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Abstract 

The temporal course of neuronal electric activity within brain networks, or neurodynam-
ics, reflects the structural and functional properties of the neuronal populations that gen-
erate it. Using intracranial stereo-electroencephalography (sEEG) recordings from the 
public Montreal Neurological Institute (MNI) atlas, we investigated neurodynamics in the 
primary motor (M1), somatosensory (S1), and auditory (A1) cortices. We tested whether 
modifying the Higuchi fractal dimension (HFD) by replacing the Euclidean distance with 
the Fréchet distance could improve sensitivity to local neurodynamics by incorporating 
trajectory-based similarities in signal evolution. Using a conservative within-subject ap-
proach established in the previous literature, we compared signals recorded from differ-
ent cortical areas within the same individuals (M1 vs. S1: # of people = 16; M1 vs. A1: # = 
9; S1 vs. A1: # = 6). To delve deeper into the new measure’s meaning, it was tested on 
sequences with known fractal properties, the Brownian motion and the Weierstrass func-
tion. Results showed that the newly introduced Fréchet-based HFD (HFDf), similarly to 
standard HFD, consistently discriminated cortical areas at the intra-subject level, confirm-
ing the robustness of fractal dimension as a descriptor of region-specific neurodynamics. 
Contrary to our hypothesis, HFDf did not provide additional sensitivity across areas and 
notably, it displayed less evident reduction of values in sleep than awake. While cortical 
regions may share common governing principles across spatiotemporal scales, these do 
not necessarily translate into strict similarity in temporal signal morphology. We suggest 
that these findings support that the free-scale nature of neurodynamics is not a self-similar 
one. This refinement of quantitative tools for cortical neurodynamic mapping paves the 
way towards novel tools for neuroimaging-informed neuromodulation strategies. 
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1. Introduction 
1.1. Scale-Free Neurodynamics 

Scale-free properties have been reported across brain activity and behavior, suggest-
ing that neural dynamics are organized over multiple temporal and spatial scales rather 
than around a single characteristic scale [1]. Seminal studies proposed neuronal ava-
lanches as a general property of cortical networks, supporting efficient information trans-
mission while maintaining network stability [2]. Subsequent investigations showed that 
brain activity exhibits scale-free temporal organization with characteristics that differ 
from those observed in other natural systems, suggesting specific underlying generative 
mechanisms [3]. Consistently, network topology and hierarchical recruitment of neuronal 
populations have been proposed as key contributors to the emergence of multiscale dy-
namics and synchronization properties in cortical networks [4]. Within this framework, 
the concepts of scale-free organization, fractality, and self-similarity have often been dis-
cussed in close association, and in some cases used interchangeably [5]. 

1.2. Neurodynamics as a Signature of Cortical Areas 

The temporal evolution of neuronal electrical activity—here referred to as neurody-
namics [6–8]—reflects the structural and functional organization of the neuronal pools 
that generate it. In other words, beyond amplitude or spectral content, the shape of neural 
activity over time emerges as a result of local and distributed circuit interactions and feed-
back integration, and expresses functional specialization. These findings indicate that on-
going neuronal activity exhibits region-specific temporal patterns that remain recogniza-
ble across individuals and behavioral states [9]. These patterns have been interpreted as 
signatures of cortical areas, rooted in their specific cytoarchitecture, connectivity, and po-
sition within large-scale networks. 

1.3. From Morphology of Evoked Responses to Resting-State Dynamic Patterns 

Sensory perception relies on an anatomical hierarchy of neural networks composed 
of synaptic relays recruited through predominantly feed-forward information flow, con-
tinuously modulated by inter-nodal feedback. When a stimulus activates such a circuit, 
the resulting neuronal response does not merely vary in amplitude or latency, but as-
sumes a dynamic temporal shape that reflects both the underlying anatomy and the se-
quence of neuronal recruitment. Accordingly, the morphology of evoked responses is sys-
tematically specific to sensory systems: visual, auditory, and somatosensory evoked re-
sponses display clearly distinct temporal shapes, mirroring the structural and functional 
organization of the circuits involved. Within the same sensory system, responses arising 
from commonly innervated structures exhibit similar morphologies [10]. Notably, homol-
ogous networks in the two hemispheres show a remarkable inter-hemispheric similarity 
of evoked morphology despite inter-subject variability of the overall morphology [10,11]. 
Such similarities indicate that response morphology retains the imprint of the individual 
connectivity pattern and the structural architecture of the generating neuronal pools. 

