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Abstract—Self-prioritisation is a ubiquitous psychological phe-
nomenon which occurs when saliency-related processing is linked
to self-related information compared to other-related informa-
tion. Recent research has identified certain brain regions ac-
tivated during self-saliency processing. However, the dynamic
characteristics of the region connections causing such prior-
itization effects remain unknown. To address this, here we
investigated neural couplings at the whole brain level during
the self-saliency processing when participants carried out a
standardised shape-label matching task widely used to test self-
prioritization effects, while electroencephalogram (EEG) data
were recorded. Behavioural results indicated the presence of the
self-prioritization effect, evident by faster and more accurate
responses to shape-label pairs associated with oneself compared
to those related to a friend or a stranger. We then applied
deep learning models to test and validate the robustness of
the two phases of neural couplings. Specifically, in the early
top-down regulation phase, the analysis based on SqueezeNet
showed higher accuracy performance for the self-related stimuli
compared to stimuli associated with others, but this is not the case
for the later feedforward. Moreover, the deep learning models
performed better in classifying the self-related stimuli in the
early top-down phase than in the later feedforward phase, which
was not detected in classifying stranger-related stimuli. The data
indicated that deep learning networks might offer insights into
psychological functioning that would otherwise be unresolved
using traditional neuroscience methods; as a result, the latter
might aid the development of brain-inspired algorithms for deep
learning.

Index Terms—self-prioritisation, EEG, neural coupling, deep
learning

I. INTRODUCTION

People will show bias when processing information related
to themselves, leading to faster responses and higher accura-
cies for such information compared to other information, so-
called self-prioritisation [1] [2]. One account for such effect
is the integrative self model addressing that self-salience will
enhance through the activation of self-representation and sub-
sequently facilitate the integration of the levels of information
processing [3]. The model has been supported by a wide range
of empirical evidence [4] [5] [6] [7].
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Recent studies have evaluated the neural characteristics
underlying self-saliency processing using neuroimaging tech-
niques [4] [8] [9]. For example, functional magnetic resonance
imaging (fMRI) and EEG have been used to evaluate brain
activities during self-reference, revealing the fundamental neu-
ral features related to self-prioritisation, and quickly trans-
forming self-related information to the improvement of task
performance. Specifically, increased neural activities have been
observed at frontal regions during a number of self-referencing
processing, especially at the medial prefrontal cortex (mPFC)
[10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22]
[23]. There was evidence showing that damaged mPFC will
abolish the self-reference effect [24]. Moreover, some recent
studies have indicated that the activation of self-referential
processing was linked to a specific brain circuit including
the ventral medial frontal cortex and the posterior superior
temporal sulcus [16] [25] [26].

To evaluate the interaction between different brain regions
linked to self-referential processing, functional connectivity
analysis, which refers to statistical dependence between time
series of electro-physiological activities [27], has been exten-
sively applied to neuroscience research, revealing the relation-
ship between self-reference and other psychological effects,
such as emotions and neurological disorders [28] [29] [30].
However, conventional functional connectivity only showed
the relationship between brain regions in terms of frequency
ranges and strength, which causes the limitation in evaluating
functional connectivity for highly dynamic neural activities.
New methodologies have been proposed and applied in the
processing of EEG signals (e.g., time-frequency analysis), as
well as measurements aiming to demonstrate dynamic neural
activities between brain regions (e.g., the imaginary part of
coherency (iCoh) [31]. Time-frequency analysis simultane-
ously extracts components with the interaction between two
signals in temporal, in addition to the detailed connectivity in
different frequency components. Accordingly, dynamic con-
nectivity analysis has recently been applied to evaluate the



dynamic neural mechanisms linked to mental issues and neural
disorders [32] [33] [34] [35].

