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Introduction: Difficulty falling asleep place an increasing burden on society.
EEG-based sleep staging is fundamental to the diagnosis of sleep disorder, and
the selection of features for each sleep stage is a key step in the sleep analysis.
However, the differences of sleep EEG features in gender and age are not
clear enough.

Methods: This study aimed to investigate the effects of age and gender on sleep
EEG functional connectivity through statistical analysis of brain functional
connectivity and machine learning validation. The two-overnight sleep EEG
data of 78 subjects with mild difficulty falling asleep were categorized into five
sleep stages using markers and segments from the "sleep-EDF" public database.
First, the 78 subjects were finely grouped, and the mutual information of the six
sleep EEG rhythms of §, 0, o, B, spindle, and sawtooth wave was extracted as a
functional connectivity measure. Then, one-way analysis of variance (ANOVA)
was used to extract significant differences in functional connectivity of sleep
rhythm waves across sleep stages with respect to age and gender. Finally,
machine learning algorithms were used to investigate the effects of fine
grouping of age and gender on sleep staging.

Results and discussion: The results showed that: (1) The functional connectivity of
each sleep rhythm wave differed significantly across sleep stages, with delta and
beta functional connectivity differing significantly across sleep stages. (2)
Significant differences in functional connections among young and middle-aged
groups, and among young and elderly groups, but no significant difference
between middle-aged and elderly groups. (3) Female functional connectivity
strength is generally higher than male at the high-frequency band of EEG, but
no significant difference in the low-frequency. (4) Finer group divisions based on
gender and age can indeed improve the accuracy of sleep staging, with an increase
of about 3.58% by using the random forest algorithm. Our results further reveal the
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electrophysiological neural mechanisms of each sleep stage, and find that sleep
functional connectivity differs significantly in both gender and age, providing
valuable theoretical guidance for the establishment of automated sleep

stage models.

KEYWORDS

sleep, sleep stages, electroencephalography (EEG), polysomnography (PSG), machine
learning, functional connectivity

1 Introduction

Sleep occupies one-third of human life (1). The daily alternation
between sleep and awakening is one of the most important
characteristics of our life (2). The functions of sleep are diverse
(3). Looking back on the research in the past ten years, we find that
sleep can enhance immune defense ability (4), improve cognition,
and promote memory consolidation (5, 6). In the short term, lack of
sleep can lead to impaired memory and attention (7). In the long
run, it will lead to neurological disorders and even death (8-10).
More and more evidence shows that sleep disorder can lead to
cognitive decline (11), and increase the risk of Alzheimer’s disease
(12). In addition, sleep deprivation is positively correlated with a
higher risk of cardiovascular disease (13) and higher all-cause
mortality (14). Insomnia is a predictor of depression and anxiety
(15), and it is also associated with suicidal thoughts and behaviors
(16). According to epidemiological statistics, the prevalence rate of
insomnia is about 10-20%, of which about 50% develop a chronic
course (17). Among them, children are mainly affected by sleep
bruxism, temporomandibular joint disorder (TMD) and untreated
dental caries negatively producing insomnia (18). TMD also
severely interferes with the quality of sleep in adults, leading to a
concomitant decrease in life satisfaction. Moreover, as a result of
transcranial magnetic stimulation effects, women demonstrated
significantly worse sleep quality as compared to men (19).
Insomnia is also particularly common in the elderly, with more
than 50% suffering from insomnia due to disease or aging factors
(20). Therefore, sleep disorders influence the quality and
satisfaction of life in general, not only influencing a lot of factors.
Sleep diseases have caused a very heavy burden on the medical
system, social economy, and human life (21, 22). The related
research on sleep is very urgent.

Sleep disorders may be caused by physiological factors such as
gender, age, eating disorders, mental factors such as adverse

Abbreviations: TMD, temporomandibular joint disorder; PSG,
Polysomnography; AASM, American Academy of Sleep Medicine; NREM,
non-rapid eye movement; REM, rapid eye movement; MI, mutual information;
SVM, Support Vector Machine; RF, Random Forest; KNN, K-Nearest Neighbor;
TP, true positives; FN, false negatives; TN, true negatives; FP, false positives; one-

way ANOVA, One-way analysis of variance; EEG, electroencephalogram.
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psychological and physiological reactions, environmental factors
such as changes in light and sound intensity, lifestyle and
behavioral factors such as addiction to coffee, alcohol, and
cigarettes, as well as illnesses such as depression and anxiety. It
usually shows abnormalities such as sleepwalking, night terrors,
nightmares, snoring, teeth grinding, excessive sweating, sleep
talking, and easy waking. Therefore, sleep can be analyzed from a
number of parameters such as electroencephalogram (EEG),
ophthalmoplegia, mandibular electromyography, oro-nasal airflow
and respiratory motility, cardioplegia, oximetry, snoring, limb
movements, body position, and so on. Polysomnography (PSG)
can record many of these biosignals throughout the sleep process
(23), and is the most commonly used technique for sleep evaluation
and disease diagnosis in medicine, and is becoming more and more
popular both at home and abroad.

Sleep staging is an important process of analyzing PSG data, an
important part of sleep assessment, and the basis of disease
diagnosis (24-26). The brain activity in each stage of sleep is not
in a static state, but a series of periodic changes of active regulation.
In order to define the sleep process in a unified standard, the
“Interpretation Manual of Sleep and Related Events” issued by the
American Academy of Sleep Medicine (AASM) divides sleep into
five different stages: awake (W) stage, non-rapid eye movement
(NREM: N1, N2, N3) stage, and rapid eye movement (REM) stage
(27). Sleep staging is often applied in a variety of ways, including the
assessment of sleep quality (28) (such as sleep duration, sleep depth,
and sleep efficiency), the investigation of neural mechanisms (29),
and the evaluation of medication efficacy on sleep (30). For
example, REM sleep abnormalities have been associated with
neurodegenerative diseases, and are therefore often utilized in
clinical studies for diagnostic studies and efficacy assessment of
diseases such as Parkinson’s disease (31) and Alzheimer’s disease
(32). Sleep stages are usually interpreted by sleep experts (27).
Manual interpretation is time-consuming and labor-intensive,
vulnerable to subjective influence, unsuitable for processing large-
scale data, and unable to meet the needs of millions of patients with
sleep disorders (33). In order to improve efficiency and reduce labor
costs, researchers tried to use sleep EEG (from PSG) and artificial
intelligence to construct an automatic sleep staging method (34, 35).

Sleep EEG features are commonly used to explore sleep staging
(36). According to research reports, significant differences in EEG

frontiersin.org


https://doi.org/10.3389/fpsyt.2024.1433316
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org

Luo et al.

features in different sleep stages, such as power spectrum features,
nonlinear dynamics features, and functional connections (37-39).
Cantero et al. pointed out that alpha wave power is an important
feature of human REM sleep (40). Miskovic et al. found that in the
whole sleep cycle, the change of entropy strongly depends on the
time scale, and slow-wave sleep is characterized by the decrease of
entropy in the short time scale and the increase of entropy in the
long time scale (41). In a previous study exploring the temporal
evolution of the power spectrum and coherence spectrum between
cerebral hemispheres, the power spectrum and coherence spectrum
showed obvious peaks in the NREM stage, but did not in REM sleep
(42). In a study of sleep staging based on a single-channel EEG
signal using 22 features in the time domain, time-frequency, and
nonlinear analysis methods, the highest accuracy of sleep staging is
85.93% by comparing sample entropy, fuzzy entropy, fractal
dimension and complexity as feature parameters (43). In another
study, 18 features extracted from EEG, ECG, and EMG in the time
domain and frequency domain were extracted to construct feature
vectors, and the accuracy of sleep staging was 82.53% (44). The
existing researches on sleep staging are mainly based on time-
domain, frequency-domain, and nonlinear EEG features of a single
or a few channels. These features can only obtain local features,
while ignoring the global information between different
brain regions.

