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Introduction: The formation and functioning of neural networks hinge critically 
on the balance between structurally homologous areas in the hemispheres. This 
balance, reflecting their physiological relationship, is fundamental for learning 
processes. In our study, we explore this functional homology in the resting state, 
employing a complexity measure that accounts for the temporal patterns in 
neurodynamics.

Methods: We used Normalized Compression Distance (NCD) to assess the similarity 
over time, neurodynamics, of the somatosensory areas associated with hand 
perception (S1). This assessment was conducted using magnetoencephalography 
(MEG) in conjunction with Functional Source Separation (FSS). Our primary 
hypothesis posited that neurodynamic similarity would be more pronounced 
within individual subjects than across different individuals. Additionally, we 
investigated whether this similarity is influenced by hemisphere or age at a 
population level.

Results: Our findings validate the hypothesis, indicating that NCD is a robust 
tool for capturing balanced functional homology between hemispheric regions. 
Notably, we observed a higher degree of neurodynamic similarity in the 
population within the left hemisphere compared to the right. Also, we found that 
intra-subject functional homology displayed greater variability in older individuals 
than in younger ones.

Discussion: Our approach could be instrumental in investigating chronic 
neurological conditions marked by imbalances in brain activity, such as 
depression, addiction, fatigue, and epilepsy. It holds potential for aiding in the 
development of new therapeutic strategies tailored to these complex conditions, 
though further research is needed to fully realize this potential.
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1 Introduction

The effective functioning of a healthy brain hinges on a dynamic 
balance between the homologous regions of both hemispheres. This 
balance is facilitated by inter-hemispheric inhibition, a key aspect 
of brain organization. Essentially, excitatory projections from one 
hemisphere activate the inhibitory networks of its counterpart, 
contributing to the formation of surrounding lateral networks 
(Zatorre et  al., 2012; Carson, 2020). The formation of these 
networks that implement the ‘center on–surround off ’ mechanism 
plays a crucial role in acquiring new functionalities at the neuronal 
cortical level. It supports the development of motor control (Mahan 
and Georgopoulos, 2013; Georgopoulos and Carpenter, 2015) and 
enhances sensory-perceptual acuity (Kolasinski et al., 2017; Grujic 
et al., 2022). Consequently, the interaction between homologous 
hemispheric areas regulates the inhibition–excitation balance in 
networks that control body segments, vital for adaptive plasticity 
and learning processes (Das and Gilbert, 1999; Graziadio et al., 
2010). The inter-hemispheric balance is crucial in chronic 
conditions such as fatigue (Cogliati Dezza et al., 2015; Ondobaka 
et  al., 2022), and it influences the severity of stroke (Deco and 
Corbetta, 2011; Pellegrino et  al., 2012; Zappasodi et  al., 2014; 
Soleimani et al., 2023) and aging (Cottone et al., 2013). In particular, 
neuromodulation interventions aimed at relieving fatigue have been 
observed to restore the physiological homology of primary motor 
areas (Porcaro et al., 2019) and of the cortico-spinal tracts (Bertoli 
et al., 2023).

By examining the balance between homologous somatosensory 
regions in the hemispheres during rest, we can gain insights into the 
activation capabilities of networks associated with function recovery 
(Graziadio et al., 2012; Pellegrino et al., 2012), development (Graziadio 
et al., 2010) and aging (Cottone et al., 2013). In particular, the resting 
state of neuronal networks (Porcaro et  al., 2019) is crucial for 
understanding chronic alterations such as fatigue, which affects not 
just specific tasks but the entire individual experience (Spetsieris 
et al., 2015).