The present study aimed to apply the dynamic connectivity
analysis to the common self-prioritisation effects. As dynamic
progress, it is important to evaluate how functional connec-
tivity changed over time during self-saliency processing, as
well as the extraction of dynamic neural features linked to
self-saliency processing, which is the first aim of this study.
In the first part of this study, the novel multiple wavelet
transform algorithm, the so-called “Superlet” [36], was used
for time-frequency analysis to previously recorded BioSemi
EEG data during self-saliency processing. Since previous
studies indicated the strongest background neural activities in
the Alpha band [37] [38], as well as the fundamental role of
the Alpha band in visual processing [39], the Alpha band (8 —
12 Hz) was chosen as the featured frequency band for further
time-frequency analysis and neural coupling evaluation.

Even though the relationship between specialised neural fea-
tures and self-referencing processing was indicated in previous
studies, it is still challenging to validate the robustness of
these neural couplings in real data. Therefore, it is necessary
to build up a universal model which can validate the robust-
ness of neural couplings potentially linked to self-referencing
processing in other data. In the second part of the study,
further approaches were applied as the quantification of the
relationship between specific neural coupling features and the
self-prioritisation effect.

Machine learning (ML) can be applied to the further anal-
ysis of EEG data for clinical diagnosis and classification, as
well as exploring the neural mechanisms of neural diseases.
As the novel algorithms of ML, deep learning models have
been extensively applied in bioinformatics and neuroimage
processing for the classification of neural diseases and psy-
chological behaviours [40] [41] [42] [43] [44]. High research
potential and better performance have been observed in the
application of classifying models compared to conventional
ML methods [45]. Thus, deep learning methods provide a
feasible and straightforward way to quantify the relationship
between specialised features of neural couplings and psycho-
logical effects.

Neural coupling features between frontal and occipital ROIs
in the Alpha band derived from time-frequency analysis were
used as training data for constructing automatic classification
models based on the deep learning method. In this study,
assessment models were built based on convolution neural
networks (CNN) using scalogram images of averaging neural
couplings between frontal and occipital regions. The perfor-
mance of fifteen commonly-used CNN models was firstly
compared, then chose SqueezeNet [46], which had the fastest
training speed, to build up automatic classification models
for classifying experimental trials with three matching condi-
tions (Self, Friend and Stranger) and two response conditions
(Matched and Mismatched) between two frontal ROIs (Left
Frontal and Right Frontal) and Occipital ROI using two types
of periods with robust neural coupling features (early top-down
and later feedforward).

II. MATERIALS AND METHODS
A. Participants

Ten pairs of gender-matched close friends (aged 19.9 = 1.7
years; 8 females, 12 males) were recruited to participate in the
experiment. All the participants had a normal or corrected-to-
normal vision. The experiment was approved by the university
ethics committee.

B. Assessment of Neural Couplings during Self-saliency Pro-
cessing

1) Measuring Self-saliency Processing: The degree of in-
dividual self-saliency processing was evaluated by a psycho-
logical procedure [4]. In the experiment, participants were
shown three labels (Self, Friend and Stranger) referring to
three levels of self-related information that were introduced
in the experiment, which were associated with three geomet-
ric shapes (circle, square and triangle). Fig. 1(A) illustrates
the procedure of the experiment. The stimulus, including
a geometric shape and a label of self-related information,
was presented in each trial, followed by an interval with a
fixation. Correct or incorrect associations were shown with
equal probabilities. After the experiment began, participants
were required to judge whether the associations were correct
by pressing different keys (key mapping counterbalanced).
Feedback was provided after the interval period to inform the
participants with their responses. The next trial started after
another 500-ms interval.

The behavioural results showed more accurate responses
to self-related shape-label pairs compared to those related
to a friend or a stranger, as well as faster response speeds
(ps < .003), indicating robust self-prioritisation effects across
participants (see Fig. 1 (B)).

2) Data Preprocessing: A set of 128-channel EEG data
were recorded following the 10-5 electrode nomenclature [48],
with a sampling rate of 512 Hz. EEG was also recorded
from the left and right mastoids for the purpose of offline re-
referencing. The EEG data were re-referenced to the average
voltage at mastoids and segmented the EEG data using a time
window of 3,670 ms which covers from 785 ms before to
2,885 ms after the stimulus onsets. Partial results from -200
ms to 1,100 ms relative to stimulus onsets were selected for
further investigation.