Brain functional connections are considered to be closely
related to brain activity, which can be used to study the
interaction between brain regions (45). Functional connectivity is
a statistical concept, that can quantify the time dependence of
neuron activation patterns in morphologically and physiologically
different brain regions by using statistical methods such as Pearson
correlation coefficient, spectral coherence estimation, phase-locked
value, and mutual information (MI) (46, 47). Functional
connectivity is widely used in disease research, such as exploring
neuroregulatory factors in depression treatment (48), predicting
epileptic seizures, and locating epileptogenic foci (49). The
combined use of EEG and functional connectivity may be a
powerful tool to study the basis of subconscious function under
physiological and pathological conditions (50). Functional
connections are quite different in different sleep stages, so they
can be used for sleep staging. In a study of analyzing brain
interaction in different sleep stages by functional connectivity
analysis method, it is found that the functional connectivity
strength increases in low-frequency bands (delta and alpha
bands) at different stages of NREM, and the classification
accuracy is high (51). To sum up, it is suggested that functional
connections may be an effective feature to distinguish different
stages of sleep. In this study, mutual information is used to
determine the functional connectivity due to its ability to
comprehensively evaluate the amplitude and phase information
between EEG channels, which is then applied for exploring the
changes and laws of functional connections in different sleep stages.

In existing studies of sleep staging based on EEG features, it has
been shown that the accuracy of automated sleep staging based on
different EEG features is generally not high. It may be related to not
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considering physiological factors such as age and gender, and also
the effects of gender and age on the connectivity of sleep EEG
function were not clearly revealed. The brain connectivity research
report points out that the functional network will change with age
(52). Large-scale data research found that Japanese sleep
characteristics (time, duration, and quality) are significantly
different from age and gender (53). In the study of insomnia
patients, women sleep longer than men, the relative beta power of
women is higher than that of men, the dominant frequency of the
occipital lobe of elderly patients is slower than that of young
patients, and the age effect of women is more obvious in clinical
variables and quantitative EEG (54). In order to improve the
accuracy of sleep staging, it is necessary to analyze the influence
of gender and age on sleep EEG function.

To sum up, this study will explore age and gender differences in
sleep EEG functional connectivity. A finer division of gender and
age groups will be made, and the research work will be carried out in
two dimensions: statistical analysis and machine learning
validation, with the aim of providing valuable theoretical
guidance for automated sleep staging models.

2 Materials and methods
2.1 Data introduction

The data for this study were downloaded from the Sleep-EDF
database (Sleep-EDF Database Expanded v1.0.0 (physionet.org)).
Sleep-EDF database has two datasets, one of which is a study of the
effect of age on sleep in subjects that had mild difficulty falling asleep
but were otherwise healthy. For this study, two full nights of sleep
data from 78 subjects with a mean age of 56.01 + 22.20 (36 females,
and 42 males, aged 25-101 years) in the SC dataset were selected, with
a total of 156 samples, and due to incomplete data in 21 of them, a
total of 135 samples were finally included in the analysis. As shown in
Table 1, there were a total of 39 samples of young subjects aged 25-45
years, 56 samples of middle-aged subjects aged 46-69 years, and 40
samples of elderly subjects aged 70-101 years. As shown in Table 2, all
samples consisted of 56 samples of male subjects with a mean age of
57.89 + 21.34, and 79 samples of female subjects with a mean age of
54.39 + 21.65. There was no statistically significant difference in the
mean age of the male and female groups. All subjects were not taking
sleep-related medications. Sleep EEG signals from bipolar leads Fpz-
CZ and PZ-OZ with a sampling frequency of 100 Hz were recorded
for each subject.

TABLE 1 Statistical results of samples divided by age.

25-45: Young 46-69: Middle 70-101: Old

Average age 28.69 +2.93 57.95 + 6.61 81.375 + 10.04
Sample size
(male/ 19/20 19/37 18/22
female)

frontiersin.org


https://doi.org/10.3389/fpsyt.2024.1433316
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org

Luo et al.

TABLE 2 Statistical results of samples divided by gender.

Female Male

Number of samples 56 79

Average age 57.89 + 21.34 54.39 + 21.65

2.2 EEG signal preprocessing

Sleep experts have manually labeled the sleep data of each
sample into eight categories according to R&K standards.
Combined with the AASM standard formulated by the
American Academy of Sleep Medicine, the N3 and N4 stages
are combined into an N3 stage, and motion and unknown data
are removed. Therefore, the sleep stages of each sample are
divided into five categories, W, N1, N2, N3, and REM. In this
study, the 30s sleep EEG signals are classified as a segment of
data, and 0.5-30Hz band-pass filtering is carried out by a
Butterworth filter. Then six rhythm waves are extracted from
two leads of EEG signals, and the features of each rhythm wave
are extracted on this basis. See Table 3 for the division of six
rhythm frequency bands.

2.3 Functional connectivity calculation

Functional connectivity is a brain science analysis method
used to study the interaction between different brain regions.
By measuring the signals between different regions of the
brain, the interaction between these regions in different tasks or
states is studied. In the functional connectivity representation
method, Mutual Information (MI) can measure the interaction
degree between different brain regions from both amplitude
and phase shown in Equation 1. Let the joint distribution of
two random variables (X, Y) be p(x, y) and the marginal
distribution be p(x), p(y), the mutual information I(X; Y) is the
relative entropy of the joint distribution p(x, y) and the marginal
distribution p(x), p(y):

p(x, )
3 ¥) = 10805000
I(X;Y) %{ygyp(x y)log P()p() W

TABLE 3 The six rhythm band division schemes used in this study.

Rhythm Frequency range

Delta (8) 0.5-4Hz
Theta (6) 4-8Hz
Alpha (o) 8-13Hz
Beta (B) 13-30Hz
Sleep spindle 11-16Hz
Sawtooth wave 3-7Hz
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2.4 Classification models and
evaluation metrics

In this study, in order to corroborate whether differences in
brain function among people of different genders and ages, three
machine learning models, namely, Support Vector Machine (SVM),
Random Forest (RF), and K-Nearest Neighbor (KNN), based on
functional connectivity features, were used to perform sleep staging
tests on samples of different genders and ages. The following will
introduce the characteristics of the 3 algorithms respectively.

SVM is a supervised learning algorithm, which is widely used in
the field of pattern recognition and data classification. Its core idea
is to maximize the interval between data points of different
categories by finding the optimal hyperplane, so as to achieve
effective classification of data.

KNN algorithm uses the training sample dataset with known
categories to classify the new samples by calculating the distance
between the test new samples and the samples in the training set.
The classification of the KNN algorithm is based on the category
which is the majority of the K nearest neighbors of the new samples.
In this study, the K of the KNN algorithm is set to 9.

RF is an integrated learning method constructed based on the
decision tree, which improves the performance of classification and
regression by randomly selecting features and samples, constructing
multiple decision trees, and fusing their prediction results. The
number of decision trees of Random Forest is set to 50 for
this study.