Our study introduces a novel measure to evaluate hemispheric 
homology through resting neurodynamics. We  hypothesize that 
neurodynamic similarity is greater between homologous areas in the 
two hemispheres of a single individual than among different 
individuals. To quantify this similarity, we employ the normalized 
compression distance (NCD), a parameter-free, quasi-universal 
measure derived from compressed data file lengths (Cilibrasi and 
Vitányi, 2005). NCD has proven effective in various applications, such 
as genome comparison (Nykter et  al., 2008), neuronal network 
behavior (Gomez, 2009), language clustering (Cilibrasi and Vitányi, 
2005; Yoshizawa et al., 2010), and music analysis (Cataltepe et al., 
2007; Bello, 2011). Unlike linguistic applications that focus on written 
texts, musical processing relies on temporal sequences with specific 
structures (Bello, 2011). Robustness of NCD (Pascarella et al., 2022) 
makes it ideal for comparing activities in different brain areas, even 
when recordings are not synchronous. This feature is particularly 
useful for longitudinal studies examining the effects of aging or 
disease. Additionally, NCD can compare signals of varying lengths, 
making it valuable in cases where artifact-induced inconsistencies lead 
to uneven epoch rejections. Overall, ability of NCD to capture 
dominant common information in pairwise comparisons positions it 
as a powerful tool for our research.

2 Methods

Twenty-eight healthy, right-handed volunteers participated in the 
study: 15 males, mean age 51.2 ± 23.5 years, range 24–95; 13 females, 
mean age 43.2 ± 26.4 years, and range 24–91. The handedness was 
83.7 ± 18.2 across subjects, evaluated by the Edinburgh Handedness 
test. All subjects had normal neurological examinations and did not 
receive any pharmacological treatment at the time of recording. The 
Ethical Committee of ‘S. Giovanni Calibita’ Hospital’ approved the 
study, and subjects signed informed consent forms.

2.1 Experimental procedure

Brain magnetic activity in the left and right rolandic regions was 
collected, while subjects were lying comfortably in a bed with their 
eyes open and gazing at a central fixation point. A 28-channel 
magnetoencephalographic (MEG) system (16 internal axial 
gradiometers and 11 peripheral magnetometers and 1 magnetometer 
devoted to noise-reduction) centered on C3 and C4 of the 
international 10–20 electroencephalographic system and covering a 
total scalp area of approximately 180 cm2 was used inside a 
magnetically shielded room (Vacuumschmelze GMBH). Rest activity 
was recorded for 3 min in each hemisphere, randomizing the order of 
left and right acquisition across people. MEG activity was also 
collected during the electrical stimulation of the contralateral median 
nerve at the wrist delivered via surface disks (cathode proximal). 
Elicited electric pulses were 0.2 ms in duration and 631 ms of inter-
stimulus interval, with the stimulus intensity set just above the motor 
threshold inducing a painless thumb twitch, which was visually 
monitored, with adjustment of the stimulus position if required 
throughout the stimulation. Left and right median nerves were 
stimulated separately, totaling approximately 200 artifact-free trials for 
each. MEG signals were sampled at 1 kHz after proper analogue 
conditioning (band-pass filtering between 0.48 and 250 Hz) and 
processed offline. The entire recording procedure lasted about half 
an hour.

2.2 Functional source separation for S1 
identification and FS_S1 activity studied at 
rest

After visual data inspection to exclude trials with saturated 
signals, we applied the FSS procedure detailed in previous articles 
(Barbati et al., 2006; Tecchio et al., 2007; Porcaro et al., 2008). FSS can 
be briefly explained as assuming the recorded data x as a linear mix of 
a set of sources s via a mixing matrix A. The functional constraint, 
which identifies the primary somatosensory area devoted to hand 
perception (FS_S1), quantifies the responsiveness to the median nerve 
at the latency known to correspond to the stimulus’ arrival in S1 
(Appendix 1). In all subjects, we calculated left and right FS_S1 which 
on average were positioned in the postcentral gyrus wall (Table 1).

A semi-automatic artifact rejection procedure (Barbati et  al., 
2004) was applied to MEG data, recorded while the subject was at rest, 
to minimize the contribution of non-cerebral sources (such as the 
heart, eyes, and muscles), which can critically exceed the brain signal 
in absence of stimulus-synchronized average noise-reduction. 
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Afterward, we multiplied the artifact-free resting MEG data by the 
inverse of the demixing matrix of FS_S1 (WFS_S1 = 1/AFS_S1) and 
we obtained FS_S1 activity in the resting state (Figure 1; Appendix 1).