C. Construction of Assessment Models

1) Feature Extraction - Multiple Wavelet Analysis (Super-
let): In the first part of this study, the self-prioritisation effects
in visual associations were investigated from the perspective
of dynamic neural couplings during self-saliency processing.
Wavelet analysis methods allowed us to evaluate how neural
couplings between brain regions changed at various periods
of self-saliency processing. Time-frequency analysis [49] was
applied to EEG data using the method based on continuous
wavelet transform (CWT) [50]. Fig. 1(D) demonstrates the
definition of the Morlet wavelet and the Gaussian window.

Theoretically, a lower number of cycles would give us more
detailed information in temporal, while uncertainty will be
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Fig. 1. (A) Trial sequence in the experiment. (B) Behavioural results in matching tasks. Error bars extend to +SE. Significant main effects were observed
in repeat measured ANOVA model across associations in accuracy (F'(2,38) = 23.37, p < .001) and reaction time (RT) (F'(2,38) = 40.32, p < .001) from
matched trials. (C) Average time-frequency spectrum in the alpha band (8 — 12Hz) across all EEG electrodes from all matching trials and individuals. (D)
The definition of Morlet Wavelet and Gaussian Window. A Morlet wavelet can be defined using a complex sine wave and a Gaussian window [47]. In the
Morlet wavelet function, ¢ is the time in seconds and the f refers to the frequency in Hz. In the function of defining a Gaussian window o, n refers to the
coefficient of the number of cycles.



caused in the frequency domain. In this case, a cross-hatched
U-shaped unavailable area will cover the bottom of the wavelet
spectrograms. To maximise the resolution in both temporal and
frequency domains, a novel time-frequency analysis method
named “Superlet” [36] was applied in the current study to
generate wavelet spectrograms with fewer unavailable areas
because it effectively reduces the impact due to the resolution
differences in time-frequency domains. This method applies
wavelet transform with various numbers of wavelet cycles.
Results from multiple wavelets are then combined to generate
time-frequency results with the maximum resolution.

In this study, the width of the base wavelets was set at
3, as well as the length of the used wavelets in standard
deviations of the implicit Gaussian kernel was set at 3. The
range of frequency from 8 to 12 Hz with 1-Hz steps was
applied in time-frequency analysis to evaluate time-frequency
components and neural couplings in the Alpha band.

Fig. 1(C) illustrates the results of all six conditions, aver-
aging over all EEG electrodes, all experimental trials and all
participants. All matching conditions showed increased brain
activities after the onset of experimental trials in the Alpha
band.

2) Featured Neural Coupling Periods for Self-saliency Pro-
cessing: Further dynamic connectivity analysis was applied in
alpha-band activities (see Fig. 1(C)) aiming to extract featured
brain regions with strong neural couplings potentially linked
to self-saliency processing. The imaginary part of coherency
(iCoh) [31], which reduces the interference of volume conduc-
tion from the EEG data, was calculated as the measurement of
neural couplings between every two EEG electrodes. Further
analysis was based on region-of-interests (ROIs) due to the
dense-array channel setting. The ROIs were selected based on
the averaging neural couplings over the range of 0 — 1,100
ms after the stimulus onsets across all conditions and all
participants. Among a total of 8,128 electrode pairs, 1% of
the electrode pairs showing the strongest neural couplings
(averaged over all experimental conditions) were used to
determine the ROIs.

The electrode pairs having the strongest neural couplings
showed consistent clustering mainly between the lateral frontal
and occipital regions. Accordingly, three ROIs were iden-
tified (see Fig. 2(A)) in which two of them were located
symmetrically at lateral frontal regions. After the ROIs were
defined, neural couplings between electrodes located in one
of the frontal ROIs and the occipital ROI were averaged over
for each condition (as there was no neural coupling between
the two frontal ROIs). Positive iCoh values represent top-
down information flow from the frontal to occipital ROIs,
while negative values represent the information feedforward
from the occipital to frontal ROIs. Repeated-measures analyses
of variance (rm-ANOVA) models were used to evaluate the
significant differences of neural couplings between matching
conditions, as well as the post-hoc tests between every two
matching conditions.