Since this dataset has a sample imbalance problem, the sample
numbers of N1 and N3 are significantly less than those of other
categories, down-sampling is adopted in this experiment. In the
down-sampling process, we randomly remove some samples from
the categories with more samples to make the number of samples
from different categories more balanced. Ten rounds of training are
repeated, and in each round, the dataset is randomly divided into
the training set and test set according to 7:3. Finally, the four
metrics: true positives (TP), false negatives (FN), true negatives
(TN), and false positives (FP) are utilized to calculate the Accuracy
(the proportion of correctly categorized samples to the total number
of samples), Precision (the proportion of correctly predicted positive
classifications to all the samples that are predicted to be positively
categorized), Recall (which refers to the proportion of correctly
predicted positive classifications to all the samples that are actually
positively categorized), and the F1 score (the harmonic mean of
precision and recall) of different models. The specific formulas are
given in Equations 2-5:

TP+ TN

A - 2
CUTaY = Tp TN + FP + EN @
pracision - TP o
recision = TP n FP
TP
Recall = —— 4
O = TPy EN @
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2x TP

l=— > 5
2 X TP + FP + FN )

2.5 Statistical analysis method

One-way analysis of variance (one-way ANOVA) was
performed to determine the significant statistical differences in
EEG functional connectivity features among the groups. First,
one-way repeated-measures ANOVA was done between groups,
and if statistically different, then pairwise comparisons after
multiple tests were performed. Statistical differences were
considered significant when P< 0.05. All statistical analysis was
carried out using MATLAB 2019b software.

3 Results

Figure 1 shows the MI corresponding to the six sleep rhythm
waves in different sleep stages for all subjects. The results show that
most of the sleep rhythm waves corresponded to MIs that were
significantly different in pairwise comparisons between different sleep
stages. The most significant differences in beta and delta waves
mutual information were found between all sleep stages (p< 0.05),
except for the N1 and R stages, which did not differ significantly. In
addition, significant differences of MI in spindle wave were found
between all stages except between stages N2 and N3, and between
stages N1 and R (p< 0.05), where no significant differences existed.
For the MI of the sawtooth wave, there were significant differences

10.3389/fpsyt.2024.1433316

between all stages except between N2, N3, and R (p< 0.05). The MI of
the theta wave had significant differences between the W stage and
other stages (p< 0.05), and between the N1 and R stages (p< 0.05),
and the rest had no significant differences. The alpha wave had the
smallest difference in MI, and only the W stage had a significant
difference from other stages (p< 0.05), and the differences between the
N1, N2, N3, and R stages were all non-significant. Except for the delta
wave, the mutual information values of the remaining five rhythmic
waves were lower in stage W than in the other sleep stages.

Figure 2 shows the mutual information values of the six sleep
rhythm waves in different age groups of subjects with different sleep
stages. As shown in Figure 2A, the a-wave mutual information
values were statistically significant only between the young and
middle-aged groups at stage N3 (p< 0.05), while there was no
statistical difference between the other stages and age groups. As
shown in Figure 2B, the B-wave mutual information was statistically
different between all age groups in stage N2 (p< 0.05), especially
more significant in the young and elderly groups (p< 0.001); it was a
significant difference between the young and middle-aged groups in
stages W, N1, N3, and R (p< 0.05); and it was even a highly
significant difference between the young and elderly groups in stage
N3 (p< 0.01); however, in stages W, N1, N3, and R, both the middle-
aged group and the elderly group differences were not statistically
significant. As shown in Figure 2C, the 8-wave mutual information
values were only significantly different between the middle-aged
group and the old-aged group in the N2 stage (p< 0.01), while no
statistically significant difference was found between the other
stages and age groups. As shown in Figure 2D, for the sawtooth
wave mutual information, a highly significant difference was found
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FIGURE 1

Mutual information values of six sleep rhythm waves alpha, beta, delta, theta, sawtooth, and spindle in different sleep stages of all subjects. * means

p< 0.05, ** means p< 0.01.
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Mutual information values of six sleep rhythm waves, alpha, beta, delta, sawtooth, spindle, and theta, in different age groups at different sleep stages. (A)
shows the MI value of alpha wave, (B) shows the MI value of beta wave, (C) shows the Ml value of delta wave, (D) shows the MI value of sawtooth wave,
Figure (E) shows the Ml value of spindle wave, and (F) shows the Ml value of theta wave. * means p< 0.05, ** means p< 0.01, *** means p< 0.001.

between the youth group with the middle-aged, and elderly groups
at the N2 and R stages (p< 0.001), and a significant difference was
found between the youth group with the middle-aged, and elderly
groups at the N1 stage (p< 0.01), but there was no significant
difference between all other stages and age groups. As shown in
Figure 2E, in stages W and N1, the mutual information of the
spindle wave was significantly different between the young group
with the middle-aged, and old-aged groups (p< 0.01); in stages N2
and N3, the differences were highly significant between the young
and the old-aged groups (p< 0.001); the differences between the
young and the old-aged groups were statistically significant in stage
R (p< 0.05); however, there were no significant differences in all the
other stages and among the age groups. As shown in Figure 2F, the
theta wave mutual information value has a generally significant
difference between the young with middle-aged groups, and the old
age group in the N1 stage (p< 0.05), a significant difference between
the young with middle-aged groups, and the old age group in the N2
stage (p< 0.01), and a highly significant difference between the
young with middle-aged groups, and the old age group in the R

Frontiers in Psychiatry

stage (p< 0.001); but with no significant difference between all other
stages and age groups.

Figure 3 shows the mutual information values of the six sleep
rhythm waves in each sleep stage for different gender groups. As
shown in Figure 3A, the o-wave mutual information values of the
remaining 4 stages, except for stage W, were statistically different
between different gender groups (p< 0.05). As shown in Figure 3B, for
the B-wave mutual information values, statistically significant
differences existed between different gender groups for all sleep
stages (p< 0.05), with highly significant differences for stages
N1, N2, N3, and R (p< 0.001). As shown in Figure 3E, the mutual
information values for the spindle wave were statistically different
between the different gender groups for all sleep stages (p< 0.05), with
highly significant differences for stages N1, N2, and R (p< 0.01). As
shown in Figures 3C, D, F, the differences in §-, sawtooth-, and 6-
wave mutual information values were not statistically significant
among different gender groups in each stage of sleep.

Using the functional connectivity features of all sleep rhythms as
inputs, the sleep staging task was accomplished based on SVM,
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KNN,and RF classifiers, and the performance is shown in Table 4.
The results show that the RF classifier has the highest average
accuracy of 50.14 + 0.02%, SVM has the second highest accuracy
of 49.67 £ 0.01%, and KNN has an accuracy of 49.35 + 0.01%. In
addition, the classification accuracies of different age and gender
groups (young female, young male, middle-aged female, middle-aged
male, old female, old male) were also calculated separately, and it
remained that the accuracy of RF was the highest in all groups, with
62.61 +0.02%, 58.20 + 0.02%, 52.49 + 0.01%, 48.41 + 0.01%, 47.89 +
0.01%, and 52.70 + 0.02%. The accuracy of automated sleep staging
varied considerably across age and gender groups, with the young
female group having the highest accuracy, 12.47% higher than the all-
sample group, whereas the middle-aged male and older female
groups had slightly lower accuracy than the all-sample group. More
surprisingly, the average accuracy rate of the subgroups (53.72%) was
still higher than that of the full sample group (50.14%).

4 Discussion

This study aims to explore the differences of age and gender in
sleep electrical brain connectivity based on statistical analysis and

Frontiers in Psychiatry

machine learning validation. The main findings are as follows: First,
the functional connections of each sleep rhythm wave have great
differences in different sleep stages, the functional connections of
delta and beta can significantly distinguish each sleep stage. Second,
there were significant differences in functional connectivity between
young people with middle-aged, and young people with old people in
different age groups, while there were no significant differences
between middle-aged and old people. Third, in different genders,
the functional connectivity strength of female high-band is generally
higher than that of male, while the difference in low-band is not
significant. The results of these analyses are discussed in more
detail below.

