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ABSTRACT

Dysfunction in ephaptic entrainment may contribute to the pathophysiology of Major Depressive Disorder (MDD) by affecting the

dynamics of neuronal activity. In this study, we tested this hypothesis using multiscale entropy (MSE) analysis, which quantifies

the complexity inherent in time series data. Our investigation involved the analysis of electroencephalographic (EEG) data

acquired from patients with Major Depressive Disorder (MDD), alongside simulated neural network data with and without the

inclusion of ephaptic effects. The results revealed changes in brain signal complexity associated with the disorder, suggesting

an impact of the ephapticity function on the dysregulation of neural dynamics in depression. We analyzed the dynamics of the

small-world network using the Ephaptic Quadratic Integrate-and-Fire (QIF-E) neuronal model with ephapticity modulation. We

modified the network topology and neuronal parameters based on empirical data related to depression. The entropy approach

allowed us to quantify the irregularity and unpredictability of simulated neuronal signals at various time scales and compare

them with real EEG results. Our simulated results suggest that the neural network without ephapticity presented statistical

similarity in terms of entropy with the brain networks of individuals with MDD, as observed in the EEG signals. Specifically, we

observed an increase in the mean entropy and a reduction in the dispersion of this mean compared to the CG (or ephaptic

simulated group). Analysis reveals a predisposition among neural networks within the MG to converge upon a less adaptable

terminal state, even in demonstrably higher variability and complexity within individual EEG time series. This comparative

analysis aimed to evaluate the role of ephaptic coupling malfunction in the brain dynamics associated with MDD and shed light

on the function of ephaptic coupling in the regulation and promotion of multiple brain dynamic states in quasi-equilibrium in

healthy individuals.

Introduction

Neuroscience has increasingly relied on mathematical models and simulations to elucidate the complex dynamics of the brain1, 2.1

By employing mathematical approaches, researchers can explore how the structural organization of neural networks influences2

brain function and dynamics. Neural network topology mainly describes the arrangement of synaptic connections in the brain3,3

but recently, ephaptic interactions among neurons have been taken into account to properly describe brain dynamics4–8. The4

relevance of neuronal network models lies in their ability to bridge the gap between microscopic synaptic mechanisms and5

macroscopic brain dynamics, offering insights into both normal cognitive processes and pathological states9, 10. In this work,6

we employ neuronal network modeling to better understand the neuronal dynamics of Major Depressive Disorder (MDD).7

MDD is a prevalent and debilitating mental health condition that affects millions of individuals worldwide11, 12. Its8

relevance today is underscored by its association with reduced quality of life, increased healthcare costs, and heightened9

risks of comorbidities such as anxiety and cardiovascular diseases13. Neuroimaging studies show that people with MDD10

have reduced gray matter in the right dorsolateral prefrontal cortex (DLPFC)14. At the biochemical level, MDD is associated11

with dysregulation of monoaminergic systems, particularly serotonin, dopamine, and norepinephrine, which are essential for12

mood stabilization15. Moreover, MDD is not only associated with deficits in monoaminergic neurotransmitters, but also with13
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impaired glutamatergic and GABAergic signaling16, 17. In addition, MDD individuals have insufficient PFC function, reflected14

by reduced glucose metabolism and reduced cerebral blood flow18, 19. These changes are associated with symptoms such as15

persistent sadness, anhedonia, and cognitive deficits20. Understanding the neural dynamics of MDD is crucial for developing16

targeted therapeutic interventions for improving its outcomes.17

Neural communication occurs not only by direct transmission of signals but also by oscillatory drag and dynamic coupling18

between different frequencies21–23. Ephapticity can act, in this process, by promoting a local electric resonance, synchronizing19

or entraining neighboring neurons and stabilizing the transmission of information24, 25. Thus, ephapticity may act as a20

dynamic balancing mechanism, ensuring that neural communication is neither excessively chaotic nor excessively rigid5, 26, 27.21

Moreover, the complexity of brain dynamics arises from the interplay of neurons interconnected through synaptic and ephaptic22

interactions28. The neural network dynamical theory can model the intricate processes by which neural activity is regulated and23

adapted in response to changes in topology, synaptic and ephaptic strength29, 30. In the context of MDD, neural models may24

reveal disruptions in brain dynamics, including changes in dynamic complexity. Such dysregulation is thought to underlie the25

emotional and cognitive deficits observed in MDD, highlighting the importance of understanding brain dynamics for elucidating26

the disorder’s pathophysiology.27

In this work, we explore the MDD from a neuronal dynamic modeling perspective. Indeed, we combine two points:28

empirical EEG data from MDD and healthy individuals with mathematical modeling of a network of coupled neurons. We29

employ a complexity measure, the multiscale entropy, to quantify the spiking neuronal dynamics of both the empirical EEG30

data and the network neuronal model. A comparison between experimental data and the theoretical model enhances the31

understanding of the MDD phenomenon, uncovering new insights into the intricate dynamics of this problem. The outline32

of the manuscript is the following: in the methodology, we describe the empirical data, the neuronal theoretical model that33

encompasses synaptic and ephaptic coupling in a small-world network, and the Multiscale Entropy (MSE). In the results, we34

show how the MSE behaves over several time scales for the empirical and the neuronal modeling. Finally, we discuss the35

results based on recent literature of MDD neuronal and biochemical approaches. The comparison between experimental data36

and model can revels a key role of ephapticity in neural disorders.37

Methods38

Our study consists of two independent experiments. The first involves the analysis of the complexity of EEG signals from39

healthy individuals (CG) and individuals diagnosed with MDD. The second experiment, performed in silico, consists of40

the construction of a small-world neural network to investigate the brain dynamics associated with depression. To simulate41

depressive states, we modified the network topology and neuronal parameters based on graph theory and metrics extracted42

from previous studies on brain networks in depression. In addition, we incorporated ephaptic communication analysis into the43

simulated network and compared the statistical results of multiscale entropy obtained from the simulations with real EEG data.44