These observations support a central concept: the activation of a neuronal circuit 
gives rise to a temporal form that carries information about both the anatomy and the 
dynamics of recruitment of the structures involved. This insight provides a natural bridge 
toward the study of ongoing, resting-state activity, where no external stimulus is present, 
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yet intrinsic circuits continuously self-organize and interact, generating complex dynamic 
patterns. Along this line, we have shown that functional homology—crucial for learning 
and adaptive processes—can be explored in the resting state by quantifying the similarity 
of local neurodynamic patterns. Notably, these neurodynamic similarities are sensitive to 
hemispheric dominance and exhibit age-dependent modulation [12], suggesting that on-
going resting-state activity of neuronal pools unfolds into nonstationary, complex tem-
poral patterns that relate to functional abilities mediated by intracortical local, long-range, 
and inter-area connectivity. 

1.4. FeeSyCy at Multiple Scales: Fractal Nature of the Local Neurodynamics 

The large repertoire of spatiotemporal activity patterns subtending adaptive behav-
ior is suggested to emerge from universal mechanisms of emergent complex phenomena 
evident in dynamical systems poised near a critical point [13]. In the somatosensory cortex 
of the newborn rat, spatially confined spindle bursts represent the first and only organized 
network pattern. The localized spindles are selectively triggered in a somatotopic manner 
by spontaneous muscle twitches, motor patterns analogous to human fetal movements, 
indicating that the interaction between movement-triggered sensory feedback signals and 
self-organized spindle oscillations shapes the formation of cortical connections required 
for sensorimotor coordination [14]. 

Neurodynamics unfolds across multiple temporal scales, a property that naturally 
lends itself to fractal descriptions. Fractal measures capture how neuronal signals incor-
porate temporal structures whose evolving shapes reflect the underlying cytoarchitecture 
and connectivity architecture across scales, providing a compact representation of mul-
tiscale organization. Among these measures, the Higuchi fractal dimension (HFD) has 
been widely used to quantify the complexity of electrophysiological signals in both 
evoked and resting-state activity [15,16]. 

We introduce here a guiding hypothesis—conceptual rather than directly testable 
within the present study—that the fractal nature of ongoing local neurodynamics emerges 
from the persistence of the feedback–synchrony–plasticity (FeeSyCy) principle governing 
network functioning across multiple organizational levels [7]. This principle operates 
when network nodes correspond to single neurons, local neuronal populations, cortical 
areas, or even entire brain–body systems. Within this framework, neurodynamic com-
plexity is expected to relate to network topology: nodes that act as hubs within connectiv-
ity architectures may express richer, more multiscale temporal dynamics than peripheral 
(spoke) nodes. Such a relationship would be consistent with higher fractal dimensions 
associated with signals generated by more integrative and feedback-rich network coun-
terparts, provided that fractality is estimated using metrics sensitive to temporal pattern 
morphology. 

However, standard implementations of HFD rely on Euclidean distance, which is 
sensitive to pointwise fluctuations but largely blind to the morphological similarity of 
temporal patterns. This limits its ability to capture dynamic shapes that arise from coor-
dinated neuronal communication, and motivates the integration of morphology-sensitive 
metrics, such as the Fréchet distance, into fractal dimension estimation. 

1.5. Fréchet Distance as a Morphology-Sensitive Metric 

The Fréchet distance offers a complementary approach, as it quantifies the similarity 
between curves while preserving their temporal ordering [17,18]. Unlike pointwise dis-
tances, it is sensitive to the overall shape and progression of signals, making it particularly 
suitable for comparing neurodynamic features [19]. 

This computational strategy has proven especially advantageous in navigation sys-
tems, where comparing entire trajectories of candidate paths within road networks is crit-
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ical. In this context, Fréchet-based measures enabled more efficient matching with im-
proved quality and reduced computational cost compared to pointwise approaches [20]. 
Beyond navigation, the Fréchet distance has demonstrated its ability to capture biologi-
cally meaningful patterning, supporting the analysis and retrieval of online handwritten 
text [21], and the identification of distinct foraging clusters associated with specific bath-
ymetric features in movement ecology [22]. More generally, the intrinsic ability of the Fré-
chet distance to quantify ongoing temporal patterning is reflected in its widespread adop-
tion in audio analysis, where it has recently been formalized as a domain-specific metric 
to characterize perceptual similarity between complex sound signals (“Fréchet Audio dis-
tance”) [23]. Together, these applications highlight the suitability of the Fréchet distance 
for contexts in which the morphology and temporal evolution of signals—rather than 
pointwise similarity—are key to meaningful comparison. 

The use of Fréchet distance in neurophysiology has shown that morphology-based 
comparisons can enhance sensitivity to alterations in dynamic circuit recruitment, for ex-
ample, those induced by blood flow reduction during middle cerebral artery aneurysm 
clipping [24]. Integrating Fréchet distance into fractal analysis may therefore enhance the 
sensitivity of complexity measures to region-specific neurodynamics. The resulting meas-
ure, referred to as HFDf, integrates multiscale complexity with morphology-sensitive 
comparison of temporal patterns. In other words, we maintain the scaling law concept, 
modifying only the metric. 