4.1 Functional connectivity features of
effective sleep rhythms for sleep staging

In this study, mutual information is used as a measure of functional
connectivity to study the changes in functional connectivity of each
sleep rhythm wave in different sleep stages. The results show that the
functional connectivity of each sleep rhythm wave has great differences
in different sleep stages. What is most worth mentioning is that beta
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TABLE 4 Sleep staging classification performance results for different subgroups.

Models Groups Accuracy Sensitivity Specificity F1
Young Female 60.52 + 0.02 61.93 + 0.01 60.64 + 0.02 61.28 + 0.02
Young Male 55.37 + 0.02 55.99 + 0.02 56.39 + 0.02 56.18 + 0.02
Middle-aged Female 49.16 + 0.02 50.09 + 0.01 49.82 + 0.02 49.95 + 0.01
SVM Middle-aged Male 42.87 £ 0.02 4244 £ 0.02 48.10 £ 0.03 45.09 + 0.02
Elderly Female 44.07 + 0.01 45.05 + 0.02 4837 £ 0.03 46.65 + 0.02
Elderly Male 47.36 + 0.01 48.36 + 0.02 47.94 + 0.01 48.15 + 0.01
All 49.67 + 0.01 50.45 + 0.01 51.20 + 0.02 50.82 + 0.02
Young Female 60.81 + 0.01 61.32 + 0.01 60.69 + 0.02 61.00 + 0.01
Young Male 57.88 + 0.00 57.63 + 0.00 58.53 £ 0.01 58.08 + 0.00
Middle-aged Female 51.02 £ 0.01 51.00 + 0.02 51.30 £ 0.01 51.15 £ 0.01
KNN Middle-aged Male 46.99 + 0.02 46.90  0.02 47.47 £ 0.02 47.18 + 0.02
Elderly Female 47.14 + 0.01 47.40  0.02 47.322 +0.01 47.36 + 0.01
Elderly Male 51.75 + 0.02 52.18 + 0.02 51.76 + 0.02 51.97 + 0.02
All 49.35 + 0.01 49.37 + 0.01 49.73 £ 0.02 49.55 + 0.01
Young Female 62.61 + 0.02 62.97 + 0.02 62.50 + 0.02 62.73 + 0.02
Young Male 58.20 + 0.02 58.06 + 0.02 58.60 + 0.02 58.33 + 0.02
Middle-aged Female 52.49 + 0.01 52.02 + 0.02 53.21 + 0.01 52.60 % 0.01
RF Middle-aged Male 48.41 + 0.01 47.94 + 0.01 49.21 + 0.01 48.56 + 0.01
Elderly Female 47.89 + 0.01 47.85 + 0.02 48.16 + 0.01 48.00 + 0.01
Elderly Male 52.70 + 0.02 52.57 + 0.02 53.14 + 0.02 52.85 + 0.02
All 50.14 + 0.02 49.83 £ 0.02 50.69 + 0.02 50.26 + 0.02

and delta have the most significant differences in functional
connectivity in each sleep stage. With the deepening of NREM sleep,
the mutual information values of beta and delta increased, suggesting
coupling between the two EEG signals, increased dependence between
cortical regions, and increased sharing of information. This finding is
similar to the findings of a recent study that explored the commonality
of EEG functionally connected populations, with functional
connectivity intensity increasing significantly in the delta and beta
bands as NREM sleep deepened (55). In addition to mutual
information as a functional connectivity metric, other feature
extraction methods for sleep EEG, such as the power method, also
have strong specificity in beta and delta bands. In a study that used 73
features in the time domain to classify sleep stages, the EEG power ratio
of delta and beta was the most successful measure for distinguishing
between awake and deep sleep (classification error of 1%). It was also
the single best performing measure in distinguishing all five stages (56).
In another large-scale EEG spectrum analysis, it is also verified that the
mean power density of beta and delta bands is significantly different
(57). Similarly, a study that analyzed changes in brain activity during
sleep using a combination of signal power and two functional
connectivity indicators also found that changes in delta power and
connectivity were among the most relevant classification features (58).
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In addition, we also found that the functional connectivity strength of
each sleep rhythm wave in the W stage was lower, which was
considered to be related to the more active brain activity in the
waking stage (59). The functional connectivity strength of each sleep
wave in the N2 and N3 stages is relatively high, indicating that during
deep sleep, the complexity of brain activity is reduced, which is related
to the increase of shared information in the regions (60). Moreover, due
to the further decline in consciousness level, the interference from
external information is reduced, and the cerebral cortex
interdependence and synchronization are enhanced (61).

Another interesting finding is that except for theta and sawtooth,
the functional connections of the other four frequency bands are not
significantly different in the N1 and REM stages. In terms of the
waveform, the background wave in the REM stages is similar to the
N1 waveform in EEG, which is a low amplitude wave of 3-7 Hz (62).
Moreover, a study on the relationship between finger twitch and key
sleep parameters suggests that the finger twitch density in N1 and
REM stages is similar and difficult to distinguish (63). Because of the
feature similarity between N1 and REM stages, in order to improve
the accuracy of sleep staging, many studies combine stages N1 and
REM into one stage to train classifiers (64, 65). However, it is still
necessary to distinguish each stage clinically, and the accuracy of
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classifying the N1 stage is usually lower than other stages (62), so it is
particularly challenging to distinguish the N1 stage from the REM
stage. Therefore, it is still necessary to further find the characteristics
to effectively distinguish the N1 stage from the REM stage.

4.2 Functional connectivity features of
effective age grouping for sleep staging

According to the statistical analysis of different age groups, it is
found that there are significant differences in brain functional
connections between young people with old people and young
people with middle-aged people, but there is no significant difference
between middle-aged people and old people. For example, the
functional connectivity comparison of beta, sawtooth, spindle, and
theta in different age groups in different sleep stages shows that
differences are significant between youth and middle age, youth and
old age, especially spindle wave (sigma frequency), which is
significantly different between youth and old age in each sleep stage.
This is consistent with the results of another study (66), suggesting that
the density, amplitude, and power of sleep spindles in the elderly are
low. A study using cross-spectral coherence to evaluate the functional
connectivity of EEG shows that compared with young people, the
elderly show lower functional connectivity in the N2 stage, but higher
connectivity in the REM and N3 stage. REM has lower EEG functional
connectivity than N3, especially in young people (67). Another research
combining EEG and fMRI to study brain functional connectivity found
(68), that compared with young people, the connectivity between
thalamus/basal ganglia and several brain regions and frontal lobe
regions of various networks in the elderly decreased less, which led
to slow response, increased mild sleep and piecemeal sleep, and had an
age effect on sleep-dependent brain plasticity. All the above conclusions
reflect that the brain functional connections were significantly different
between young and old people, which is similar to our research
findings. One point that cannot be ignored in our research is that no
significant difference in mutual information values of all frequency
bands between middle-aged and old-aged waves at different sleep
stages. To sum up, the results of this study reflect that the sleep
function connection of young people is quite different from that of
middle-aged and old people, but no obvious difference between
middle-aged and old people. The accuracy of existing sleep staging
algorithms based on EEG functional connectivity is generally low,
which may be related to the failure to distinguish the age of the
extracted samples. According to the results of this study, age can be
used as a variable, and the samples can be divided into young groups
and middle old aged groups for feature extraction and modeling, in
order to improve the accuracy of sleep staging.