Subjects and Experimental Set-up45

Subjects46

The data collection was made with in a total of 58 participants, comprising 30 individuals diagnosed with Major Depressive47

Disorder (MDD Group, MG) and 28 healthy individuals (Control Group, CG). The MG had a mean age of 40 years (σ =±12),48

while the CG group had a mean age of 38 years (σ =±15 ). The participants recruitment of MG it happened in the Hospital49

University Sains Malaysia (HUSM), Malaysia, and a senior psychiatrists from the institution were confirmed the diagnosis.50

Both groups were instructed to abstain from smoking and the consumption of stimulants, such as caffeinated beverages, to51

minimize potential confounding effects. In addition, to perform the washout procedure, individuals in the MG were required to52

discontinue any medication for at least two weeks prior to participating in the study.53

A formal diagnosis of major depressive disorder was used such as the inclusion criterion for the MG. Exclusion criteria54

included the presence of psychotic symptoms, pregnancy, smoking, alcoholism, or epilepsy. Varying levels of depression55

severity, classified as mild, moderate, or severe, was observed in participants in the MG. The CG group was composed of56

individuals without any history of physical or mental disorders, verified through a screening process conducted at HUSM.57

Ethical approval for the study was obtained from the HUSM ethics committee, and all participants provided written informed58

consent. Additional details can be found in the original publication by Mumtaz et al.31.59

Data Collection60

A public dataset was used in this work. The dataset is available in figshare.com, under title “MDD Patients and Healthy61

Controls EEG Data (New), figshare. Dataset.31.”. The records in the dataset includes three experimental conditions (for62

both experimental groups): eyes closed (5 minutes), eyes open (5 minutes), and a P300 task (10 minutes). In this study, the63

eyes-closed 5-minutes was analyzed, such as a representative of a resting-state condition.64

EEG recordings were conducted using a Brain Master Systems amplifier with a sampling rate of 256 Hz, a band-pass filter65

ranging from 0.5 Hz to 70 Hz, and a 50 Hz notch filter. The recordings utilized 21 electrodes (Fp1, Fp2, F3, F4, F7, F8, Fz, T3,66
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T4, T5, T6, C3, C4, Cz, P3, P4, Pz, O1, O2, A1, and A2) positioned according to the international 10-20 system. Auricular67

electrodes were used as reference points during data acquisition31.68

Data Processing69

Data processing was performed using EEGLAB® (Arnaud Delorme and Scott Makeig, San Diego, CA, USA) in conjunction70

with MATLAB® (Cleve Moler, New Mexico, USA). Initially, auricular electrodes were removed, resulting in 19 channels,71

which were re-referenced to the Cz electrode. Subsequently, Cz was also excluded, leaving 18 channels for further analysis.72

The EEG signals were filtered with a band-pass range of 0.5 Hz to 48 Hz and segmented into epochs of 1.05 seconds.73

Artifacts caused by ocular movements or muscle activity exceeding a threshold of ±70 µV were automatically detected and74

removed. A subsequent visual inspection was conducted to ensure the quality of the data. After preprocessing, the number of75

valid epochs ranged from 168 to 286, corresponding to total recording durations between 2.56 seconds and 5 minutes32, 33.76

Firing neuron model with ephapticity77

The QIF-E6, 7, 28 is a simplified neuron model and a type of integrate-and-fire neuron that describes spikes in neurons coupled78

by electric difference between the neurons, which here is referred to as the ephaptic term (Equation (1)). In contrast to79

physiologically accurate but computationally expensive neuronal models, the QIF-E model produces standard action potential-80

like patterns and ignores subtleties such as control variables. According to Cunha et al.6, the ephaptic communication can be81

simulated with the QIF-E hybrid model, given by the equation:82

CmV̇m(t) = a.V 2
m(t)+b.Vm(t)

︸ ︷︷ ︸

Dynamic term

+ I0(t)
︸︷︷︸

Synaptic Current

− Iephap(t)
︸ ︷︷ ︸

Ephaptic Current

, (1)

where Cm is the membrane capacitance, Vm is the membrane potential difference, a and b are parameters related to the electrical83

properties of the neuron membrane, and current terms are related to communication stimuli.84

To perform the ephaptic coupling in the QIF-E, we consider all neurons are approximately spherical (cell soma), and do85

not account for propagation effects of the spikes along the axon. Therefore, the ephaptic term in the equation is estimated86

assuming that the membrane behaves like an electrical circuit6, 7, 28. The ephaptic term can be expressed by the equation28
87

I
(1)
ephap(t) = c(2)(V

(1)
m (t)−V

(2)
m (t)), where this is the ephaptic transmembrane current in the neuron (1) due to the ephaptic field88

of the neuron (2). Yet, c(2) is the ephaptic constant, related to the extracellular resistance and the membrane resistance6, 7, 28, 34–36.89

This model follows the electrical circuit’s approach.90

In addition, the I
(i)
0 (t) term corresponds to the synaptic input. In this work, the CUBA model was applied for synaptic91

modeling28, 37 which shows exponential decay I
(i)
0 (t) = ∑

N
k ̸=i ω(k)exp(−(t − t

(k)
0 )/τ), with the synaptic intensity ω(k) being92

non-zero in the presence of a synaptic connection between the neurons i and k. Besides, t
(k)
0 indicates the time when the93

pre-synaptic (k) neuron had a spike. Thereby, the QIF-E equation for ephaptic coupling is obtained by applying the ephaptic94

term in the equation (1). The case of the N-neurons system is computed by applying the electrical potential superposition95

principle. Thus, the general QIF-E N-neurons system description, which includes the synaptic and ephaptic communications, is96

provided by the equation below:97

CmV̇
(i)
m (t) = a.(V

(i)
m (t))2 +b.V

(i)
m (t)−

N

∑
j ̸=i

c( j).(V
(i)
m (t)−V

( j)
m (t))+

N

∑
k ̸=i

ω
(k).exp

−(t−t
(k)
0 )