1.6. Aim: Testing HFDf Sensitivity to Region-Specific Neurodynamics 

Unlike spectral approaches based on sinusoidal decomposition and power-law esti-
mation in the frequency domain, the present work aims to characterize neurodynamics 
directly in the temporal domain, focusing on the multiscale evolution of neuronal activity 
trajectories. We hypothesize that such an approach may better capture physiologically 
meaningful aspects of local neurodynamics. Notably, entropy-derived measures have 
shown limited sensitivity in differentiating cortical regions, whereas fractal approaches 
consistently revealed region-specific temporal organization. Our goal here is not to intro-
duce a new fractal measure, but rather to explore whether a metric can be simultaneously 
sensitive to both the assumed scale-free structure of brain signals and the morphology of 
neurodynamic trajectories, allowing them to be distinguished at the population level. 
Along this line, we test the hypothesis that the Higuchi fractal dimension (HFD) [25], 
when computed by replacing the Euclidean distance with the Fréchet distance (HFDf), 
differs across cortical regions. To maintain continuity with previous studies [26,27], we 
investigate whether HFDf can discriminate the neurodynamics of the primary motor 
(M1), somatosensory (S1), and auditory (A1) cortices using intracranial sEEG recordings 
(Figure 1). 

In fact, we highly valued the dataset of primary cortices’ representatives derived 
from the MNI dataset and ready to be interrogated with the present novel approach to 
regional neurodynamics [26]. 

Previous evidence indicates that local neurodynamics differs reliably within subjects, 
with higher-order hubs expressing signals characterized by higher fractal dimension 
across behavioral states [9] and along the physiological wake–sleep cycle [27]. However, 
this intra-subject inter-area specificity has so far been outweighed by substantial inter-
subject variability, limiting the extension of these markers to population-level inference. 

Here, we aim to test whether the introduction of a morphology-sensitive metric into 
fractal dimension estimation enables a qualitative step forward: namely, whether HFDf 
can preserve the expected dependence on network role intra-subjectively while also re-
vealing consistent inter-subject differences across cortical regions at the population level. 
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Figure 1. sEEG data from MNI dataset. (Top) In one subject, sEEG time course (2 s) of M1, S1, and 
A1 cortical regions, in the awake and the three studied sleep stages. The amplitude of sEEG in each 
area is normalized to [−1, 1]. (Bottom) Selected channel positions represented in the coronal projec-
tion of the subjects having data collected in at least two cortical regions among A1 (white), S1 (gray), 
and M1 (black). On the right side, a typical hypnogram over the course of a night (figure adapted 
from [27]). 

2. Materials and Methods 
2.1. Neurodynamic Data Investigated 

We analyzed intracranial stereo-electroencephalography (sEEG) recordings from the 
publicly available Montreal Neurological Institute (MNI) atlas [28], available at 
https://mni-open-ieegatlas.research.mcgill.ca/main.php (accessed on 1 February 2021). 

The dataset consists of sEEG recordings acquired during eyes-closed resting state 
from 106 patients (13–68 years, 48 females) diagnosed with refractory focal epilepsy 
[28,29]. Recordings from areas spared from epileptic alterations were typically obtained 
using Dixi electrodes, sensitive to neural activity within approximately 2 mm of cerebral 
tissue. The dataset includes artifact-free signals sampled at 200 Hz, each 1 min long and 
subdivided into segments of at least 5 s. 

As a starting investigation, we adopted a conservative selection strategy to maintain 
continuity with previous HFD-based assessments sensitive to true intra-subject inter-area 
neurodynamic relationships. To this end, only subjects with recordings available in at 
least two cortical regions of interest were included, namely S1-M1, A1-S1, or A1-M1. The 
available sEEG recordings within primary cortical areas comprised 50 channels for S1, 99 
for M1, and 18 for A1. For some subjects, only a single channel was available within a 
given region of interest, whereas others presented multiple channels in the same area. To 
ensure homogeneous weighting across subjects, we selected a single representative chan-
nel per cortical region for each subject. Channel selection was primarily based on anatom-
ical localization using the spatial coordinates provided in the MNI dataset. For M1 and 
S1, representative channels were selected so as to correspond to homologous body-part 
representations. Operationally, we selected M1 and S1 channels with minimal differences 
in the z coordinate (axial plane) and x coordinate (coronal plane), with M1 channels lo-
cated more anteriorly (higher y values) than S1 channels along the sagittal plane. For A1, 
the representative channel was selected as the one located closest to the geometric center 
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among the available channels within the auditory cortex. We include a table with relevant 
information about the channels in the Supplementary Materials (see Table S1). 