Fig. 2(B) illustrates the neural coupling features between
the frontal and occipital ROIs before and during the onset

of experiment trials. Before the stimulus onset, there was a
weak information flow from the frontal ROIs to the occipital
ROI. After the stimulus onset, neural couplings from the
frontal to occipital ROIs were observed among all conditions
with a high peak of positive neural couplings in all the
conditions at approximately 150ms after the onset of the trial,
indicating robust top-down communication from the frontal
to occipital ROIs. The information flow then reversed with
neural couplings from the occipital to frontal ROIs, following
a low level of top-down communication again at the end of
the experimental trials.

The neural coupling results in the matched conditions and
ROI pairs demonstrated robust features of neural couplings
after stimulus onsets. Two neural coupling features were iden-
tified for training automatic classification models based on a
convolutional neural network (CNN) to evaluate the robustness
between the features and self-saliency processing (i.e., the
early top-down period and the later feedforward period). To
identify a universal time window for feature segmentation, the
timepoints of reversion of neural couplings from top-down
to feedforward were identified, as well as the time points of
reversion of neural couplings from feedforward to the resting
level (low-level top-down neural couplings) in all experimental
trials and then calculated the average turning time points across
individuals. The early top-down period was determined to be
in the period of 0 to 251ms, and the later feedforward period
was determined to be from 251 to 750ms.

3) Assessment of CNN Models: Features of dynamic neural
couplings generated in the first part of this study were used
as the training data in constructing classification models based
on CNN. Commonly used CNN models were assessed in the
study by comparing validation accuracies to choose the most
robust models for assessing self-saliency processing.

Two groups of deep learning models were built up using
different periods of the neural coupling data to evaluate which
period was more robustly related to self-saliency processing.
For each model group, the neural coupling data from the
left and right brain hemispheres was separated to train two
types of independent models. Therefore, there were four types
of models using data from different brain hemispheres (left
frontal and occipital, and right frontal and occipital) and
features (early top-down and later feedforward) in this study.
In this study, CNN models were constructed and trained using
MATLAB (version R2022b) with 15 commonly used CNN
models used in performance assessment.

Table 1 shows the comparison of the structure of the CNN
models, as well as the performance of using them for training.
Depth is defined by the number of layers in a neural network.
Size represents the storage space for a neural network. Number
of parameters is the number of coefficients of the model.
Image input size indicates the standard size of input images
required for the neural network. A random selection of 90%
of the trials across all conditions and participants was chosen
as training data with the rest 10% of the trials being used
as validation data. An initial learning rate of 0.0001 was set
with the max epochs of 5 to train the models. Each model
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Fig. 2. (A) Head maps of the distribution of EEG electrode pairs with the top 1% average absolute iCoh in the alpha band (8 - 12Hz), and the identified
ROIs. (B) Average neural coupling features between Frontal and Occipital ROIs across experimental trials.

was replicated 5 times to calculate the average training time
and overall validation accuracies. Some of the models failed
to produce results due to running out of memory due to the
complex structure.

4) SqueezeNet-based Classification Models: Based on the
results of the model assessment, the SqueezeNet network was
chosen to build up the CNN models as it got the shortest
training time than other networks and relatively high validation
accuracy. Proposed in 2016, SqueezeNet is a model that can
achieve high accuracy, but with a smaller structure and fewer
parameters, which can improve training speed [46] and reduce
computational expense to increase the feasibility of on-chip
deployment [51].