τ (2)

where V
(i)
m is the voltage in the i-th neuron membrane. In addition, c( j) term expresses the ephaptic coupling weight for the j-th98

neuron, coupled to the i-th neuron. This term is different for each neuron pair (i, j), due to the dependence on the distance99

between the neurons of the ephaptic coupling28. By the other hand, the ephaptic term is equal for index change, i.e., to the pair100

(i, j) that configures an ephaptic pair, the c(i) = c( j).101

Furthermore, assuming a biological variance of cell features, a and b QIF-E parameters vary around a benchmark value.102

According to Cunha et al.7, 28, the ephaptic entrainment lies in characteristic frequency bands observed in the brain, in this103

way a and b parameters are assumed to vary around a main value. In this way, we applied a ±5% variance around the main104

values of a and b QIF-E parameters. This variability is assumed to apply to all simulated neurons. In addition, the (a,b) pair105

was chosen with the same variance percentage for each neuron. In this way, the biological variance (a(i),b(i)) assigned to each106

neuron provides richness in the network model.107

Thereby, the model constants applied in simulations performed for this study are shown in the table below:108
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Quantity Value Description Reference

Vrest -65 mV Rest Potential 38, 39

Vtresh -55 mV Excitation Thresholds 38, 39

Cm 1.10−2F/m2 Membrane Capacitance 40

Vpeak +55 mV Peak Value 38

c -70 mV Hyperpolarization Constant 38

Rm 2.10−1Ωm2 Resistance of the neuronal membrane 40

a 15±0.75 Quadratic Dynamic Variable 28

b 20±1 Linear Dynamic Variable 28

c( j) [0.001,0.05] Ephaptic Constant 28

Table 1. Cell membrane biophysical parameters employed in the simulation of the quadratic integrate-and-fire ephaptic model.

Network Topology109

The synaptic connection between neurons follows a small-world topology from the Watts and Strogatz (1998) model41. The110

network comprises 80% of excitatory neurons. The small-world network ensures that the information of the system has a111

short length and a high clustering coefficient41, 42. This topological arrangement is widely used to describe the information112

propagation across the brain, principally due to the low energetic cost28, 29, 42–46. On the other hand, the small-world topology113

provides a high level of network complexity42. These two properties are commonly associated with brain structure28, 29, 42–46.114

In this work, the same topological parameters used in recent work are applied, which described the complexity changes115

associated with communications equilibrium rearrangements28. Thus, rewiring probabilities were applied within a zero to116

hundred percent range (rp = [0,100]%). The neighborhood change in range [4,16] neighbors to each node (neuron).117

By the other hand, the ephaptic communication is applied in an all-to-all weighted network. The weight in the ephaptic118

communication is associated with the distance between connected neurons. In this sense, the QIF-E model exhibits two119

communications that possess a relation with system equilibrium28.120

To summarize, the signal obtained from the simulation is the Local Average Potential (LAP), which is the membrane121

potential average over all neurons present in the simulation. The LAP is calculated by expression LAP = 1
N ∑

N
i=1 V

(i)
m , with V

(i)
m122

are obtained by Euler integration in all equations set (1). In the present work, the LAP was used to analyze the connective123

changes’ impact made in the QIF-E networks.124

The simulations were performed with some parameters held constant and changes in networks’ connective parameters. In125

table 1, are shown the electrophysiological parameter values used in the equation (2). To obtain the LAP temporal series, the126

N = 100 was used, constant in all simulations performed.127

Changes in connective parameters are related to the synaptic structure in the simulations, as synaptic intensity, (ω(k)),128

rewiring probability, (rp), neighbors number, (nb), and at last the ephaptic weight, c′( j). For the synaptic intensity, simulations129

were performed to mimic weak (ω(k) = 5) and strong (ω(k) = 30) synaptic intensity28, 47. The probability of reconnection varied130

between rp = 10% and rp = 90%28, 41. The neighbor’s number assumes the values 4,8 and 1628. Finally, the ephaptic weight,131

c( j) vanishes when the simulations are nominated ephaptic OFF, and lies in the interval presented in table 1 in simulations132

which are ephaptic ON. To perform the simulations, the MATLAB® software was used. Additionally, the LAP temporal series133

was obtained from the simulations which apply the Euler integration approach in the set of coupling equations (2), with a134

time-step of 0.001, that is equivalent to 1ms.135

Multiscale Entropy136

The entropy is a measure commonly associated with information that is used to quantify complexity in systems48–52. The137

sample entropy (SE ) is a robust, widely applied and specially used in finite temporal series ({xi})1, being unresponsive to the138

length, or number of points, M of the time series50–53. The sample entropy is associated with time series regularity, and it is139

defined by the following equation50–54:140

SE(m,r,M;τ) =−ln

(

∑
M−m
i=1 nm+1

i

∑
M−m
i=1 nm

i

)

(3)

where nm
i denotes the conditional probability that two sequences will match for m points, with the tolerance r, in the time series,141

xi with M points50–53.142

1with the time series noted by xi ∈ {x1,x2, ...,xM}, where M is the length of time series, and i ∈ [1,M]
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However, by a limitation that emerges due to common random noise in experimental data, there is a problem estimating the143

signals’ complexity with strong random noise50, 52, 53. Nevertheless, poor information signals can show high entropy values due144

to the randomness present in the data. To exclude this problem, the entropy is estimated at different time scales to evaluate how145

the information is preserved along the time series. This approach is known as the MSE50, 52, 53.146

For calculating the MSE, it is used the coarse-graining procedure, that recasts temporal series applying the average on147

the subsets, of size M
τ

, in the temporal series points subsets50, 52, 53. The consecutive number of points used in the procedure148

provides the scale factor, τ , which has the point numbers to create the new surrogate temporal series, y
(τ)
j = 1