2.2. Higuchi Fractal Dimension 

HFDf, introduced in this work, modifies the Higuchi fractal dimension by replacing 
the Euclidean distance with the Fréchet distance. HFD was computed on the same dataset, 
subjects, and selection criteria in [26] using the procedure recalled below, which provides 
the reference framework for understanding the modification applied here. For each sEEG 
channel, the Higuchi algorithm is applied in the time domain by constructing multiple 
time series through down-sampling the original signal X(i) (with i = 1, ..., N) every k sam-
ples:  𝑋௠௞ = ሼ𝑋(𝑚),𝑋(𝑚 + 𝑘),𝑋(𝑚 + 2𝑘), … ,𝑋(𝑚 + 𝑖𝑛𝑡 (ேି௠)௞ 𝑘)ቅ, (1)

where k is a constant integer value (2 ≤ k ≤ Kmax) with Kmax < N/2 and m = 2, 3, ..., k. Note 
that for consistency with HFDf, k started with value 2 to have at least two curves for the 
Fréchet distance estimate. 

To quantify the fractal dimension, HFD calculates the curve length, Lm(k), for each of 
the k down-sampled curves 𝑋௠௞ , to assess how these lengths change with the down-sam-
pling factor k. 

For each m, the Lm(k) mean Euclidean distance between successive points is calcu-
lated: 𝐿௠(𝑘) = ቆ∑ |𝑋(𝑚 + 𝑖𝑘) −  𝑋(𝑚 + (𝑖 − 1)𝑘)|௜௡௧(ಿష೘ೖ )௜ୀଵ ቇ ேିଵ௜௡௧(ಿష೘ೖ )௞, (2)

Then, HFD considers the average length 𝐿(𝑘) obtained by averaging the lengths 𝐿௠(𝑘) 
of the k sub-sequences: 

𝐿(𝑘) = 1𝑘 − 1 ෍ 𝐿௠(𝑘)௞
௠ୀଶ  (3)

and finally, HFD is estimated as the slope of the log(L(k)) as a function log(1/k): HFD =  𝑠𝑙𝑜𝑝𝑒 ൬log൫𝐿(𝑘)൯  𝑣𝑠 log ൬1𝑘൰൰ (4)

2.3. Integration of Fréchet Distance Within HFD Estimation 

Fréchet distance is defined as the minimum leash length sufficient to join a point 
traveling forward along one of the curves and one traveling forward along the second 
curve [30], with the rate of travel for either point not necessarily being uniform, and can 
be defined as follows. 

Given two curves 𝑓,𝑔: ሾ0, 1ሿ →  ℝ௡, the Fréchet distance is: 𝑑ி(𝑓,𝑔) = 𝑖𝑛𝑓ఈ,ఉ𝑚𝑎𝑥௧∈[଴,ଵ]ฮ𝑓൫𝛼(𝑡)൯ − 𝑔൫𝛽(𝑡)൯ฮ 

α and β are continuous, non-decreasing reparametrizations of [0, 1] with α(0) = β(0) 
= 0, α(1) = β(1) = 1. Fréchet distance is zero if the two curves are equal and grows positively 
as the curves become more dissimilar. 

As mentioned above, when replacing the Euclidean distance used in the standard 
Higuchi algorithm with the Fréchet distance, we compare the shapes of two curves. After 
a preliminary test phase, we decided to compare each sub-sampled trace with the initial 
one (Figure 2). 

As a preliminary assessment to elucidate features of the newly introduced HFDf, 
Brownian motion sequences and Weierstrass curves with theoretically known fractal di-
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mensions were used to assess the scaling behavior and numerical stability of HFDf esti-
mates. 

 

Figure 2. HFDf estimate flowchart. Starting from the original sEEG signal, sub-sampled traces are 
generated at increasing values of the down-sampling factor k (with 2 ≤ k ≤ Kmax). For each k, the 
Fréchet distance is computed between the sub-sampled trace and the full original trace used as ref-
erence. HFDf is then estimated as the slope of log(L(k)) versus log(1/k), replacing the Euclidean curve 
length with the Fréchet-based distance. Code and pseudocode can be found at 
https://github.com/cecconifederico/HDFf_tool (accessed on 10 June 2026). 

2.4. Statistical Comparison Across Cortical Areas 

We observed that HFDf values, across different sleep stages, show a non-Gaussian 
distribution (as confirmed by the Shapiro–Wilk test). Thus, in order to compare HFDf 
values across cortical regions, we used the non-parametric Wilcoxon test (hereafter Wtest 
values). 