In SqueezeNet, the architectural simplification strategies are
deployed by creating Fire modules (see Fig. 3). A Fire module
contains a squeeze convolution layer, feeding into an expanded
layer mixing convolution filters. The liberal use of 1z1 filters
can effectively decreases the number of parameters relative to
the use of conventional 3x3 filters. Also, the module structure
effectively decreases the number of parameters in a CNN
model while accuracy is preserved. In the current study, the
last dropout layer 'drop9’ in the network was replaced with
a new dropout layer with a probability of 0.6. Because the
last learnable layer in SqueezeNet was a 1x1 convolutional
layer ’convl(’, the conv10’ layer was replaced with a new
convolutional layer with the number of filters equal to the
number of classes. The learning rate factor of the new layer
was increased to 5 and replaced the classification layer with
a new classification layer with automatic classification label

detection.

Before importing the tempospectrum images into the train-
ing models, they were resized to the standard image size
required by SqueezeNet (227 x 227 pixels). Also, all the neural
coupling images were transformed to the RGB format using
the parula colourmap to meet the requirement of SqueezeNet.
Moreover, some configurations were applied to the standard
network structure.

To train assessment models based on SqueezeNet and
evaluate the robustness of neural coupling features in clas-
sifying the conditions, 260 iterations were employed with
the maximum number of epochs being set at 2 in order to
compare validation frequencies of classification across the six
conditions, including three correctly matched conditions (Self-
matched, Friend-matched and Stranger-matched) and three
mismatched conditions (Self-mismatched, Friend-mismatched
and Stranger-mismatched). After that, 90% of images from
the whole image dataset were randomly chosen as the training
data, while images spat from 10% of the dataset were used as
the validation data.

The training for each type of model was replicated 30 times
to validate the robustness of the models. Validation accuracies
were then statistically assessed with rm-ANOVAs, and post-
hoc tests between every two matching conditions.



TABLE 1
COMPARISON OF COMMONLY USED CNN MODELS IN THE CURRENT RESEARCH CONTEXT. CLASSIFICATION MODELS WERE TRAINED USING IMAGES
DEMONSTRATING NEURAL COUPLINGS DURING THE EARLY TOP-DOWN PERIOD FROM EXPERIMENTAL TRIALS IN THE SIX CONDITIONS.

. . o Image Input Size | Training Time ca .
Deep Learning Network | Depth Size Parameters (Millions) (Pixel-by-Pixel) (mm:ss) Overall Validation Accuracy
squeezenet 18 5.2 MB 1.24 227-by-227 02:55 99.83%
googlenet 22 27 MB 7 224-by-224 06:59 99.95%
. . Failed
inceptionv3 48 89 MB 23.9 299-by-299 (Out of GPU Memory)
Failed
densenet201 201 77 MB 20 224-by-224 (Out of GPU Memory)
mobilenetv2 53 13 MB 35 224-by-224 14:52 99.99%
resnet18 18 44 MB 11.7 224-by-224 04:50 99.91%
: Failed
xception 71 85 MB 229 299-by-299 (Out of GPU Memory)
. . Failed
inceptionresnetv2 164 209 MB 55.9 299-by-299 (Out of GPU Memory)
shufflenet 50 5.4 MB 1.4 224-by-224 05:35 [ 99.98%
: Failed
kS -bvy-
nasnetmobile 20 MB 5.3 224-by-224 (Out of GPU Memory)

. Failed
nasnetlarge * 332 MB 88.9 331-by-331 (Out of GPU Memory)
darknet19 19 78 MB 20.8 256-by-256 36:50 [ 99.99%

. Failed
efficientnetbO 82 20 MB 5.3 224-by-224 (Out of GPU Memory)
alexnet 8 227 MB 61 227-by-227 03:50 [ 99.89%
Failed
vggl6 16 515 MB 138 224-by-224 (Out of GPU Memory)
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Fig. 3. The architecture of SqueezeNet CNN network. Three hyperparameters slzl, elzl, and e3x3 are exposed in a Fire module. The slz1 represents
the number of filters in the squeeze layer, the elx1 represents the number of 1x1 filters in the expanding layer, while the e3x3 represents the number of 3x3
filters in the expanding layer. Specifically, the slx1 is less than the sum of elxl and e3xz3 while using Fire modules in order to limit the number of input
channels to the 33 filters. In this study, the structure of SqueezeNet began with a standalone convolution layer (convl), followed by 8 Fire modules (fire2
- fire9), ending with a convolutional layer (conv10). The number of filters in each Fire module is gradually increased from the beginning to the end of
the structure. Also, SqueezeNet performed max-pooling with a stride of 2 after the layers convl, fired, fire8 and conv10. Relatively late placements of
pooling in SqueezeNet can make sure that convolution layers had large activation maps by late down-sampling in the model.