τ
∑

jτ

i=( j−1)τ+1 xi.149

The temporal series, y
(τ)
j , are likewise moving mean without overlap between the windows. In this sense, to obtain the MSE, an150

ensemble of y
(τ)
j series for different values of scale, τ , is obtained, and a Sample Entropy is estimated for each temporal series151

in the ensemble.152

Multiscale Entropy for the experimental data153

MSE was computed for the time series data from each electrode of each participant. The average MSE was calculated over154

subsets of 1,280 points extracted from each time series, with sample entropy estimated across scales ranging from 1 to 6. The155

adoption of limit scale 6 is due to signal frequency sample (256Hz), and the limit which the MSE method can exhibit the best156

performance50, 53, 55. This approach allowed for a detailed characterization of the complexity within the EEG signals across157

multiple temporal scales.158

Multiscale Entropy (MSE) for small-world network159

Multiscale entropy (MSE) was computed for the time series data from each one of 30 simulations. Each model temporal160

series contains 71,000 points, and the first 1,000 points are excluded from the analysis (transient period). The average MSE was161

calculated over subsets of 2,000 points extracted from each time series, with sample entropy estimated across scales ranging162

from 1 to 6, following the experimental analysis.163

Results164

Figure 1 shows a comparison between the multiscale entropy of real EEG signals and that of a simulated neural network165

incorporating ephaptic coupling dynamics. Panel (a) illustrates the electrode positioning model in the 10×20 array used to166

extract the EEG signals. The distribution of the signals recorded from these brain regions is shown in panel (b), evidencing the167

capture of neural activity from different areas of the brain. In panel (c), we performed the analysis of the multiscale entropy of168

the EEG signals, comparing a CG (green) and a MG (purple). We observed that, while the entropy of the signals from the169

healthy subject presents greater variability across the scales, the signals from the subject with depression exhibited a reduction170

in dispersion, suggesting a lower dynamic diversity in brain activity.171

To explore the mechanisms underlying these differences, we constructed a complex neural network based on the small-world172

topology, as illustrated in panel (d). In this model, we simulated two distinct scenarios: a network with intact ephaptic coupling173

(red) and a network with ephaptic coupling disruption (blue). The average signal obtained from these simulations is presented174

in panel (e), allowing comparison between the different simulated conditions. Finally, in panel (f), we compared the multiscale175

entropy results between the simulated network signals and the real experimental data. The patterns obtained suggest that176

ephaptic coupling disruption may be associated with the reduction in complexity observed in the EEG signals of individuals177

with depression, pointing to a possible mechanistic basis for the dynamic alterations of brain activity in this disorder.178
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Figure 1. Comparison of Multiscale Entropy in Real and Simulated Neural Networks with Ephaptic Coupling

Dynamics. (a) The 10×20 electrode placement model used for EEG signal extraction. (b) EEG signals recorded from each
brain region depicted in (a). (c) Multiscale entropy analysis of the temporal signals, comparing a healthy subject (green) and a
subject with depression (purple). (d) Illustrative example of the construction of the complex neural network model, based on
the small-world topology, simulating synaptic network (blue), and all-to-all ephaptic coupling network (red).(e) Average signal
of the simulated neural network, LAP, obtained by spatial mean under all neurons (nodes) in the simulation. (f) Multiscale
entropy results from the simulated network compared to the real experimental data.

MSE analysis was conducted to compare the control and MG on scales 1 to 6, as illustrated in figure 2. In panel 2(a), a179

monotonic increase in mean entropy is observed from scale 1 to scale 6, in both CG (orange) and MG (purple) groups. However,180

from scale 3 onward, the mean entropy values of the MG are significantly higher than those of the CG, with a value of p =181

0.008 (see Table 2), indicating a greater variability in the temporal complexities of the EEG signal for patients with depression182

at wider time scales (above scale 3). On the other hand, at timescale 1, there was no statistically significant difference between183

the two groups, indicating that, at shorter time scales, the complexity (degree of entropy) of the temporal signals is comparable184

(or has no entropy differences) between the CG and MG.185

In addition to the differences in mean entropy values, the groups also presented distinct patterns of data dispersion. The CG186

exhibits greater variability in entropies across all scales (among its individuals), as indicated by the larger interquartile range187

and the presence of outliers in panel 2(a). This greater dispersion suggests heterogeneity of entropy among individuals in the188

same CG, reflecting a diversity in each individual’s neural dynamics. In contrast, the MG presents less entropy dispersion,189

indicating greater homogeneity in the patterns of neuronal variability among the participants analyzed (even presenting, in190

general, higher complexity). The panel 2(b) illustrates the correlation between the entropies of scales 1 and 6 for the two groups.191

While the CG exhibits a wide dispersion of points, with no evident correlation between scales S1 and S6, individuals in the MG192

present a more concentrated dispersion of S1 and S6 values, reinforcing the lower variability observed in panel (a).193
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Figure 2. Multiscale Entropy Analysis in MG and CG. Panel (a) shows the multiscale entropy of the EEG signals of the
group of patients with depression (purple) and the CG (orange) on scales 1 to 6. A monotonous growth of the mean entropy
from scale 1 to scale 6 is noted in both groups, with the mean entropy of the MG being higher, for scales above 3, compared to
the CG. Panel (b) illustrates the dispersion of the correlation between the entropy on scales 1 and 6 for the two groups. The CG
presents greater dispersion of entropies, without a clear correlation between the scales, while the MG group showed greater
concentration of values, indicating less dispersion and absence of significant correlation.

Brain region
scale LF CP O LT RT

1 0.038 0.052 0.045 0.021 0.037
2 0.46 0.377 0.792 0.949 0.823
3 0.0 0.0 0.047 0.0 0.02
4 0.0 0.0 0.0 0.0 0.0
5 0.0 0.0 0.0 0.0 0.0
6 0.0 0.0 0.017 0.0 0.0

Table 2. Significant differences between MG and CG of MSE. The table demonstrates significant differences across all
analyzed brain regions, as determined by the Wilcox on signed-rank test, with a significance level of 0.008. Specifically, the
depression group exhibits higher entropy values in all regions at scales 4 and 5. At scale 6, however, the depression group does
not show a significant increase in entropy in the occipital region.

