tejada et al., 2020). For all

the personality traits, the larger weights are concen-
trated mainly in the left and right frontal regions.
These results are consistent with previous study re-
sults showing that human emotional expression is
closely related to the activities of the frontal cere-
bral cortex and its spatially corresponding electrodes
(Lindquist and Barrett, 2012; Özerdem and Polat,
2017; Barkana et al., 2022; Topic et al., 2022). In ad-
dition, individuals high in extraversion have larger
regional weights in the left and right temporal re-
gions. Higher agreeableness is related with brain ac-
tivity in the occipital regions simultaneously. Higher
conscientiousness varies with brain activity in both
temporal and parietal areas, while higher neuroti-
cism is associated with activities over the left tem-
poral region and left parietal area. For the open-
ness trait, regional weights of the right frontal and
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temporal areas are greater than those of the other
regions, especially for the arousal label. The find-
ings are consistent with several existing study results
demonstrating that each personality trait is strongly
associated with some characteristic brain scalp re-
gions (Kehoe et al., 2012; Zhao GZ et al., 2018b;
Klados et al., 2020; Li WY et al., 2020). Further-
more, it is noteworthy that the attention weights are
significantly asymmetrical between the left and right
hemispheres of brain, which coincides with the con-
clusions in many previous studies that hemispheric
asymmetry of EEG can be used as a sensitive fea-
ture in affective computing and emotion recognition
(Zhao GZ et al., 2018a, 2018b, 2018c; Klados et al.,
2020; Martínez-Tejada et al., 2020; Zhang GH et al.,
2021). In comparison with some methods that treat
all electrodes in the brain scalp regions equally, the
proposed attention mechanism can capture the in-
trinsic spatial relationships of EEG electrodes within
a region and between regions, on the one hand, and
explore the complex relationships between person-
ality traits and scalp regions and their contribu-

tions to emotion recognition task, on the other hand.
The proposed method achieves better performance in
dealing with EEG signals and improves neurophysi-
ological and neurocognitive interpretations further.

5 Discussion

The extensive experiments on AMIGOS dataset
show that the proposed method can effectively in-
tegrate personality traits and EEG signals, and this
model outperforms all the baseline methods. Be-
fore proceeding, it is noteworthy that many previ-
ous studies used the k-fold cross-validation strat-
egy to evaluate the performance of their emotion
recognition methods. In practice, it is more valu-
able to design a robust subject-independent emotion
recognition model. Therefore, we used the leave-one-
subject-out cross-validation method to evaluate the
generalization performance across different subjects
in this study. Due to the impact of individual dif-
ferences, it is still difficult to build a robust subject-
independent model and obtain good results using
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the leave-one-subject-out cross-validation strategy
(Zhang XW et al., 2021). Inspired by the neurophys-
iological and neurocognitive findings, we integrated
personality traits and EEG signals using a multi-
dimensional self-attention mechanism to reduce the
influence of individual differences and learned rich
high-level representations simultaneously. As shown
in Table 2, the proposed method shows significant
advantages compared with classical methods on both
valence and arousal dimensions. The results jus-
tify the important role of personality traits and
the effectiveness of our approach. Such observa-
tions reveal the potential to extract rich EEG fea-
tures for performance improvement through incor-
poration of psychological and demographic factors
into emotion recognition. Nevertheless, as shown in
Table 3, adding personality traits does not improve
classification performance in all cases. Interestingly,
the results are consistent with recent study results
(Martínez-Tejada et al., 2020). It may be owing to
the manner in which the information from the per-
sonality questionnaires is being fit as a feature for
the classifiers and how the classifiers are designed for
emotion recognition (Martínez-Tejada et al., 2020).
In this study, personality traits are used to guide
the regional attention in CNN and temporal atten-
tion in LSTM to promote the learning of rich high-
level representations. The results demonstrate the
effectiveness of the proposed method in integrating
personality traits and EEG signals.

In addition, visual analysis of the attention
weight distribution demonstrates that emotion per-
ception is closely related to the activities of the
frontal cerebral cortex and its spatially correspond-
ing electrodes. Furthermore, stable personality traits
that can influence the precision of an individual’s
emotion processing can be strongly associated with
some characteristic brain scalp regions. These find-
ings can be supported by many existing neurophysi-
ological and neurocognitive studies proving that dif-
ferent personalities could be connected with indi-
vidual differences in brain function (Vuoskoski and
Eerola, 2011; Kehoe et al., 2012; Zhao GZ et al.,
2018b; Klados et al., 2020; Li WY et al., 2020).

Moreover, it can be found that the attention
weights between the left and right hemispheres of the
brain are not symmetrical. For instance, the weights
of the right hemisphere are obviously greater than
those of the left for higher agreeableness on valence,

but for higher neuroticism, the opposite is true. Re-
cently, numerous studies have taken the asymme-
try of information into account in affective comput-
ing and emotion recognition (Zhao GZ et al., 2018a,
2018b, 2018c; Klados et al., 2020; Martínez-Tejada
et al., 2020; Zhang GH et al., 2021). For example,
Li Y et al. (2021) proposed a bihemisphere domain
adversarial neural network (BiDANN) model to ex-
tract asymmetric brain features. In summary, the
proposed method could integrate personality traits
into an EEG deep learning framework in a suit-
able way to achieve personalized emotion recognition
models. By integrating other demographic informa-
tion into the proposed knowledge-guided attention
mechanism, this framework could be verified on other
available benchmark datasets such as DEAP (Koel-
stra et al., 2012) and SEED (Zheng and Lu, 2015),
which are datasets for emotion analysis.

6 Conclusions

In this study, we proposed a novel approach that
considers both regional and temporal information
to learn effective EEG representations for emotion
recognition. To facilitate the learning of regional and
temporal representations, a novel personality-guided
attention mechanism was proposed to combine EEG
signals and personality traits for emotion recogni-
tion. Experimental results showed that the pro-
posed method effectively captures the relationships
between EEG signals and personality traits. The
approach significantly outperformed classical EEG-
based emotion recognition methods, and it was supe-
rior to several state-of-the-art strategies for incorpo-
rating the personality factor. This study facilitates
affective BCIs and takes a step toward the full im-
plementation of EI in machines.
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