III. RESULTS

A. Higher Validation Accuracies for Self-matched Condition
using top-down Data

Four rm-ANOVAs were employed in the four models using
different data with post-hoc comparisons across matching
conditions.

Table 2 demonstrates the average validation accuracies for
the six conditions using models trained by the neural cou-
plings between brain ROIs and during featured time periods.
Significant main effects were found in two-way rm-ANOVAs
for validation accuracies using models trained by the top-down
data (F's > 7.55, ps < .001). Further post hoc tests showed
significant differences between the self-matched and other
conditions in models using the top-down data (ps < .003), as
well as significant differences between the two friend-related
conditions and stranger-matched conditions in the model using
data from the left frontal to occipital regions (ps < .042).
Overall, the results indicated a consistently higher accuracy
of classifying the self-matched condition in models trained by
the top-down data (82.19% using data from the left frontal to
occipital regions, 89.15% using data from the right frontal to
occipital regions) than those for friend-matched (65.45% using
data from the left frontal to occipital regions, 75.00% using
data from the right frontal to occipital regions) and stranger-
related conditions (53.55% using data from the left frontal to
occipital regions, 68.32% using data from the right frontal to
occipital regions) (see Fig. 4(A) and Fig. 4(B)).

Furthermore, a significant difference was found between the
friend-matched and stranger-matched conditions (p = .042),
indicating a higher average validation accuracy for the friend-
matched condition over the stranger-matched condition in
models using data from left frontal to occipital regions. For
mismatched conditions, unstable performance was observed. A
significant effect was only found between the stranger-matched
and stranger-mismatched condition in models using data from
the left frontal to occipital regions (p < .001), indicating a
lower average validation accuracy for the stranger-matched
condition (53.55%) than that for the stranger-mismatched
condition (75%). For models using the feedforward data, no
significant main effect was revealed in the rm-ANOVAs (F's
< 2.04, ps > .076).

To validate the reliability of the model, the analysis was also
replicated to data collected from another experiment, which
measured the self-prioritisation effect while matching tasks in
both first- and third-perspective conditions. The procedure of
this experiment was identical to the experiment in this study
except those stimuli were presented in a social setting where
self- or other-related colour was mapped on the T-shirt of an
avatar with the first-person (when the avatar was aligned with
the participant’s body) or third-person perspective. Results
showed consistently high accuracies for classifying self-related
matching conditions using the model based on SqueezeNet.

B. Performance difference for models using Top-down and
Feed-forward Data.

Paired samples t-tests were employed to evaluate the statis-
tical differences in classification performance between models
using the top-down and feedforward data for each experimen-
tal condition. Most conditions showed similar performance
using either the top-down or feedforward models (ps > .094).
However, significant differences were observed in the self-
matched condition using data between the right frontal and
occipital regions (p = .004), as well as the self-mismatched
and stranger-matched conditions using data between the left
frontal and occipital regions (ps < .011). Specifically, valida-
tion accuracies in classifying the self-matched condition were
significantly higher in models using the right-hemisphere top-
down data than in models using the right-hemisphere feedfor-
ward data (see Fig. 5(A)). Also, better performance for classi-
fying the self-mismatched condition and the stranger-matched
condition was observed in models using left-hemisphere feed-
forward data compared to those from models using the left-
hemisphere top-down data (see Fig. 5(B) and Fig. 5(C)).

IV. DISCUSSION

A. Dynamic Neural Coupling Analysis for Self-saliency Pro-
cessing

In this study, time-frequency analysis was applied with the
novel multiple wavelet analysis method to extract features
of dynamic neural couplings linked to self-saliency process-
ing, and extended the neural mechanism related to the self-
prioritisation effect, extended the neural mechanism related
to self-saliency processing to a further level of dynamic
interaction between featured brain regions.