Figure 3 presents the entropy analysis on scales 1 and 6 of the EEG signals for the CG and MG in different cortical regions.194

In panel (a), we observed the distribution of entropy values on scale 1 (S1) for the frontal (F), left temporal (LT), right temporal195

(RT), occipital (O) and central parietal (CP) cortical regions. There is no statistically significant difference between the mean196

entropy values between the two groups on this scale 1. However, the CG presents a greater dispersion of entropy values,197

indicating greater variability in the complexity of the neural signals of the individuals in this group.198

In panel (b), we analyze the mean values and dispersion of entropy on scale 6 (S6) for all brain regions analyzed, evidencing199

a generalized increase in entropy compared to scale 1. This increase suggests greater dynamic complexity of neural signals200

on broader temporal scales. Furthermore, the MG presented higher mean entropy values than the CG in all regions analyzed.201

Despite this, the CG continues to exhibit greater inter-individual variability, reflecting a broader dynamic diversity in brain202

activity patterns.203
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Figure 3. Analysis of the Entropy of EEG signals in Different Brain Regions for the CG and MG. Panel (a) presents the
multiscale entropy on scale 1 (S1) for all cortical brain regions analyzed: frontal (F), left temporal (LT), right temporal (RT),
occipital (O) and central parietal (CP). It can be observed that the mean entropy between the MG and the CG didn’t present a
significant difference for all brain regions. However, the CG exhibits greater entropy dispersion between individuals,
suggesting greater variability in neuronal complexity patterns. Panel (b) shows the mean entropy values on scale 6 (S6) for both
groups, evidencing an increase in entropy in relation to scale 1, indicating greater complexity of neural signals on broader
temporal scales. The comparison between the groups revealed that the MG presents a higher mean entropy than the CG in all
regions analyzed. However, the CG maintains a greater variability of entropy between individuals, reflecting a greater dynamic
diversity in the EEG within this group. This difference between the groups is statistically significant for all regions, except for
the occipital region, where no significant difference is observed in the S6 scale.

Figure 4 presents the analysis of the MSE of average time series from simulations of a neural network composed of 100204

neurons, comparing two scenarios: with active ephaptic coupling and with only synapses (inactive ephaptic coupling). The205

figure shows the results for the topology of first neighbors equal to eight, neuronal reconnection equal to ten percent, and weak206

synaptic strength.207

Panel (a) shows the average results of 30 simulations for each condition, covering scales from 1 to 6. It can be seen that208

both configurations demonstrate a monotonous growth of entropy as the scale increases. However, in simulations with active209

ephaptic coupling, the average entropy is lower, while the dispersion of values between simulations is greater. This suggests210

that ephaptic coupling contributes to greater individual variability while maintaining tighter control of the network dynamics.211

Results are similar to those observed for the real data of the CG. On the other hand, when ephaptic coupling is inactive, the212

average entropy becomes higher on scales above 3, indicating a more erratic and less controlled dynamics. In addition, a smaller213

dispersion is observed between simulations, suggesting homogeneity in the network dynamics without ephaptic coupling. This214

result showed similarity with the results of the real data of the MG.215

Panel (b) illustrates the correlation and dispersion of the data for each simulation in both simulated groups. The results216

indicate that ephaptic coupling enriches the dynamics of the system, promoting greater variability and balance (greater217

dispersion and lower average entropy), despite resulting in a lower average complexity. These findings suggest that the presence218

of ephaptic coupling may play a crucial role in modulating the complexity and variability of neural dynamics, and the absence of219

ephapticity results in more erratic (complex) dynamics but decreases the variability of the average behavior between simulations.220
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Figure 4. Multiscale Entropy Analysis in Neural Networks Simulated with and without Ephaptic Coupling. (a) Average
multiscale entropy results (scales 1 to 6) for 30 simulations of a neural network with 100 neurons, 8 neighbor and 10% of
re-connection: ephapticity off (blue) and ephapticity on (red). Both groups showed a monotonous growth of entropy across
scales, a same observed for real data (CG and MG). With ephapticity on, a reduced average entropy was observed, but with
greater dispersion between simulations, indicating greater individual variability. When ephapticity is off, the average entropy
was higher at scales above 3, suggesting a more erratic and less controlled dynamics, but more homogeneous (less dispersion)
among simulations of the same group. (b) Correlation and dispersion of data for each simulation in both groups: ephapticity on
and ephapticity off. The results indicate that ephapticity contributes to a richer and more varied dynamics in the system,
providing greater control and balance, despite a lower average complexity.

Figure 5 presents the results of simulations of a neural network with 100 neurons, analyzing the impact of ephapticity,221

synaptic strength, and changes in network topology on the average entropy, as well as its variability. The data are compared222

between two groups: ephapticity activated (red) and ephapticity deactivated (blue, only chemical synapse). Panel (a) displays223

the average entropy on the S1 scale for different connectivity conditions. On the x-axis, the topological changes of the network224

are represented: variations in the rewiring probability (10%, 30%, 50%, and 90%), combined with different numbers of225

first neighbors (2, 4, and 8). A monotonic growth of the average entropy was observed for both groups, with no significant226

differences between them.227

The increase in entropy occurs under four main conditions: (i) increased reconnection, due to greater randomization of the228

network; (ii) growth in the number of first neighbors, indicating an increase in the cost of the network; (iii) increase in synaptic229

strength and (iv) when the ephaptic is on. For the S1 scale, ephapticity does not cause a significant change between the average230

entropy of the two groups analyzed. On the other hand, in panel (b) we present the average entropy at the S6 scale, where a231

distinction is observed between the groups when the rewiring probability is small, and mainly when ephapticity is on.232