HFDf values were compared across cortical regions within subjects to assess whether 
region-specific neurodynamic signatures can be detected. 
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3. Results 
3.1. Behavior of HFD with Fréchet Distance for Known Curves 

To observe the behavior of the new measure for curves with known values of fractal 
dimension, we selected two cases: Brownian motion as a non-self-similar example and the 
Weierstrass curve for a self-similar example. Brownian motion can be approximated by a 
random walk obtained as the cumulative sum of independent Gaussian increments. For a 
time step Δ𝑡, the discrete process is defined as: 

𝐵௡ = ෍√Δ𝑡௡
௞ୀଵ  𝜀௞ 

where 𝜀௞ ∼ 𝑁(0,1). As 𝛥𝑡 → 0, the corresponding continuous-time process converges in 
distribution to Brownian motion 𝐵(𝑡). To generate the Weierstrass curve we used a stand-
ard definition: 

𝑊(𝑥) = ෍ 𝑎௠ெ
௠ୀ଴ 𝑐𝑜𝑠(𝑏௠𝜋𝑥), 

where 0 ൏ 𝑎 ൏ 1, 𝑏 ൐ 1,𝑎𝑏 ൐ 1 and we selected 𝑎 = 0.5 𝑎𝑛𝑑 𝑏 = 5. To have an idea of the 
stability of the estimate, we generated 10 random sequences of the same length as the 
sEEG data (12.000 points). Obtained values of HFDf of those sequences are shown in Fig-
ure 3. 

 

Figure 3. HFDf(Kmax) for 10 synthetically generated Brownian motion and Weierstrass curve se-
quences. 

3.2. Behavior of HFD with Fréchet Distance as a Function of Kmax 

We observed stability of the HFDf values in the three cortical regions for the selected 
Kmax (see Figure 4). 

It is worth comparing the dependence on Kmax of the Higuchi fractal dimension 
computed using the Euclidean distance (HFD, as in [26,27]) with that computed using the 
Fréchet distance (HFDf, this work), in both cases using the same data, subjects, and selec-
tion criteria. We note that HFD does not reach a horizontal asymptote, approaching in-
stead, for high values of Kmax, the upper bound of 2. This issue has been reported in 
previous studies, where specific selection criteria for Kmax were proposed [26]. In con-
trast, HFDf exhibits early saturation at about 1.8 (Figure 4). 
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Figure 4. Dependence of HFDf as a function of Kmax. The average of HFDf across all available 
channels is presented in each of the wake/sleep stages separately, for the three cortical regions. The 
stability of the relative position of the curves, independently of Kmax, in the three cortical areas is 
evident. For comparison, we report -in black and white- the behavior of classical HFD in the awake 
stage for a subset of the same curves, where dotted, dashed and continuous lines represent A1, S1 
and M1, respectively. 

3.3. Differentiation of HFDf Across Cortical Areas 

Median values and interquartile ranges were highly overlapping across regions, re-
flecting the substantial inter-subject variability already reported for HFD (Table 1). Nev-
ertheless, within-subject comparisons revealed a consistent regional ordering, with M1 
generally showing higher HFDf values than S1, and both exceeding A1 across sleep stages 
(Figure 5, Tables 2 and 3). Both M1 and S1 showed higher HFDf than A1 (Figure 5, Tables 
2 and 3). 

The Wilcoxon test applied comparing each pair of cortical regions indicated the rela-
tionships described in Table 2. In the comparison between S1 and A1 in REM sleep, given 
the small sample size of just three subjects, the comparison has limited statistical signifi-
cance. 

We investigated the behavior of HFDf when people were in the awake stage or the 
different sleep stages and as indicated in Table 3 the general reduction in complexity was 
not observed for M1 in REM with respect to the awake state. In Tables 4 and 5 the effect 
sizes are reported as estimated for non-parametric data calculated as the absolute value 
of Z divided by the square root of the number of observations (r = |Z|/√n), where Z rep-
resents the standardized Wilcoxon test statistic [31]. 
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Table 1. HFDf values. 

 Awake REM N2 N3 
 M IQR # M IQR # M IQR # M IQR # 

M1 1.84 0.09 20 1.80 0.08 13 1.76 0.18 16 1.63 0.18 16 
S1 1.84 0.07 17 1.79 0.13 11 1.71 0.14 14 1.62 0.20 14 
A1 1.81 0.12 10 1.67 0.16 5 1.66 0.06 6 1.53 0.13 6 

Median value (M), interquartile ranges (IQR) and number of people (#) of HFDf in the three cortical 
regions during wakefulness and sleep. 

Table 2. Statistics comparing the three cortical regions. 

  Awake REM N2 N3 
  p # p # p # p # 

M1 > S1 
HFDf 0.91 

16 
0.05 

11 
0.06 

14 
>0.2 

14 
HFD 0.00 0.02 0.02 0.07 

M1 > A1 
HFDf 0.06 

9 
0.03 

5 
0.08 

6 
0.03 

6 
HFD 0.00 >0.2 0.08 >0.2 

S1 > A1 
HFDf 0.02 

6 
0.13 

3 
0.06 

4 
0.06 

4 
HFD 0.00 0.10 0.10 0.03 

Statistical significance of Wilcoxon test (p value), and number of subjects (#) comparing each pair of 
regions in the awake stage and the different sleep stages. For direct comparison, the values obtained 
for HFD in [26,27] are reported in italics. 

Table 3. Statistics comparing the awake stage and the different sleep stages. 