4.3 Functional connectivity features of
effective gender grouping for sleep staging

The group division and statistical analysis according to gender
found that the EEG mutual information value of female samples in
all sleep stages was generally higher than that of males, the
functional connectivity difference between different genders was
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significant, and the strength of brain functional connectivity of
female was greater than that of male. This is mainly reflected in the
EEG samples in the frequency band above 8 Hz, and there is a
significant difference between males and females in terms of brain
functional connectivity in the high-frequency band of EEG, but no
significant difference in the low-frequency. There have been many
previous exploratory studies using gender as a variable, for example,
in a study in which the weighted phase lag index of sleep EEG
reflected the functional brain connectivity of people of different
genders, the results responded to significantly greater connectivity
in female than in male in the high sigma frequency range, but the
opposite pattern was observed in the alpha, low sigma, and beta
frequency ranges (69). Another study using the same index
calculation noted that synchronization strength showed
significant gender differences in all stages and bands, being higher
in females during the NREM stage and higher in males during the
W and REM stages in the alpha and beta bands (70). All of these
findings suggest differences in functional connectivity for sleep
staging by gender. This is similar to the results of the present
study. In addition, we also found that the spindle has the most
significant functional connectivity differences by gender, and its MI
values in sleep stages were significantly different between male and
female comparisons. The above findings are in perfect agreement
with those in a previous study exploring gender differences in sleep
neurophysiology in adolescents using sleep EEG (71), where the
conclusions exposed that females have higher sleep spindle waves
compared to males, which may imply stronger thalamocortical
circuits in adolescent females compared to males, as well as in
contrast to the low-frequency bands (< 11 Hz) of the absolute power
of the sleep EEG between males and females which did not show
differences. Not only in adolescents, but also in adult sleep EEG
studies (69), similar gender differences exist in the alpha and sigma
bands of the NREM stage, suggesting that these gender differences
are generalized across the human lifespan. Moreover, it has been
observed in MRI studies that both anatomical connectivity (72) and
functional connectivity (73) are stronger in females. In summary, it
is necessary to extract the EEG features of different genders
separately as classification and recognition to improve the accuracy.

4.4 Analysis of sleep staging
classification performance

Groups were divided for sleep staging classification according to
gender and age using SVM, KNN, and RF models. The accuracy of
the sleep staging results using the RF algorithm was the highest, the
average accuracy of the test set overall was 50.14%, and the average
accuracy of the grouping increased to 53.72%, of which the accuracy
of the grouping of young women was the highest of 62.61%.
Although the sleep staging performance was not so good, which
may be attributed to the fact that our EEG had only two bipolar
channels and a total of six functional connectivity features were
extracted, there were differences in the classification accuracy
between the groups, and the accuracy of the majority of the
grouping was greater than the overall average, which suggests that
the accuracy of the sleep staging was affected by gender and age, and
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grouping improved the accuracy of sleep staging. The effect of the
age variable on classification accuracy has been mentioned in a few
experiments on sleep staging, such as a study on sleep staging using
wavelets for feature extraction and the Random Forest method for
classification, the results of which found that the age of the subjects
affects the performance of the model, but there is a lack of in-depth
research on this (74). Even fewer studies have been conducted on
sleep staging models differentiating on gender. In a previous EEG
study exploring differences in brain function between adults and
older adults, the SVM classifier was used with 93% accuracy when
categorizing the brain by age group (52). Another study found
gender differences in EEG functional connectivity between sleep
stages and resting wake states based on weighted phase lag indices
(70). This coincides with our findings.

4.5 Limitations

In this study, mutual information was used to explore age and
gender differences in sleep EEG functional connectivity in
individuals with mild difficulty falling asleep. Although the results
of this study may be novel and valuable, some limitations should be
considered. First, the current study included only 135 samples, and
the results obtained can be used as a research reference and cannot
provide definitive conclusions. Second, the results of sleep staging
performance, although improved after fine grouping by age and
gender, are not sufficient for use in practical applications, possibly
due to the use of only six functionally connected features. In the
future, we will further expand the sample size, analyze other EEG
features and select the optimal sleep EEG features, and explore deep
learning algorithms to further determine whether grouping by age
and gender still improves sleep staging accuracy.

5 Conclusion

This study attempts to reveal the differences of age and gender
in sleep EEG functional connectivity based on functional
connectivity statistical analysis and machine learning validation.
The findings suggest that delta and beta functional connectivity can
be used as a potential electrophysiological marker for sleep staging.
There were significant differences in sleep functional connectivity in
both gender and age, as corroborated by the accuracy of grouping
by age and gender in a sleep staging experiment based on brain
functional connectivity. Therefore, in the study of, group division
needs to be more carefully formulated after analyzing the changing
pattern of sleep stages based on functional connectivity. The present
study will provide a theoretical basis for the use of EEG functional
connectivity in sleep auto staging at a deeper level.

Frontiers in Psychiatry

10

10.3389/fpsyt.2024.1433316

Data availability statement

Publicly available datasets were analyzed in this study. This data
can be found here: https://physionet.org/content/sleep-edfx/1.0.0/.
Further inquiries can be directed to the corresponding author(s).

Ethics statement

Ethical approval was not required for this study of human
participants in accordance with the local legislation and
institutional requirements. Written informed consent from
the participants was not required to participate in this study
in accordance with the national legislation and the
institutional requirements.

Author contributions

XL: Writing — original draft, Writing — review & editing. BZ:
Writing — original draft. JS: Writing — original draft. YZ: Writing -
original draft. GL: Writing - original draft, Writing — review
& editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This
research was funded in part by the Jinhua Key Science and
Technology Program Projects, grant numbers 2023-3-154 and
2023-3-157.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

frontiersin.org


https://physionet.org/content/sleep-edfx/1.0.0/
https://doi.org/10.3389/fpsyt.2024.1433316
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org

Luo et al.

References

1. Saper CB, Fuller PM, Pedersen NP, Lu J, Scammell TE. Sleep state switching.
Neuron. (2010) 68:1023-42. doi: 10.1016/j.neuron.2010.11.032

2. Meyer N, Harvey AG, Lockley SW, Dijk DJ. Circadian rhythms and disorders of
the timing of sleep. Lancet (London England). (2022) 400:1061-78. doi: 10.1016/S0140-
6736(22)00877-7

3. della Monica C, Johnsen S, Atzori G, Groeger JA, Dijk D-J. Rapid eye movement
sleep, sleep continuity and slow wave sleep as predictors of cognition, mood, and
subjective sleep quality in healthy men and women, aged 20-84 years. Front Psychiatry.
(2018) 9. doi: 10.3389/fpsyt.2018.00255

4. Irwin MR. Sleep and inflammation: partners in sickness and in health. Nat Rev
Immunol. (2019) 19:702-15. doi: 10.1038/s41577-019-0190-z

5. Kjaerby C, Andersen M, Hauglund N, Untiet V, Dall C, Sigurdsson B, et al.
Memory-enhancing properties of sleep depend on the oscillatory amplitude of
norepinephrine. Nat Neurosci. (2022) 25:1059-70. doi: 10.1038/s41593-022-01102-9

6. Girardeau G, Lopes-Dos-Santos V. Brain neural patterns and the memory
function of sleep. Sci (New York N.Y.). (2021) 374:560-4. doi: 10.1126/science.abi8370

7. Hsu A-L, Li M-K, Kung Y-C, Wang ZJ, Lee H-C, Li C-W, et al. Temporal
consistency of neurovascular components on awakening: preliminary evidence from
electroencephalography, cerebrovascular reactivity, and functional magnetic resonance
imaging. Front Psychiatry. (2023) 14. doi: 10.3389/fpsyt.2023.1058721

8. Gagnon K, Bolduc C, Bastien L, Godbout R, Sleep EEG Activity REM. and clinical
correlates in adults with autism. Front Psychiatry. (2021) 12. doi: 10.3389/fpsyt.2021.659006

9. Wang X-Q, Wang D-Q, Bao Y-P, Liu J-J, Chen J, Wu S-W, et al. Preliminary
study on changes of sleep EEG power and plasma melatonin in male patients with
major depressive disorder after 8 weeks treatment. Front Psychiatry. (2021) 12.
doi: 10.3389/fpsyt.2021.736318