Panel (c) shows the dispersion of the average entropy at the S1 scale, evidencing that the greatest variability occurs in233

networks with weak synaptic strength, a reduced number of first neighbors, and a low rewiring probability (characterizing a234

small-world topology). Mainly, ephapticity significantly amplifies the variability of the system. When the synaptic strength is235

high, the dispersion decreases drastically, even with the increase in the average entropy (seen in panel (a)). Finally, panel (D)236

shows the dispersion of the mean entropy at the S6 scale, highlighting that the highest variability occurs under weak synapses,237

low reconnection and activated ephapticity.238
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Figure 5. Effect of Ephapticity and Synaptic Strength on the Mean Entropy and Variability of a Neural Network. (a)
Mean entropy for the S1 scale in the two simulated groups: ephapticity on (red) and ephapticity off (blue, synapse only). The
x-axis shows topological changes in the network: (i) variation of reconnection at 10%, 30%, 50% and 90% (indicated by the
arrows) for different numbers of first neighbors (2, 4 and 8). An increase in entropy is observed when: (i) reconnection
increases, promoting greater randomization of the network; (ii) the cost of the network increases, that is, there is an increase in
the number of first neighbors; and (iv) ephapticity is off. In (b) we have the mean entropy for the S6 scale. A distinction is
observed between the two groups when the reconnection is close to 10% and ephapticity is on. (c) Dispersion of the mean
entropy for the S1 scale. The greatest dispersion (system variability) occurs when a reduced number of first neighbors and low
rewiring probability (small-world). Furthermore, ephapticity promotes increased variability among individuals in the same
group. (d) Dispersion of the mean entropy for the S6 scale. The greatest variabilities occur when small reconnection and
ephapticity is on.

Table 3. Relative Dispersion Index to Multiscale Entropy. Multiscale Entropy Standard Deviation to scales (τ) equals 1 and
6 for CG and MG, beyond the proportion (ratio) between both groups. In addition, the same information to QIF-E model.

τ Group
Brain region

Group
Model (nb = 8)

CP O RT LT F
ω(k) = 5 ω(k) = 5
p = 10% p = 90%

1
σCG

0.148 0.108 0.167 0.133 0.157
σON

0.023 0.006
6 0.265 0.115 0.136 0.148 0.196 0.072 0.022
1

σMG
0.052 0.046 0.044 0.049 0.052

σOFF
0.007 0.006

6 0.106 0.122 0.079 0.106 0.063 0.021 0.015
1 σMG

σCG

0.350 0.428 0.265 0.367 0.329 σOFF
σON

0.304 0.988
6 0.401 1.061 0.584 0.718 0.321 0.292 0.702

The table 3 shows the standard deviation (STD, σ ) for τ equals 1 and 6, for CG and MG in experimental measures, besides239

the σ for ephaptic ON and OFF in the model simulations. In the experimental set are shown the MSE STD to each region in240

the EEG data, to both scales present in the Fig. 2(b). Note, in table 3 the MSE STD is lower for the MG if compared with241

the CG in all EEG regions. Further, the MSE STD are shown for model results. In table 3, the two columns on the right side242

exhibit the STD values for ω(k) = 5 with rewiring probability (rp) equal 10%, and show STD values for rp = 10% and 90% to243

ω(k) = 5. Since it is not possible to compare the experimental with model absolute values, the relative dispersion index was244

estimated. Therefore, in the last row, table 3 presents the relative dispersion index (RDI - proportion between the MDD STD245
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and the Control STD - experimental; or Ephaptic OFF STD and Ephaptic ON STD - model). For experimental data, the RDI in246

scale 1 lies between 0.265 and 0.428, i.e., the MSE dispersion presents an inter-individual reduction in both scales. However,247

to scale 6 the results change in the occipital region, which shows the RDI greater than 1.The greater values in RDI for scale 6248

are compatible with the model RDI values which are presented in the last right columns.249

Discussion250

Our study is based on two independent experiments that analyzed brain complexity in depression via multiscale entropy (MSE),251

as illustrated in Figure 1. The first experiment is in vivo, carried out using experimental data from EEG signals, while the252

second is in silico, based on computational simulations of neural networks, incorporating ephaptic communication. MSE is a253

valuable approach for investigating the complexity and predictability of EEG signals, allowing the identification of dynamic254

patterns50, 53, 55–57. Despite revealing similar entropy patterns under specific conditions, the independent execution of both255

methods ensured robust conclusions grounded in complementary approaches.256

Empirical data reveals that signal entropy is significantly lower for the CG than for the MG; this difference is particularly257

clear at scale 658. The increase in the sample entropy in higher scales for the MG means that the electrophysiological signals258

measured are more unpredictable than those measured in the CG. Thus, the average of subjects in the MG may present as more259

complex when compared with the CG59, 60. It is important to know that the interpretation of an increase in entropy on a given260

scale (or scales) is not necessarily a conclusion that the brains of individuals with depression are “more disorganized”; it may261

actually indicate a different form of compensatory neural organization, in which neuronal interactions are not as predictable262

as in the CG, but still follow a certain order or reorganization on larger scales. Different MRI studies reported that frontal263

brain regions showed the largest volumetric reductions in MG. In a 3-year prospective study, MG with larger volumes in264

similar regions (anterior cingulate cortex) had better therapeutic outcomes than those with smaller volumes61. Similarly, in a265

5-year prospective study, larger gray matter volumes in the right dorsal anterior cingulate cortex and right inferior frontal gyrus266

predicted better clinical outcomes and lower depressive symptoms over the follow-up years62.267

Foremost, we can discuss this entropic statistic’s finding, from EEG, in light of local brain changes associated with depres-268

sion, such as glutamatergic imbalance, reduced prefrontal cortex glucose metabolism, or decreased gray matter density—all269

factors influencing electrochemical brain activity and neural functional connectivity63. For example, glutamate is one of the270

main excitatory neurotransmitters in the brain, and its imbalance has been widely linked to MDD16. This factor may result in271

more chaotic and less regulated patterns of neural network activity, contributing to the greater entropy observed in the MG on272

broader temporal scales. Thus, the loss of efficient control over neuronal excitability can lead to less predictable and more273

dispersed brain dynamics, reflected in increased entropy. Furthermore, reduced glucose metabolism in the prefrontal cortex area274

can compromise the regulation of neural activity, reducing the brain’s ability to modulate its responses to stimuli64. This change275

may result in an altered or more disorganized and less efficient pattern of functional connectivity, which may be manifesting as276

an increase in entropy at longer scales. In other words, the lack of effective local neuronal regulation may allow the emergence277