The early step of the analysis showed increased power
in the Alpha frequency band after the onset of matching
trials, indicating increased neural activation in the Alpha band
during experimental trials. Furthermore, time-frequency anal-
ysis extracted neural couplings between three featured ROIs
located at the left and right frontal and the occipital regions.
The frontal regions have been revealed as a critical part of
neural networks linked to self-referencing processing in recent
studies [26] [52], while occipital regions were highly linked
to visual processing [53] [54]. Even though it is challenging
to locate neural couplings to specific regions such as mPFC
or dorsolateral prefrontal cortex (dIPFC) [55], which was
highly linked to self-referencing processing, increased neural
couplings found around the frontal regions were consistent
with the previous finding that functional connectivity was
significantly activated at the vIPFC region while processing
self-related stimuli, compared to other-related stimuli [56].

All matching conditions in the experiment showed robust
features of neural couplings between frontal and occipital ROIs
in the Alpha band. Before the onset of experimental trials,
low levels of top-down neural couplings were observed across
matching conditions. This feature matches the finding in a
previous study stating that there was a low level of top-down
connectivity from the frontal to occipital brain regions under
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Fig. 4. Validation accuracies over all individual participants in classifying the conditions using SqueezeNet-based models trained by data from top-down and
feedforward neural coupling periods. (A) Early top-down neural couplings from the left frontal to occipital regions, (B) Early top-down neural couplings from
the right frontal to occipital regions, (C) Later feedforward neural couplings from the left frontal to occipital regions, (D) Later feedforward neural couplings
from the right frontal to occipital regions.



TABLE 11
THE AVERAGE VALIDATION ACCURACIES OF USING DEEP LEARNING MODELS USING SQUEEZENET TRAINED BY THE NEURAL COUPLING DATA DURING
FEATURED PERIODS BETWEEN THE LEFT / RIGHT FRONTAL REGION AND THE OCCIPITAL REGION TO CORRECTLY CLASSIFY DYNAMIC NEURAL
COUPLINGS IMAGES FOR DIFFERENT MATCHING CONDITIONS.

Self-Matched | Self-Mismatched | Friend-Matched | Friend-Mismatched | Stranger-matched | Stranger-Mismatched

Left Frontal to Occipital 82.19 63.92 65.45 66.54 53.55 75

Right Frontal to Occipital | 89.15 74.15 75 69.88 68.32 73.4

Occipital to Left Frontal 79.24 77.98 77.32 70.83 72.69 71.03

Occipital to Right Frontal | 76.76 74.75 69.95 67.01 72.17 68.84
the resting state [S57]. After the onset of experimental trials,
two significant periods were observed with robust neural cou-
plings between frontal and occipital ROIs. Top-down neural

(A) couplings were firstly increased across matching conditions,
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Fig. 5. Performance comparison between models using the top-down (TD)
and feedforward (FF) neural coupling data. Validation accuracies for the Self-
matched (A), Self-mismatched (B) and Stranger-matched (C) conditions were
illustrated.

with stronger neural couplings for the self-matched condition
compared to the friend- and stranger-matched conditions,
indicating that the increased top-down couplings were linked
to self-saliency processing since it varied according to the self-
relevance in matching trials.

Top-down couplings were followed by a period containing
neural couplings from occipital to frontal ROIs, revealing
the information feedforward between featured brain regions.
Partial significant effects were observed in this period across
matched conditions from occipital to right frontal ROIs. In-
terestingly, self-matched conditions did not show consistently
stronger couplings than those for other-matched conditions.
These couplings could be linked to other advanced neural ac-
tivities while processing other-related information and giving
correct answers for them as self-saliency processing may be
influenced by underlying factors such as reward and emotional
value [15] [58] [59] [60] [61].