10. Martinez C, Chen ZS. Identification of atypical sleep microarchitecture
biomarkers in children with autism spectrum disorder. Front Psychiatry. (2023) 14.
doi: 10.3389/fpsyt.2023.1115374

11. Guarnieri B, Sorbi S. Sleep and cognitive decline: A strong bidirectional
relationship. It is time for specific recommendations on routine assessment and the
management of sleep disorders in patients with mild cognitive impairment and
dementia. Eur Neurol. (2015) 74:43-8. doi: 10.1159/000434629

12. Irwin MR, Vitiello MV. Implications of sleep disturbance and inflammation for
Alzheimer's disease dementia. Lancet Neurol. (2019) 18:296-306. doi: 10.1016/S1474-
4422(18)30450-2

13. Covassin N, Singh P. Sleep duration and cardiovascular disease risk:
epidemiologic and experimental evidence. Sleep Med Clinics. (2016) 11:81-9.
doi: 10.1016/j.jsmc.2015.10.007

14. Cappuccio FP, D'Elia L, Strazzullo P, Miller MA. Sleep duration and all-cause
mortality: a systematic review and meta-analysis of prospective studies. Sleep. (2010)
33:585-92. doi: 10.1093/sleep/33.5.585

15. Hertenstein E, Feige B, Gmeiner T, Kienzler C, Spiegelhalder K, Johann A, et al.
Insomnia as a predictor of mental disorders: A systematic review and meta-analysis.
Sleep Med Rev. (2019) 43:96-105. doi: 10.1016/j.smrv.2018.10.006

16. Pigeon WR, Pinquart M, Conner K. Meta-analysis of sleep disturbance and
suicidal thoughts and behaviors. J Clin Psychiatry. (2012) 73:¢1160-7. doi: 10.4088/
JCP.11r07586

17. Buysse DJ. Insomnia. Jama. (2013) 309:706-16. doi: 10.1001/jama.2013.193

18. Topaloglu-Ak A, Kurtulmus H, Basa S, Sabuncuoglu O. Can sleeping habits be
associated with sleep bruxism, temporomandibular disorders and dental caries among
children? Dental Med Prob. (2022) 59:517-22. doi: 10.17219/dmp/150615

19. Seweryn P, Orzeszek SM, Waliszewska-Prosol M, Jenca A, Osiewicz M,
Paradowska-Stolarz A, et al. Relationship between pain severity, satisfaction with life
and the quality of sleep in Polish adults with temporomandibular disorders. Dental
Med Prob. (2023) 60:609-17. doi: 10.17219/dmp/171894

20. Kamel NS, Gammack JK. Insomnia in the elderly: cause, approach, and
treatment. Am ] Med. (2006) 119:463-9. doi: 10.1016/j.amjmed.2005.10.051

21. Streatfeild J, Smith ], Mansfield D, Pezzullo L, Hillman D. The social and
economic cost of sleep disorders. Sleep. (2021) 44:zsab132. doi: 10.1093/sleep/zsab132

22. Roach M, Juday T, Tuly R, Chou JW, Jena AB, Doghramji PP. Challenges and
opportunities in insomnia disorder. Int J Neurosci. (2021) 131:1058-65. doi: 10.1080/
00207454.2020.1773460

23. Rodriguez-Sotelo JL, Osorio-Forero A, Jiménez-Rodriguez A, Cuesta-Frau D,
Cirugeda-Roldan E, Peluffo D. Automatic sleep stages classification using EEG entropy
features and unsupervised pattern analysis techniques. Entropy. (2014) 16:6573-89.
doi: 10.3390/e16126573

24. Arslan RS, Ulutas H, Koksal AS, Bakir M, Cift¢i B. Automated sleep scoring
system using multi-channel data and machine learning. Comput Biol Med. (2022)
146:105653. doi: 10.1016/j.compbiomed.2022.105653

25. Zhao X, Sun G. A multi-class automatic sleep staging method based on
photoplethysmography signals. Entropy (Basel Switzerland). (2021) 23:116.
doi: 10.3390/€23010116

Frontiers in Psychiatry

11

10.3389/fpsyt.2024.1433316

26. Castro-Zaballa S, Cavelli ML, Gonzalez J, Nardi AE, MaChado S, Scorza C, et al.
EEG 40 hz coherence decreases in REM sleep and ketamine model of psychosis. Front
Psychiatry. (2019) 9. doi: 10.3389/fpsyt.2018.00766

27. Berry RB, Brooks R, Gamaldo C, Harding SM, Lloyd RM, Quan SF, et al. AASM
scoring manual updates for 2017 (Version 2.4). J Clin sleep Med JCSM Off Publ Am
Acad Sleep Med. (2017) 13:665-6. doi: 10.5664/jcsm.6576

28. Mikkelsen KB, Villadsen DB, Otto M, Kidmose P. Automatic sleep staging using
ear-EEG. Biomed Eng Online. (2017) 16:111. doi: 10.1186/s12938-017-0400-5

29. Liu D, Dan Y. A motor theory of sleep-wake control: arousal-action circuit.
Annu Rev Neurosci. (2019) 42:27-46. doi: 10.1146/annurev-neuro-080317-061813

30. Karsten ], Hagenauw LA, Kamphuis J, Lancel M. Low doses of mirtazapine or
quetiapine for transient insomnia: A randomised, double-blind, cross-over, placebo-
controlled trial. J Psychopharmacol (Oxford England). (2017) 31:327-37. doi: 10.1177/
0269881116681399

31. Zhang Y, Ren R, Sanford LD, Yang L, Zhou J, Tan L, et al. Sleep in Parkinson's
disease: A systematic review and meta-analysis of polysomnographic findings. Sleep
Med Rev. (2020) 51:101281. doi: 10.1016/j.smrv.2020.101281

32. Zhang Y, Ren R, Yang L, Zhang H, Shi Y, Okhravi HR, et al. Sleep in Alzheimer's
disease: a systematic review and meta-analysis of polysomnographic findings. Trans
Psychiatry. (2022) 12:136. doi: 10.1038/s41398-022-01897-y

33. Phan H, Mikkelsen K. Automatic sleep staging of EEG signals: recent
development, challenges, and future directions. Physiol measurement. (2022)
43:04TRO1. doi: 10.1088/1361-6579/ac6049

34. Chriskos P, Frantzidis CA, Nday CM, Gkivogkli PT, Bamidis PD, Kourtidou-
Papadeli C. A review on current trends in automatic sleep staging through bio-signal
recordings and future challenges. Sleep Med Rev. (2021) 55:101377. doi: 10.1016/
j.smrv.2020.101377

35. Chriskos P, Frantzidis CA, Gkivogkli PT, Bamidis PD, Kourtidou-Papadeli C.
Automatic sleep staging employing convolutional neural networks and cortical
connectivity images. IEEE Trans Neural Networks Learn Syst. (2020) 31:113-23.
doi: 10.1109/TNNLS.5962385

36. Sen B, Peker M, Cavusoglu A, Celebi FV. A comparative study on classification
of sleep stage based on EEG signals using feature selection and classification algorithms.
J Med Syst. (2014) 38:18. doi: 10.1007/s10916-014-0018-0

37. Acharya UR, Bhat S, Faust O, Adeli H, Chua EC, Lim W], et al. Nonlinear
dynamics measures for automated EEG-based sleep stage detection. Eur Neurol. (2015)
74:268-87. doi: 10.1159/000441975

38. Huang W, Guo B, Shen Y, Tang X, Zhang T, Li D, et al. Sleep staging algorithm
based on multichannel data adding and multifeature screening. Comput Methods
programs Biomed. (2020) 187:105253. doi: 10.1016/j.cmpb.2019.105253