of more complex and less predictable brain dynamics1.278

To reinforce the idea that local brain changes can lead to changes in EEG dynamics, Sanacora et al. (2004)65 conducted a279

study of GABA and glutamate levels in the prefrontal cortex of MDD individuals. This study found a significant reduction in280

glutamate levels compared to healthy controls. GABA is the main inhibitory regulator of neuronal activity. Its reduction in the281

prefrontal cortex decreases the brain’s ability to keep neuronal activity under control. With less GABA available, feedforward282

and feedback inhibition in local circuits is reduced. This causes the brain’s excitatory neurons to fire more frequently. As a283

result, there are fewer “brakes” on the neural system, allowing glutamate to have a disproportionate impact65. Depression284

has also been associated with a reduction in gray matter density in regions critical for information integration, such as the285

hippocampus, prefrontal cortex, and anterior cingulate66, 67. This reduction can impair functional connectivity between different286

brain regions, leading to a reorganization of neural activity that is reflected in the statistical multiscale entropy results.287

Another relevant point about the statistical results, observed in figure 2, is the distinct degree of entropy’s dispersion288

between the groups, reinforced in the analysis of the cross correlation-dispersion between S1 x S6, in panel (b). The CG289

(orange) shows greater variability in mean entropy, while the MG (purple) displays a lower degree of dispersion, indicating290

less “inter-individual” variability in mean group entropy. This result suggests that the brain MDD individuals may be evolving291

towards an isentropic dynamic state, possibly converging or shrinking from multiple attractors to a (few) global or universal292

well attractor. In this scenario, the brain of depressed individuals may present less plasticity and functional variability between293

individuals, reflecting a rigid and predictable pattern of neural activity. This loss of dynamic flexibility may be related to a294

reduction in the brain’s ability to transition between different functional states, compromising its adaptability and response to295

external stimuli. This observation is in line with EEG studies that indicate a decrease in the variability of functional connectivity296

in individuals with depression, suggesting a neural network that is less adaptive and more prone to fixed states of activity68.297

Furthermore, the end-state dynamic rigidity observed in MG EEG signals can be interpreted through the lens of non-linear298

dynamics theory. In complex systems like the healthy brain, final states are typically characterized by multiple attractors in a299
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quasi-equilibrium, allowing for flexible transitions between functional states. In contrast, the shift toward a single-well attractor300

suggests a reduced capacity for functional reorganization, reflecting a more rigid and less adaptive neural dynamics69, 70. In301

dynamic systems, an attractor-multiple is a set of possible end-states that the system has the tendency to evolve over time.302

Systems such as the brain can evolve by traversing a significant number of distinct ’quasi-equilibrium’ states. This mechanism303

in the healthy brain of these states can be described as long-term memories stored in it. Small disturbances can take the system304

from one state to another, from one memory to another, even in the presence of noise.305

On the other hand, the loss of dynamic variability is possibly characterized by a break in ergodicity or entrapment in the306

final state of the system. This process of “shrinking” multiple quasi-equilibrium final states refers to a state or small set of307

final states that attract the system from any initial condition, indicating a tendency of the system to return to these robust and308

restricted final states, even after perturbations. In the cerebral context, this implies that, in pathological states such as depression,309

the brain may be converging or be trapped (losing multiple states) in a final state of universal neural activity (isentropic or310

iso-complex), reflecting a reduction in the ability to adapt to different stimuli and conditions3.311

The smaller dispersion observed in the MG may indicate greater homogeneity in neural connectivity patterns or less entropy312

variation in EEG signals, possibly associated with more uniform or stagnant characteristics of brain activity in this group.313

Besides, such increased homogeneity could also be partially explained by residual antidepressant effects. Indeed, antidepressant314

treatment (mostly selective serotonin reuptake inhibitors and serotonin and norepinephrine reuptake inhibitors) was associated315

with decreased activation to negative stimuli or emotions in the middle frontal gyrus, as well as limbic regions, including the316

amygdala71.317

For all brain regions except the occipital, we found a significant difference in mean between groups observed in Figure 3.318

The increase in entropy for the brain of the MG suggests that it may present greater complexity or disorder in neural connectivity319

patterns, possibly reflecting pathological processes related to depression, basically throughout the cortical extension. The320

absence of a significant difference in the occipital cortex may indicate that this area of the brain is not equally affected, or that321

entropy processes there may be more stable regardless of the depressive state. Furthermore, we observed that the dispersion of322

the mean entropy is greater in the CG than in the MG for all brain regions. This may indicate that, in the CG, brain connectivity323

patterns vary more widely between individuals, while in the MG, these patterns may be less varied, possibly suggesting a more324

“fixed” pattern of brain activity across the entire cortical extension.325

For the simulation, our results showed that the network without ephaptic entrainment presents greater complexity; the group326

dispersion of the average entropy is smaller compared to the scenario where ephaptic is ON, Figure 4. These results suggest327

that ephapticity may play an important role not only as a regulator of complexity but also as a promoter and modulator of328

multiple quasi-equilibrium states, which allows for greater variability in network dynamics. The presence of ephapticity makes329

the network more “flexible,” despite being less complex (on group average), allowing broader transitions between states and,330

consequently, greater variability and dispersion in neural activity patterns.331

When comparing these entropy results of the simulated signals with those observed in the EEG signal of the CG and the MG,332

we noticed a significant similarity: the greater complexity, with less variability, of the group average, observed in the simulated333

networks without ephapticity, resembles the entropy pattern found in the MG. On the other hand, the presence of ephapticity in334

the network induces greater variability of the multiple final states of the network and resembles the entropy patterns observed in335

the CG. These findings suggest that ephapticity may be somehow correlated with better control, regulation, and promotion of336

multiple brain dynamic states and that its neural dysfunction may be present in depression, possibly influencing the dynamics337

of brain networks in a way that modulates and regulates the complexity and variability of neural states.338