  M1 S1 A1 
  p N p N p N 

Awake > REM 
HFDf >0.2 

13 
0.03 

11 
0.06 

5 
HFD 0.00 0.01 0.21 

REM > N2 
HFDf 0.01 

13 
0.02 

11 
>0.2 

5 
HFD 0.00 0.02 0.21 

N2 > N3 
HFDf 0.00 

16 
0.04 

14 
0.04 

6 
HFD 0.00 0.00 0.08 

Statistical significance of Wilcoxon test (p value), and number of subjects (N) comparing each pair 
of the awake stage and the different sleep stages for the three cortical regions. For direct comparison, 
the values obtained for HFD in [26,27] are reported in italics. 

Table 4. Effect sizes of the difference between cortical regions. 

 Awake REM N2 N3 
 r N r N r N r N 

M1 > S1 0.02 16 0.49 11 0.41 14 0.05 14 
M1 > A1 0.61 9 0.84 5 0.59 6 0.77 6 
S1 > A1 0.89 6 0.77 3 0.82 4 0.82 4 

R and number of subjects (N) comparing each pair of regions in the awake stage and the different 
sleep stages. 

Table 5. Effect sizes of the difference between sleep stages. 

  M1 S1 A1 
  r N r N r N 

Awake > REM HFDf 0.47 13 0.55 11 0.68 5 
REM > N2 HFDf 0.68 13 0.61 11 0.21 5 
N2 > N3 HFDf 0.86 16 0.45 14 0.68 6 

r and number of subjects (N) comparing each pair of sleep stages for the three regions. 



Fractal Fract. 2026, 10, 458 11 of 18 
 

https://doi.org/10.3390/fractalfract10070458 

 

Figure 5. Scatterplot of the HFDf for each pair of cortical regions (on x: S1 in the first and second 
rows; A1 in the third and fourth; on y: M1 in the first, second and fourth rows, S1 in the third), where 
each point represents a single subject, across the awake condition and the three sleep stages (REM, 
N2, N3). Kmax = 35 in all cases. The x- and y-axis scales are equal and range from 1.2 to 2. For direct 
comparison HFD estimated in [27] is reported for M1 and S1 comparison. 

4. Discussion 
4.1. What Our Data Confirm 

In line with the previous literature, fractal dimension proved to be a robust descriptor 
of local neurodynamics, consistently discriminating cortical areas at the intra-subject 
level. This confirms that multiscale temporal organization captures relevant aspects of 
region-specific neuronal activity, as assessed by fractal dimension [15]. 

The present findings support the view that neurodynamic patterns, i.e., the temporal 
morphology of neuronal activity, reflect the structural organization of the underlying neu-
ronal pools. In this framework, the temporal evolution of neural signals can be interpreted 
as a functional expression of circuit architecture, providing a measurable signature of cor-
tical organization. 

Nevertheless, a direct comparison between HFD and HFDf behaviors suggests a nov-
elty. As above described, HFD appears sensitive to the richness of multiscale fluctuations, 
whereas HFDf tends to privilege trajectory morphology. During sleep, neurodynamics 
undergoes profound reconfiguration rather than a simple reduction in activity, and forc-
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ing comparisons toward global morphological similarity may obscure the physiological 
reduction in complexity observed with conventional HFD. 

4.2. What Our Results Do Not Observe 

Contrary to our initial hypothesis, incorporating a morphology-sensitive metric 
through the Fréchet distance (HFDf) did not improve discrimination across cortical areas 
at population level. The expected gain in sensitivity, based on the ability of the Fréchet 
distance to capture trajectory similarity, was not observed. 

We note that replacing the Euclidean distance with the Fréchet distance shifts the 
computation from a pointwise comparison along the same trace to a curve-to-curve dis-
tance between trajectories. To enable this comparison, we set k = 2, ensuring at least two 
curves are available (for k = 1 we have the initial curve, with Fréchet distance 0). 

A possible interpretation is that neurodynamic patterns reflect structural organiza-
tion in a scale-dependent manner: similarity of morphology is preserved within compa-
rable structures (e.g., homologous areas [10]), but not across systems operating at different 
spatial and functional scales. Accordingly, the Fréchet distance, which emphasizes global 
trajectory similarity, may not capture the specific local temporal features that underpin 
regional differentiation. Rather, it may impose a form of similarity that is meaningful for 
homologous or functionally aligned systems, but inconsistent with heterogeneous scales 
communicating cerebral structures. 

4.3. What Do We Learn from Negative Result 

The effectiveness of the fractal dimension in capturing regional neurodynamics is 
consistent with the multiscale organization of brain activity. Neural signals exhibit non-
stationary and nonlinear dynamics, with temporal structures distributed across scales, re-
flecting the interplay of excitation–inhibition balance and network topology [32–34]. 