39. Denis D, Bottary R, Cunningham TJ, Zeng S, Daffre C, Oliver KL, et al. Sleep
power spectral density and spindles in PTSD and their relationship to symptom
severity. Front Psychiatry. (2021) 12. doi: 10.3389/fpsyt.2021.766647

40. Cantero JL, Atienza M, Salas RM. Spectral features of EEG alpha activity in
human REM sleep: two variants with different functional roles? Sleep. (2000) 23:746—
50. doi: 10.1093/sleep/23.6.1b

41. Miskovic V, MacDonald KJ, Rhodes L], Cote KA. Changes in EEG multiscale
entropy and power-law frequency scaling during the human sleep cycle. Hum Brain
Mapp. (2019) 40:538-51. doi: 10.1002/hbm.24393

42. Achermann P, Borbély AA. Temporal evolution of coherence and power in the
human sleep electroencephalogram. J sleep Res. (1998) 7 Suppl 1:36-41. doi: 10.1046/
j.1365-2869.7.51.6.x

43. Zhao D, Wang Y, Wang Q, Wang X. Comparative analysis of different
characteristics of automatic sleep stages. Comput Methods programs Biomed. (2019)
175:53-72. doi: 10.1016/j.cmpb.2019.04.004

44. Zhang Y, Zhang X, Liu W, Luo Y, Yu E, Zou K, et al. Automatic sleep staging
using multi-dimensional feature extraction and multi-kernel fuzzy support vector
machine. J Healthcare Eng. (2014) 5:505-20. doi: 10.1260/2040-2295.5.4.505

45. Li Q, Steeg GV, Yu S, Malo J. Functional connectome of the human brain with
total correlation. Entropy (Basel Switzerland). (2022) 24:1725. doi: 10.3390/e24121725

46. Horwitz B. The elusive concept of brain connectivity. Neuroimage. (2003)
19:466-70. doi: 10.1016/S1053-8119(03)00112-5

47. Vink JJT, Klooster DCW, Ozdemir RA, Westover MB, Pascual-Leone A, Shafi
MM. EEG functional connectivity is a weak predictor of causal brain interactions. Brain
Topograph. (2020) 33:221-37. doi: 10.1007/s10548-020-00757-6

48. Rolle CE, Fonzo GA, Wu W, Toll R, Jha MK, Cooper C, et al. Cortical
connectivity moderators of antidepressant vs placebo treatment response in major
depressive disorder: secondary analysis of a randomized clinical trial. JAMA Psychiatry.
(2020) 77:397-408. doi: 10.1001/jamapsychiatry.2019.3867

49. van Mierlo P, Papadopoulou M, Carrette E, Boon P, Vandenberghe S, Vonck K,
et al. Functional brain connectivity from EEG in epilepsy: seizure prediction and
epileptogenic focus localization. Prog Neurobiol. (2014) 121:19-35. doi: 10.1016/
j.pneurobio.2014.06.004

frontiersin.org


https://doi.org/10.1016/j.neuron.2010.11.032
https://doi.org/10.1016/S0140-6736(22)00877-7
https://doi.org/10.1016/S0140-6736(22)00877-7
https://doi.org/10.3389/fpsyt.2018.00255
https://doi.org/10.1038/s41577-019-0190-z
https://doi.org/10.1038/s41593-022-01102-9
https://doi.org/10.1126/science.abi8370
https://doi.org/10.3389/fpsyt.2023.1058721
https://doi.org/10.3389/fpsyt.2021.659006
https://doi.org/10.3389/fpsyt.2021.736318
https://doi.org/10.3389/fpsyt.2023.1115374
https://doi.org/10.1159/000434629
https://doi.org/10.1016/S1474-4422(18)30450-2
https://doi.org/10.1016/S1474-4422(18)30450-2
https://doi.org/10.1016/j.jsmc.2015.10.007
https://doi.org/10.1093/sleep/33.5.585
https://doi.org/10.1016/j.smrv.2018.10.006
https://doi.org/10.4088/JCP.11r07586
https://doi.org/10.4088/JCP.11r07586
https://doi.org/10.1001/jama.2013.193
https://doi.org/10.17219/dmp/150615
https://doi.org/10.17219/dmp/171894
https://doi.org/10.1016/j.amjmed.2005.10.051
https://doi.org/10.1093/sleep/zsab132
https://doi.org/10.1080/00207454.2020.1773460
https://doi.org/10.1080/00207454.2020.1773460
https://doi.org/10.3390/e16126573
https://doi.org/10.1016/j.compbiomed.2022.105653
https://doi.org/10.3390/e23010116
https://doi.org/10.3389/fpsyt.2018.00766
https://doi.org/10.5664/jcsm.6576
https://doi.org/10.1186/s12938-017-0400-5
https://doi.org/10.1146/annurev-neuro-080317-061813
https://doi.org/10.1177/0269881116681399
https://doi.org/10.1177/0269881116681399
https://doi.org/10.1016/j.smrv.2020.101281
https://doi.org/10.1038/s41398-022-01897-y
https://doi.org/10.1088/1361-6579/ac6049
https://doi.org/10.1016/j.smrv.2020.101377
https://doi.org/10.1016/j.smrv.2020.101377
https://doi.org/10.1109/TNNLS.5962385
https://doi.org/10.1007/s10916-014-0018-0
https://doi.org/10.1159/000441975
https://doi.org/10.1016/j.cmpb.2019.105253
https://doi.org/10.3389/fpsyt.2021.766647
https://doi.org/10.1093/sleep/23.6.1b
https://doi.org/10.1002/hbm.24393
https://doi.org/10.1046/j.1365-2869.7.s1.6.x
https://doi.org/10.1046/j.1365-2869.7.s1.6.x
https://doi.org/10.1016/j.cmpb.2019.04.004
https://doi.org/10.1260/2040-2295.5.4.505
https://doi.org/10.3390/e24121725
https://doi.org/10.1016/S1053-8119(03)00112-5
https://doi.org/10.1007/s10548-020-00757-6
https://doi.org/10.1001/jamapsychiatry.2019.3867
https://doi.org/10.1016/j.pneurobio.2014.06.004
https://doi.org/10.1016/j.pneurobio.2014.06.004
https://doi.org/10.3389/fpsyt.2024.1433316
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org

Luo et al.

50. Imperatori LS, Betta M, Cecchetti L, Canales-Johnson A, Ricciardi E, Siclari F,
et al. EEG functional connectivity metrics wPLI and wSMI account for distinct types of
brain functional interactions. Sci Rep. (2019) 9:8894. doi: 10.1038/s41598-019-45289-7

51. Huang H, Zhang ], Zhu L, Tang J, Lin G, Kong W, et al. EEG-based sleep staging
analysis with functional connectivity. Sens. (Basel Switzerland). (2021) 21:8894.
doi: 10.3390/s21061988

52. Moezzi B, Pratti LM, Hordacre B, Graetz L, Berryman C, Lavrencic LM, et al.
Characterization of young and old adult brains: an EEG functional connectivity
analysis. Neuroscience. (2019) 422:230-9. doi: 10.1016/j.neuroscience.2019.08.038

53. Li L, Nakamura T, Hayano J, Yamamoto Y. Age and gender differences in
objective sleep properties using large-scale body acceleration data in a Japanese
population. Sci Rep. (2021) 11:9970. doi: 10.1038/s41598-021-89341-x

54. Hong JK, Lee HJ, Chung S, Yoon IY. Differences in sleep measures and waking
electroencephalography of patients with insomnia according to age and sex. J Clin sleep
Med JCSM Off Publ Am Acad Sleep Med. (2021) 17:1175-82. doi: 10.5664/jcsm.9156