Functional neuroimaging (fMRI) study showed that MDD individuals exhibit hypoconnectivity in the prefrontal cortex339

and hyperconnectivity in limbic areas, indicating an imbalance between excitation and inhibition72. This study shows that340

MDD individuals exhibits a significant expansion of the frontostriatal salience network, which connects the prefrontal cortex to341

subcortical regions responsible for regulating mood and processing relevant stimuli. Specifically, this network is almost twice342

as large in depressed individuals compared to healthy people. This expansion may indicate an imbalance in communication343

between the prefrontal cortex and limbic areas, suggesting hyperconnectivity in these regions. Furthermore, a detailed analysis344

conducted by researchers revealed that this expanded network is involved in controlling attention to rewards and threats, taking345

up more space and potentially compromising neighboring networks.346

To better explore the idea of multiple dynamic states of the simulated neural network, figure 5 presents a detailed study on347

how changes in the network topology, as well as the inclusion of ephapticity, can influence the average results and its dispersion348

of group entropy or alter the brain signal complexity. These effects can be attributed to three topological main factors: by349

increasing the number of connections or neighbors in the network, the network structure becomes more connected but also350

more rigid. This process results in greater “randomization” of the small-world network’s connections (from rp = 10% to351

rp = 90%, for each neighbor value), which leads to a decrease in dispersion. The increase in connectivity may reduce the352

network’s adaptive capacity, as information becomes more diffuse and less controlled, which leads to an increase in entropy.353

This behavior is consistent with the idea that, in a MDD brain individuals, rigidity in connections can lead to a loss of flexibility354
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in brain dynamics. This finding is consistent with previous studies that suggest that the brain network of individuals with355

depression tends to be more randomized73, 74.356

The greater randomness of connections may be a feature underlying disturbances in neural organization and connectivity357

observed in pathological states such as depression75. This increase in randomness reduces network efficiency, increasing358

disorganization and decreasing local efficiency. As a result, an increase in entropy is observed, indicating a higher level of359

complexity. However, it can be observed that dispersion decreases only in the structure to which ephaptic communication is360

linked. Thus, the results indicate, through the decrease in dispersion between individuals, that the network, without ephapticity,361

loses the ability to explore a greater variety of dynamic patterns and stabilizes in a more homogeneous final state.362

The inclusion of neural ephaptic entrainment in the network has a significant effect on the entropy dynamics6, 28. In all363

topological scenarios, with normal synaptic intensity, the presence of ephapticity in the network contributed to a decrease364

in the mean, as well as a significant increase in dispersion, indicating that ephapticity may play a crucial role not only in365

modulating variability, but also in promoting and regulating multiple final states of quasi-equilibrium neural activity. This366

finding is particularly relevant, as it suggests that ephapticity can act as a mechanism for promoting, controlling, and regulating367

various dynamic states, smoothing transitions between states and preventing excessive disorganization of neural networks, as368

occurs when ephapticity is turned off. When ephaptic communication is compromised, the brain loses the ability to dynamically369

adapt to different stimuli and conditions, resulting in imbalance and malfunction of neuronal functions, which is characteristic370

of disorders such as depression.371

The scenarios simulated in this work highlight a possible role of ephaptic communications in the nervous system. The372

QIF-E model indicates that the changes observed in the literature regarding the MDD cases are described by a communication373

balance between ephapticity and synapses. In other words, synaptic communication alone possibly does not explain the impacts374

on cerebral functions if considered as the only relevant communication in the nervous system. Furthermore, the ephapticity375

contributes to the increase in the variability of entropy results associated with small-world synaptic topology, while systems376

that are purely synaptic do not. Thus, the ephapticity increases the system’s sensitivity to individual connections, since the only377

difference between the 30 simulations performed in each parameter set is the synaptic pair connections. The results can indicate378

the key role that ephaptic communications have in the Central Nervous System, essentially to raise the individual observed379

functional connectivity.380

Conclusion381

Synapses mainly support neural communication. However, increasing evidence indicates that neuronal ephapticity, a process382

of electrical field interaction between neurons without direct synaptic contact, can play a fundamental role in modulating the383

connectivity and efficiency of neural communication. Although weaker in intensity, this form of communication has several384

advantages: ephaptic communication does not depend on intensive metabolic processes, such as synaptic communication,385

which involves the release of neurotransmitters and the reuptake process. Ephaptic communication facilitates rapid and efficient386

coordination of brain regions, essential for integrated cognitive processes, including attention, memory, and perception.387

In MDD, where we observed changes in the neuronal scenario, such as variations in neurochemical imbalances and388

even a reduction in gray matter, efficacy is key to understanding how the brain loses flexibility and adaptability in neural389

communication. Further, in this scenario, the reduction in effectiveness could further compromise the coordination and390

synchronization capacity of neural networks, making brain dynamics less efficient and more rigid. As a result, the brain391

may lose its capacity for efficient self-organization and adaptation and fall into energetic states that are difficult to reverse,392

resulting in repetitive patterns of thinking and behavior typical of depression. This aligns with the findings of our study, where393

the brain entropy in the MG, despite being higher at higher scales, shows reduced dispersion, suggesting a collapse in the394

dynamic diversity of the neural network among individuals (or different initial conditions of the same topological parameter in395

simulations).396

Our study suggests that, regardless of the network topology, the presence of ephapticity, even though it is a mechanism397

significantly weaker than the chemical synapse, contributes to maintaining a level of entropy dispersion similar to that observed398

in healthy brains, as long as synaptic intensity remains within a physiologically regular range. This indicates that ephapticity399

acts as a fine regulator of neural communication, helping to distribute and modulate information more efficiently. Therefore,400

cognitive and pharmacological therapies modulate neuroplasticity, helping to shift the brain away from the depressive attractor401

state into a new dynamic regime. Mathematical models of brain dynamics can be used to predict how a depressed brain might402

escape this attractor, offering novel approaches to personalized interventions. Therefore, a better understanding of the role of403

ephapticity may open new perspectives for treatments that seek to restore healthy neural dynamics, whether through electrical404

stimulation, targeted pharmacology, or neuroplastic interventions.405
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