A further observation emerged when comparing wakefulness and sleep. Previous 
studies based on conventional HFD consistently showed a reduction in complexity with 
increasing sleep depth [27], a finding that [35] exploited, using the fractal dimensions as 
sensitive markers of shifting dynamics across sleep stages. Partially in contrast, HFDf did 
not always preserve this modulation. Sleep is not simply associated with a reduction in 
neuronal activity, but with a profound reconfiguration of thalamocortical and corticocor-
tical interactions [36–38]. This transition manifests as distinct architectural shifts across 
sleep stages: NREM sleep is characterized by a progressive transition from global integra-
tion to segregated modular clusters, whereas REM sleep facilitates a reconfiguration of 
functional connectivity that creates network patterns distinct from both NREM and wake-
fulness [36,37,39,40]. Under these conditions, trajectory morphology may change substan-
tially across scales. Consequently, a metric emphasizing global morphological similarity, 
such as the Fréchet distance, may become progressively less sensitive to the physiological 
reduction in multiscale complexity observed with conventional HFD. 

Within this perspective, fractal properties can be interpreted as the multiscale expres-
sion of the feedback–synchrony–plasticity (FeeSyCy) principle [7,41,42]. This principle op-
erates across levels of organization, from local neuronal populations to large-scale net-
works, shaping the temporal structure of neuronal activity [43,44]. In this framework, frac-
tal dimension may reflect the role of neuronal populations within the network. Nodes that 
are more integrative hubs and functionally closer to such hubs may express richer mul-
tiscale temporal dynamics, resulting in higher fractal dimension values. While this inter-
pretation remains indirect, it is consistent with the observed differences across cortical 
regions and with previous findings linking network organization and signal complexity 
[45]. 
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Brownian motion and the Weierstrass function represent two models of fractal dy-
namics that capture stochastic and self-similar forms of scale-invariant complexity, re-
spectively. A stable fractal-dimension estimate across different values of the scale param-
eter k indicates that the measure accurately captures the intrinsic fractal properties of 
these models. Notably, HFDf was particularly accurate for the Weierstrass function, sug-
gesting that it is especially sensitive to deterministic self-similar structure. Moreover, un-
like the standard HFD, whose estimates for sEEG signals tend to converge toward a value 
of approximately 2 as K୫ୟ୶ increases, HFDf reaches a stable asymptotic value below 2. 
This behavior may represent a step toward the development of more suitable estimators 
for characterizing the fractality of neurodynamics. 

4.4. Local Fluctuations as Expression of Excitation–Inhibition Balance 

Balanced excitation and inhibition characterize local and large-scale neuronal net-
works and support stable yet flexible information processing. Within this regime, neural 
activity exhibits intrinsic variability, which is not merely noise but a fundamental compo-
nent of network function. Local fluctuations in neurodynamics can thus be interpreted as 
the observable manifestation of excitation–inhibition balance operating across scales [45]. 
These fluctuations contribute to the nonstationary and multiscale properties of neural sig-
nals [44] and provide a mechanistic substrate for the fractal features captured by the Hi-
guchi fractal dimension, reflecting the dynamic equilibrium underlying neuronal commu-
nication. 

4.5. Functional Interpretation Across Primary Cortical Areas 

The observed differences in fractal dimension across cortical regions are consistent 
with their functional roles within sensorimotor processing [46]. Aware that a mechanistic 
validation would require specific behavioral assessment, we interpret the finding as in 
agreement with previous findings, where the fractal dimension of M1 activity was higher 
than that of S1, and both exceeded that of A1. This gradient can be interpreted in light of 
the functional hierarchy of these areas [47,48]. Motor cortex activity integrates planning, 
execution, and feedback processes, requiring coordination across multiple levels of con-
trol. Such integrative function may be associated with richer multiscale temporal dynam-
ics. Somatosensory processing, while still involving integration, operates at an intermedi-
ate level, whereas primary auditory processing may rely on more specialized and tempo-
rally constrained dynamics. While this interpretation remains speculative, it is consistent 
with the idea that the complexity of neurodynamic signals reflects the functional demands 
and network embedding of the underlying neuronal populations. 

4.6. Implications and Future Directions 

Overall, these findings refine the interpretation of neurodynamic measures. Fractal 
dimension provides a robust, structure-sensitive descriptor of regional activity, capable 
of capturing meaningful differences in ongoing neuronal dynamics. 

At the same time, the present results indicate that incorporating morphology-sensi-
tive metrics such as the Fréchet distance into fractal estimation does not straightforwardly 
enhance sensitivity for cortical parcellation. This suggests that similarity of temporal tra-
jectories and multiscale complexity capture distinct aspects of neuronal dynamics. 