2.3 Normalized compression distance

The Normalized Compression Distance (NCD; Appendix 2) is a 
quasi-universal metric, in the sense that it has been defined in order 
to simultaneously detect all similarities between pieces that other 
effective distances detect separately (Cilibrasi and Vitányi, 2005). In 
other terms, NCD is based on the concept that two signals are similar 
if we can significantly “compress” one using the information of the 
other. As a result, NCD has the potential to minimize every 
computable similarity distance up to a certain level of error, depending 
on the quality of the compressor. This means that NCD captures the 
dominant similarity over all possible features for every pair of objects 
compared, up to the stated precision.

We must remember that a lossless compressor acts as an invertible 
mapping function of a signal into a binary sequence. The length of this 
binary sequence reveals the amount of compression. Hence, the NCD 
computed between two signals x and y, i.e., NCD(x,y) is defined as

 
NCD x,y

C xy C x ,C y

C x ,C y
( ) = ( ) − ( ) ( )( )

( ) ( )( )
min

max
,

where C(xy) denotes the compressed size (length of the binary 
sequence that has been obtained by applying the compressor C) of the 
concatenation of x and y, wherein C(x) denotes the compressed size 
of x, and C(y) denotes the compressed size of y. Given the definition, 
NCD varies between 0 (equal signals) and 1 (signals with no common 
information). In this study, the compressed size has been measured in 
terms of number of bits per sample, which is the average number of 
bits used for coding each sample of the considered signal.

We used the following notation for NCD computed between the 
resting-state activity of FS_S1 (Figure 2):

 • NCDdx
sn

: right (dx) and left (sn) of the same person (blue dot)
 • NCDdx

DX : one person’s right with any other’s right (DX), 
considered the mean across the 27 NCD values (black 
empty circle)

 • NCDsnSN : similar to NCDdx
DX  for the left FS_S1 (red empty circle)

 • NCDdx
SN : similar to NCDdx

DX  for one person’s right with any 
other’s left (magenta empty diamond)

 • NCDsnDX : similar to NCDdx
DX  for one person’s left with any other’s 

right (cyan empty diamond)

Of note, the mean was considered a good representative as the 
coefficients of variation were 2% for NCDsnSN  and NCDdx

DX  and 5% for 
NCDdx

SN  and NCDsnDX .
In particular, in the notation adopted, the apex and subscript 

position are irrelevant; NCDdx
sn and NCDsndx are equal. This is consistent 

with the aforementioned concept of distance.

2.4 Study design and statistical analysis

We calculated NCD between the neurodynamics of the hand 
somatosensory representation (FS_S1) at rest. We tested the working 
hypothesis that the similarity between the left and right homologous 
areas in single subjects is greater than across the entire group. 
Furthermore, we compared the FS_S1 activities in the same hemispheres 
of different people (every activity, within separately the left and the right 
hemispheres) to test whether a dominance-related similarity exists.

As the NCD distributions differed from Gaussian by Shapiro–
Wilk test, we calculated the non-parametric paired-sample Wilcoxon 
signed-rank two-tailed for all comparisons. Instead, to evaluate the 
significance of changes in dependence on age, we applied independent-
sample comparisons. The level of significance of the test was measured 
with the conventional value of p (p < 0.05). To test for stability of the 
results, we calculated mean and median.

3 Results

3.1 The similarity of S1 neurodynamics is 
greater in intra–than inter-subjects

As is clear from Figure 2, and Tables 2; 3, the similarity between 
the neurodynamics of right and left S1 areas within a single subject 
(NCDdx

sn, Table 2, Figure 2, blue full circle) was greater than the four 
similarities with other subjects: NCDsnSN  (Figure 2, red empty circle), 
NCDdx

DX  (Figure 2, black empty circle), NCDdx
SN  (Figure 2, magenta 

empty diamonds), and NCDsnDX  (Figure 2, cyan empty diamonds).

3.2 Hand-related hemispheric dominance

As readable from Figure 2 and Table 2 and statistically evaluated 
(Table 3), the similarity between the individual neurodynamics and 
all other subjects in the left hemisphere (NCDsnSN ) was greater than in 
the other three comparisons: NCDdx

DX , NCDdx
SN , NCDsnDX .