B. Powerful Deep Learning Models for Quantifying Robust-
ness of Neural Coupling Features

As a powerful method, deep learning has been utilised
in constructing classification models using features extracted
from neurological data [62]. Deep learning methods are ex-
tensively used in research of robustness verification since
they can give a safety guarantee to the robustness property.
In this case, outputs will be invariant even if inputs have
perturbations [63]. Therefore, it is suitable to be applied in
the research of neuroscience since small perturbations are
commonly distributed in different independent trials.

In the second part of the study, deep learning models
were constructed using SqueezeNet, a recently proposed CNN
algorithm to classify neural coupling data for experimen-
tal trials containing stimuli with different degrees of self-
reference. A deep learning method was used for evaluating
the correlation between specific neural coupling features and
self-prioritisation effects. Different models were built up using
dynamic neural coupling data with specific neural coupling
features (the top-down period vs. feedforward period). The
results showed that there were higher accuracies for classifying
the self-related condition than those for classifying friend- or
stranger-matched conditions in models trained by the early



top-down neural coupling features. The findings provide evi-
dence that top-down neural couplings following the onset of
stimuli were initially linked to self-saliency processing, via
activation of self-representation in the frontal regions, and then
enhanced visual processing in the occipital regions and later
decision making.

Interestingly, the models trained by feedforward neural
coupling data showed increased accuracies for classifying
stranger-matched conditions over those from the models
trained by early top-down features, revealing that this period
was more likely linked to conditions related to other people.

Previous studies have revealed the critical roles of top-
down control in self-saliency processing. The present findings
support this by adding new information with specific time
windows for dynamic processing. In addition, the accuracy
difference between models trained by data from different
communication periods provides evidence supporting different
neural mechanisms while processing information with self-
relevance, revealing the robust link between the specific top-
down communication from frontal to occipital regions and
self-prioritisation. Furthermore, this research proposes a fea-
sible way of applying deep learning models to evaluate the
relationship between specific neural features and psychological
effects. Even though the validation accuracies for all matching
conditions could hit as high as expected if iteration numbers
were high enough, the performance of classifying different
conditions would be varied under the condition of low itera-
tions. It was due to the robustness of features in training data to
the specialised classification. Classification with more robust
features will be easier for models to distinguish, especially in
the case of low iterations.

In this study, higher validation accuracies were observed
in classifying the self-matched condition from models using
the early top-down neural coupling features than those for
other-related conditions. Therefore, there is evidence show-
ing that the features used in training models in the early
top-down period had higher robustness for the self-matched
condition, which contained more self-related information and
the corresponding stronger self-saliency processing, compared
to other-related conditions. Also, higher validation accuracies
for classifying self-related conditions were observed in mod-
els using early top-down couplings than those using later
feedforward data, revealing more robust features for self-
saliency processing compared to those in the later feedforward
period. These findings also matched the statistical results of
significant effects applied to dynamic neural coupling data,
showing enhanced top-down neural couplings for the self-
matched condition over those for other-related conditions.

In contrast, higher accuracies for classifying the stranger-
matched condition were observed in models trained by the
later feedforward data compared to models using the early
top-down data, revealing more robust features for the stranger-
matched condition in the later feedforward period. The finding
matched the results in the first part of this study showing
stronger neural couplings for the stranger-matched condition
than those for the self-matched condition in this period. In

addition, this finding provides evidence to support the pre-
viously proposed hypothesis that the strong neural couplings
in this period while processing stranger-related stimuli could
be related to other advanced neural activities, which were
demonstrated via robust features that could lead to models
with higher accuracy for classifying stranger-related trials.

V. CONCLUSION

This study used deep learning approaches to demonstrate
a better understanding of psychological functioning — self-
saliency processing producing self-prioritisation effects in
behaviours. Dynamic connections between the frontal and
occipital regions during self-saliency processing provide evi-
dence supporting the down-regulation of the frontal regions to
visual processing in the occipital regions and then a follow-up
feedforward processing, which led to optimal behaviours. In
addition, neural features and specialised classifications derived
from the deep learning analyses may inform how to implement
knowledge of how the human brain operates, producing opti-
mal behaviour, in developing brain-inspired algorithms.
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