Future work should investigate alternative approaches capable of capturing scale-
dependent temporal features of neuronal dynamics, particularly in relation to their phys-
iological and functional relevance. In this perspective, combining multiscale complexity 
measures with metrics sensitive to local temporal structure may provide a more compre-
hensive characterization of neurodynamics, with potential implications for neuroimag-
ing-informed neuromodulation strategies. 
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4.7. Limitations of the Study 

The interpretation of the results presented here should account for several limita-
tions. The dataset consists of sEEG recordings from patients with refractory focal epilepsy. 
The authors of the MNI dataset [28,29] selected channels only from areas clinically spared 
by the pathology. The MNI dataset offers unique access to intracranial recordings from 
clinically spared cortical regions, which are not available in healthy individuals for ethical 
reasons. However, we explicitly acknowledge that the pathological background cannot be 
fully excluded as a possible influence on local neurodynamics. 

A further point concerns the unequal sample sizes available for each cortical pair 
across wakefulness and sleep stages. The core comparison is M1 versus S1, since these are 
the cortical regions investigated in the seminal non-invasive study [9] and are especially 
interesting because, although anatomically contiguous and continuously involved in vir-
tually any behavioral expression, they play distinct neurodynamic roles. The A1 compar-
isons are retained as exploratory extensions within the available MNI dataset. Finally, 
even though the selection of a single channel per subject per area was standardized, a 
single electrode can only offer a �snapshot’ of the local neurodynamics, potentially missing 
the full spatial variability within each area. Notably, once a neurodynamic measure capa-
ble of reliably differentiating cortical regions at the population level is identified, evaluat-
ing its stability across alternative channels within the same cortical area will become a 
crucial validation step. Such analyses would help determine whether the observed re-
gional signatures truly reflect area-specific neurodynamics rather than local sampling var-
iability. 

Another limitation of HFDf is its computational load. The computational load of the 
standard Higuchi fractal dimension estimation is 𝑂(𝑁𝐾୫ୟ୶), where 𝑁 is the length of the 
sequence and 𝐾୫ୟ୶ is the maximum scale. In the proposed method, the pointwise dis-
tance used in HFD is replaced by the discrete Fréchet distance between the original curve 
and its sub-sampled representation. For a signal of length 𝑁, the comparison at scale 𝑘 
involves curves of approximately 𝑁 and 𝑁/𝑘 points, resulting in a computational cost 
of 𝑂(𝑁ଶ/𝑘)  per scale. Summing over all scales from 2  to 𝐾୫ୟ୶ , the overall computa-
tional complexity becomes 𝑂(𝑁ଶlog𝐾୫ୟ୶), which is higher than that of the standard HFD 
algorithm. 

5. Conclusions 
The present findings suggest that scale-free neurodynamics should not necessarily 

be interpreted as self-similar neurodynamics. While HFD remains sensitive to the persis-
tence of multiscale organization, introducing a morphology-sensitive metric did not im-
prove discrimination and even attenuated the expected wake–sleep complexity modula-
tion. This observation suggests that the governing principles underlying cortical neuro-
dynamics may persist across scales without requiring preservation of trajectory morphol-
ogy. 

Importantly, these findings underline that self-similarity and scale-free organization 
should not be considered interchangeable concepts in the nervous system. While self-sim-
ilarity implies preservation of trajectory morphology across scales, scale-free organization 
may instead emerge through recurrent functional relationships among dynamically inter-
acting neuronal populations, even when the corresponding temporal patterns differ in 
shape. 

In this framework, the present results suggest that cortical neurodynamics are not 
primarily characterized by the recurrence of identical temporal motifs across scales, but 
rather by the persistence of structured functional relationships among distinct dynamic 
patterns. 
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This interpretation may also help explain why entropy-derived measures, despite ef-
fectively capturing statistical properties of neural signals, often show limited sensitivity 
in discriminating local cortical neurodynamics compared with fractal approaches. Indeed, 
scale-free neurodynamic organization may rely not simply on statistical regularity, but on 
the coordinated recurrence of functionally related—though not geometrically identical—
temporal patterns across structural and functional levels of organization. 

In this study, we investigated whether Fréchet distance-based modification of the 
Higuchi fractal dimension can enhance the distinction between cortical parcels at the in-
tra-subject level, further supporting the concept of region-specific neurodynamic finger-
prints. Our results indicate that the proposed modification has similar capability to the 
standard HFD method for neurodynamics differentiation across cortical areas. However, 
an important finding is that, unlike the standard HFD, which is strongly dependent on 
the choice of Kmax, the Fréchet-based estimate converges toward a stable asymptote. This 
suggests improved robustness of the metric with respect to parameter selection. Overall, 
these findings contribute to the refining quantitative approaches for analyzing brain dy-
namics, while reaffirming the reliability of established methods and supporting their ap-
plication in neurodynamic mapping and neuroimaging-informed neuromodulation strat-
egies. 
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A1 Primary auditory cortex 
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HFD Higuchi fractal dimension 
HFDf Higuchi fractal dimension with Fréchet distance 
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sEEG Stereotactic electroencephalography 
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