3.3 Inter-subject similarity dependence on 
age

We observed that the similarity between individual left and right 
FS_S1 neurodynamics became increasingly variable with age 
(Figure 2, blue circle). By subdividing the entire group into three 
age-dependent classes (11 young people between 24 and 30 years old, 
9 adult people between 32 and 61 years old, and 8 elderly people 
between 65 and 95), the coefficients of variance were 0.75, 0.78, and 1. 
In agreement, we can observe that the elderly group includes the 
smallest (subjects 21 and 24) and biggest (subjects 23 and 28) NCDsndx 

TABLE 1 FS_S1 position.

X y z

FS S sn_ 1 −42 ± 4 −15 ± 7 57 ± 3

FS S dx_ 1 46 ± 3 −11 ± 8 59 ± 5

Localization results were averaged across subjects after the normalization of individual data 
in the MNI space (MNI coordinates, mm). The inverse problem was solved using a single 
equivalent current dipole model in a homogenously conducting sphere, which best fit the 
head, applied to the MEG distribution of left FS_S1 (FS_S1sn) or right FS_S1 (FS_S1dx) 
provided by FSS.
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values. Given this observation, we applied the Fisher test to compare 
the variances across the groups and found that the elderly group has 
a higher variance than the young (p = 0.009).

4 Discussion

In this study, we utilized a novel compression approach to reliably 
assess the similarity of ongoing electrical activity in the resting state, 
serving as an indicator of the balance between homologous 
cortical regions.

The exploration of neurodynamics has significantly advanced our 
understanding of spontaneous neuronal electrical activity, which 

results from the interplay of projections to and from a cortical region 
or network. Previously, ‘morphology similarity’ was used to identify 
sensory-specific recruitment patterns (Tecchio et  al., 2000, 2005), 
uncovering crucial phenomena in stroke recovery (Tecchio et al., 2000, 
2006; Oliviero et al., 2004), effects in individuals with multiple sclerosis 
(Dell’Acqua et al., 2010), and intra-surgical monitoring applications 
(Tecchio et  al., 2020b). In this study, we  have transitioned from 
focusing on ‘morphological similarity’ to investigating ‘resting-state 
similarity’ via NCD, which directly examines local neurodynamics.

Recent findings show that as right-hand dominance increases, the 
similarity in the homologous corticospinal tracts’ recruitment patterns 
also increases (Pagliara et al., 2023). Furthermore, a neuromodulation 
intervention relieving chronic fatigue normalized these inter-lateral 

FIGURE 1

NCD of resting-state neurodynamics. The Functional Source Separation (FSS) algorithm derives from the MEG data the resting-state neurodynamics of 
S1 sources in the left and right hemispheres ( FS tS

sn
1 ( )  and FS tS

dx
1 ( ) , respectively) of each subject (i  =  1, 28). From time signal of the sources, the 

normalized compression distance (NCD) calculates the homologous similarities.
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balances (Bertoli et al., 2023). This underscores the potential of using 
resting-state indices to evaluate hemispheric homology, particularly 
for chronic symptom management.

NCD builds upon its theoretical predecessor, the normalized 
information distance (NID), which relies on the Kolmogorov 
complexity of sequences. While potential optimality of NID is 
promising, its non-computability limits its practical use. In contrast, 
NCD, using real-world compressors, instead of Kolmogorov 
complexity, has shown remarkable versatility across various fields such 
as genomics, virology, linguistics, literature, music, and even 
plagiarism detection (Li and Vitányi, 1997; Li et al., 2004; Cilibrasi and 
Vitányi, 2005). In selecting NCD to compare neurodynamics across 
brain regions, we leveraged its ability to capture signal patterns, akin 
to the connectivity correlate of measures like Higuchi’s fractal 
dimension for local neurodynamics (Zappasodi et al., 2014, 2015; 
Smits et al., 2016; Porcaro et al., 2019; Olejarczyk et al., 2022). This 
sensitivity could be attributed to the recurrence of similar temporal 
patterns across different timescales, reflecting a common principle 
governing neuronal networks, whether at the level of single neurons, 
neuronal groups, or larger areas (Tecchio et al., 2020a; Persichilli et al., 
2022). This principle, termed feedback-synchrony-plasticity 

(FeeSyCy), connects the individual with their environment in a 
purpose-dependent manner (Friston, 2010; Grujic et al., 2022).