55. Liao YY, Zhou GL, Liang JX, Zhang XM, Guo XW, Luo YX. Overall population
generalities, sex differences, and individual differences in sleep electroencephalography
functional connectivity. IEEE Access. (2019) 7:160901-15. doi: 10.1109/Access.6287639

56. Susmakova K, Krakovska A. Discrimination ability of individual measures used
in sleep stages classification. Artif Intell Med. (2008) 44:261-77. doi: 10.1016/
j.artmed.2008.07.005

57. Mariani S, Tarokh L, Djonlagic I, Cade BE, Morrical MG, Yaffe K, et al.
Evaluation of an automated pipeline for large-scale EEG spectral analysis: the
National Sleep Research Resource. Sleep Med. (2018) 47:126-36. doi: 10.1016/
j.sleep.2017.11.1128

58. Imperatori LS, Cataldi J, Betta M, Ricciardi E, Ince RAA, Siclari F, et al. Cross-
participant prediction of vigilance stages through the combined use of wPLI and wSMI
EEG functional connectivity metrics. Sleep. (2021) 44:zsaa247. doi: 10.1093/sleep/
zsaa247

59. Aydin S, Tunga MA, Yetkin S. Mutual information analysis of sleep EEG in
detecting psycho-physiological insomnia. ] Med Syst. (2015) 39:43. doi: 10.1007/
510916-015-0219-1

60. Migliorelli C, Bachiller A, Andrade AG, Alonso JF, Mafianas MA, Borja C, et al.
Alterations in EEG connectivity in healthy young adults provide an indicator of sleep
depth. Sleep. (2019) 42:252081. doi: 10.1093/sleep/zsz081

61. Ramanand P, Bruce MC, Bruce EN. Mutual information analysis of EEG signals
indicates age-related changes in cortical interdependence during sleep in middle-aged
versus elderly women. J Clin Neurophysiol Off Publ Am Electroencephal Soc. (2010)
27:274-84. doi: 10.1097/WNP.0b013e3181eaa9f5

Frontiers in Psychiatry

12

10.3389/fpsyt.2024.1433316

62. Gharbali AA, Najdi S, Fonseca JM. Investigating the contribution of distance-
based features to automatic sleep stage classification. Comput Biol Med. (2018) 96:8-23.
doi: 10.1016/j.compbiomed.2018.03.001

63. Reiter AM, Roach GD, Sargent C, Lack L. Finger twitches are more frequent in
REM sleep than in non-REM sleep. Nat Sci sleep. (2020) 12:49-56. doi: 10.2147/NSS

64. Mahvash Mohammadi S, Kouchaki S, Ghavami M, Sanei S. Improving time-
frequency domain sleep EEG classification via singular spectrum analysis. ] Neurosci
Methods. (2016) 273:96-106. doi: 10.1016/j.jneumeth.2016.08.008

65. Guo CZ, Lu FL, Liu SY, Xu WCleee. (2015). Sleep EEG staging based on Hilbert-
Huang transform and sample entropy, in: 7th International Conference on
Computational Intelligence and Communication Networks (CICN), Ieee, Jabalpur,
INDIA. pp. 442-5.

66. Gaudreault PO, Gosselin N, Lafortune M, Deslauriers-Gauthier S, Martin N,
Bouchard M, et al. The association between white matter and sleep spindles differs in
young and older individuals. Sleep. (2018) 41:zsy113. doi: 10.1093/sleep/zsy113

67. Bouchard M, Lina JM, Gaudreault PO, Dubé J, Gosselin N, Carrier J. EEG
connectivity across sleep cycles and age. Sleep. (2020) 43:z52236. doi: 10.1093/sleep/
252236

68. Daneault V, Orban P, Martin N, Dansereau C, Godbout J, Pouliot P, et al.
Cerebral functional networks during sleep in young and older individuals. Sci Rep.
(2021) 11:4905. doi: 10.1038/s41598-021-84417-0

69. Ujma PP, Konrad BN, Simor P, Gombos F, Kérmendi J, Steiger A, et al. Sleep
EEG functional connectivity varies with age and sex, but not general intelligence.
Neurobiol Aging. (2019) 78:87-97. doi: 10.1016/j.neurobiolaging.2019.02.007

70. Liao Y, Zhou G, Luo YX. (2019). Sex difterence in EEG functional connectivity
during sleep stages and resting wake state based on weighted phase lag index, in:
Annual International Conference of the IEEE Engineering in Medicine and Biology
Society. IEEE Engineering in Medicine and Biology Society. Annual International
Conference, , Vol. 2019. pp. 648-51.

71. Markovic A, Kaess M, Tarokh L. Gender differences in adolescent sleep
neurophysiology: a high-density sleep EEG study. Sci Rep. (2020) 10:15935.
doi: 10.1038/s41598-020-72802-0

72. Sanchez-Vives MV, McCormick DA. Cellular and network mechanisms of rhythmic
recurrent activity in neocortex. Nat Neurosci. (2000) 3:1027-34. doi: 10.1038/79848

73. Tomasi D, Volkow ND. Gender differences in brain functional connectivity
density. Hum Brain Mapp. (2012) 33:849-60. doi: 10.1002/hbm.21252

74. Moris E, Larrabide I. Evaluating sleep-stage classification: how age and early-late
sleep affects classification performance. Med Biol Eng Computing. (2024) 62:343-55.
doi: 10.1007/s11517-023-02943-7

frontiersin.org


https://doi.org/10.1038/s41598-019-45289-7
https://doi.org/10.3390/s21061988
https://doi.org/10.1016/j.neuroscience.2019.08.038
https://doi.org/10.1038/s41598-021-89341-x
https://doi.org/10.5664/jcsm.9156
https://doi.org/10.1109/Access.6287639
https://doi.org/10.1016/j.artmed.2008.07.005
https://doi.org/10.1016/j.artmed.2008.07.005
https://doi.org/10.1016/j.sleep.2017.11.1128
https://doi.org/10.1016/j.sleep.2017.11.1128
https://doi.org/10.1093/sleep/zsaa247
https://doi.org/10.1093/sleep/zsaa247
https://doi.org/10.1007/s10916-015-0219-1
https://doi.org/10.1007/s10916-015-0219-1
https://doi.org/10.1093/sleep/zsz081
https://doi.org/10.1097/WNP.0b013e3181eaa9f5
https://doi.org/10.1016/j.compbiomed.2018.03.001
https://doi.org/10.2147/NSS
https://doi.org/10.1016/j.jneumeth.2016.08.008
https://doi.org/10.1093/sleep/zsy113
https://doi.org/10.1093/sleep/zsz236
https://doi.org/10.1093/sleep/zsz236
https://doi.org/10.1038/s41598-021-84417-0
https://doi.org/10.1016/j.neurobiolaging.2019.02.007
https://doi.org/10.1038/s41598-020-72802-0
https://doi.org/10.1038/79848
https://doi.org/10.1002/hbm.21252
https://doi.org/10.1007/s11517-023-02943-7
https://doi.org/10.3389/fpsyt.2024.1433316
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org

	Effects of gender and age on sleep EEG functional connectivity differences in subjects with mild difficulty falling asleep
	1 Introduction
	2 Materials and methods
	2.1 Data introduction
	2.2 EEG signal preprocessing
	2.3 Functional connectivity calculation
	2.4 Classification models and evaluation metrics
	2.5 Statistical analysis method

	3 Results
	4 Discussion
	4.1 Functional connectivity features of effective sleep rhythms for sleep staging
	4.2 Functional connectivity features of effective age grouping for sleep staging
	4.3 Functional connectivity features of effective gender grouping for sleep staging
	4.4 Analysis of sleep staging classification performance
	4.5 Limitations

	5 Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note
	References