Our protocols, including resting state and passive median nerve 
stimulation analyses enhanced by FSS (Barbati et al., 2006; Porcaro 
et al., 2008), are readily implementable in clinical settings, laying the 
groundwork for future studies on age- and pathology-related changes, 
especially in cases of hemispheric impairment like monolateral stroke. 
FSS analysis can evaluate resting-state power properties with minimal 
impact from generator position changes due to atrophy, particularly 
relevant in age-related contexts. This approach is feasible for most 
patients and is particularly beneficial for those with sensorimotor 
system pathologies, as FSS effectively identifies functionally 
homologous areas, even when displaced due to plastic reorganizations 
post-stroke (Tecchio et al., 2007; Rossini and Tecchio, 2008).

FIGURE 2

NCD-estimated similarity of local neurodynamics intra- and inter-subjects. (A) With the codes included in the legend and introduced in Figure 1 
legend, for each subject, NCD between the rest S1 neurodynamics in the left and right hemispheres. Data of the subjects are displayed in order of their 
age, each equidistant from the successive, range [24–95] years; thus, Subject 1 is the youngest and Subject 28 is the oldest. The greater variability of 
the blue full circles in the elderly group is visible, including the smaller and biggest values. (B) The five mean values of NCD in the same scale of the 
values of the single subject. The vertical segments express the differences between corresponding values (color code defined by the lower values, that 
is the most similar neurodynamics. Blue segments express the statistical results that homologous S1 neurodynamics within the same subject were 
more similar than all other cases (Table 1); red segments report that self-similarity within the left-dominant hemispheres was higher than all other cases 
(but NCDdx

sn ; Table 1).

TABLE 2 Intra–and inter-subjects NCD values of resting-state S1 
neurodynamics.

NCDdx
sn NCDsnSN NCDdx

DX NCDdx
SN NCDsnDX

Mean 0.011 0.019 0.029 0.035 0.035

Median 0.009 0.018 0.026 0.029 0.033

TABLE 3 Statistical comparison between NCD of resting-state S1 
activities intra–and inter-subjects.

NCDdx
DX

NCDsnSN NCDdx
SN NCDsn

DX

NCDdx
sn 2 10−7 5 10−5 3 10−8 4·10−8

NCDsnSN 6 10−5 1 10−7

NCDdx
DX 0.15

The table reports the p-values of the Wilcoxon rank-sum test by comparing 28 values for the 
conditions listed in the first column with the 28 values for other columns. For each row, all 
comparisons indicated smaller values for the condition listed in the first column ( NCD dx

sn , 
NCDsn

SN  showed higher similarity, see Figure 2; Table 2).
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Interestingly, our findings revealed a pattern of hemispheric 
dominance, with the neurodynamics of left-dominant S1 showing 
more similarity across individuals than the right non-dominant. This 
counterintuitive result suggests that the neuronal activities of more 
skilled cortical areas become more similar within the population, 
possibly reaching a plateau of cortical functional potential.

NCD, by measuring signal similarity through compression 
lengths, introduces a novel approach to estimate functional brain 
connectivity directly from time-domain data, potentially preserving 
inherent patterns of local neurodynamics. Although the similarity 
of different regions in the same person has not been tested, the 
observation that homologous regions produce similar 
neurodynamics is in line with the concept that the neurodynamics 
of a certain brain region can serve as a “signature” of the generating 
region (Cottone et al., 2017; Armonaite et al., 2021, 2022). Given the 
critical role of homologous region balance in brain plasticity and 
learning, our approach could help in advancements our 
understanding chronic symptoms arising from imbalances in brain 
activity, such as depression, addiction, fatigue, and epilepsy, by 
taking advantage of the fact that the resting state offers a direct 
window into the chronic alterations underlying various 
behavioral dysfunctions.
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Appendix 1. FSS algorithm for S1 
neuronal pools’ identification

FSS uses the information contained in recorded signal waveforms 
within a model suitable for electromagnetic signals, which in any time 
and spatial point are the sum of the signals generated by each ‘near-
enough’ source.

FSS assumes the following model

 
x t = As t( ) ( )

where x(t) is the m-dimensional vector at time point t recorded by 
m MEG channels during the electrical stimulation of the contralateral 
median nerve at the wrist (m = 27 in our case); A is an men unknown 
mixing matrix and s(t) the n-dimensional unknown vector. In this 
respect, the model is the same of the Independent Component 
Analysis (ICA) one.

FSS estimates the Functional Source (FS) y(t) as

 
y t =Wx t( ) ( )

where y(t) is an n-dimensional vector, W is an nxm unmixing 
matrix that is estimated along with the independent components y(t).

The aim of FSS is to enhance the separation of relevant signals by 
exploiting some a priori knowledge without renouncing the 
advantages of using only information contained in original 
signal waveforms.

FSS performs the following steps to obtain the activity of the 
primary somatosensory source (FS_S1) in the resting state:

 1. Uses a contrast function modified with respect to standard ICA 
defined as

 
F = J +lambda R FS_S1 ,( )

where J is the kurtosis used in fastICA, lambda is a parameter used 
to weigh the two parts of the contrast function and R(FS_S1) accounts 
for the prior information used to extract the single source FS_S1 and 
is given by:

 

R FS S EA FS S t EA FS S t
t t

t t
_ _ _1 1 1

20 1 20

20 2 20

10

15
( ) = ( ) − ( )

−∆

+∆

∑ ∑, ,

where EA is the evoked activity computed by averaging signal 
epochs of the source FS_S1 triggered on the median nerve stimulus at 
the wrist (t = 0); t20 is the time point with the maximum magnetic field 
value on the maximal original MEG channel around 20 ms after the 
stimulus arrival (searched in the [16–24] ms window); Δ1t20 (Δ2t20) is 

the time point corresponding to a field amplitude of 50 % of the 
maximal value, by definition in t20, before (after) t20; the baseline was 
computed in the no response time interval from 10 to 15 ms;

 2. Finds the source FS_S1 which globally maximizes the contrast 
function F by simulated annealing;

 3. Computes the inverse of the estimated mixing vector AFS_S1 for 
the source FS_S1, up to permutation and scaling, as

 
W =1/ AFS_S1 FS_S1

 4. Applies a semi-automatic artifact rejection procedure to the 
MEG data at rest to minimize the contribution of non-cerebral 
sources (such as the heart, eyes, muscles);

 5. Multiplies the artifact-free rest MEG data x(t) by WFS_S1 to 
obtain FS_S1 activity in the resting state

 
FS_S1 t =W x t .FS_S1( ) ( )

Appendix 2. The concept of 
compressor in information theory

Let X be a given signal that takes values in a given set χ. It is then 
possible to estimate its empirical probability density function (i.e. its 
histogram) p(x) = Pr{X=x} with x ∈ χ. X‘s probability density function 
allows us to define the entropy of X as:

 
H X = p x log p x( ) ∈ ( ) ( )( )− χ∑x .

H(X) indicates the ‘complexity’ of the signal X, which 
corresponds to how much we can compress it. More specifically, 
we  can compress any signal X by well-known algorithms like 
Huffman coding, arithmetic coding etc. They are lossless coders, as 
they establish a bidirectional one-to-one correspondence between X 
and the compressed code. Typically, they exploit the simple principle 
of using a new code for each symbol x ∈ χ, where smaller length 
codes correspond to very frequent X and higher length codes 
correspond to not-frequent X of χ. The final effect is that the 
resulting coded signal has a number of bits b lower than the number 
of bits B of the original signal X, even though they contain the same 
information. The first Shannon theorem in Information Theory states 
that entropy H is the lowest number of bits per sample (of X) of any 
lossless code.
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