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Abstract 

Brain entropy (BEN), a measure of the complexity and irregularity of neural has emerged as a 

promising marker for cognitive and clinical traits. However, normative lifespan trajectories of 

BEN remain underexplored. In this study, we investigated age-related changes in BEN across the 

human lifespan using Sample Entropy (SampEn). BEN was estimated from resting-state fMRI 

data collected from multiple Human Connectome Project cohorts (N = 2,415, ages 8–89 years), 

and normative growth curves were modeled using the GAMLSS framework. Results revealed a 

nonlinear increase in average BEN from childhood to older adulthood, with females exhibiting 

significantly higher BEN than males. Regional and network-level analyses confirmed similar 

age-related patterns. 
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Introduction 

In the last decades, there has been growing interest in entropy as a tool to quantify the irregularity 

or randomness of brain activity. Brain entropy (BEN) is linked to Shannon’s Information Theory, 

which relates the entropy of a time-series to its information capacity (1), and to the concept of 

brain self-organized criticality, a state where neural interactions are delicately balanced and 

information processing capacity is optimized (2). Several entropic measures have been developed 

over the recent years to estimate the complexity of the brain signal from time-series data by 

quantifying the predictability of single voxel signals over time (3). Measuring brain complexity by 

means of entropy, however, is not straightforward, as it has been argued that complexity and 

entropy may diverge when complexity reaches its peak (4). Despite this limitation, BEN 

quantification has been successfully applied in several neuroimaging studies, showing its 

intertwinement with intelligence (5–7), creativity (8), psychiatric and neurological disorders (9–

11), substance dependence and abuse (12, 13), pain (14), dementia (15), brain morphology (16), 

task-related brain activity (17), and even the state of consciousness (18, 19). Taken together, these 

findings support the application of BEN as a tool to detect disease-related deviations from 

normative trajectories. However, lifespan normative trajectories for BEN are still lacking. Previous 

studies have explored age-related characteristics of BEN, revealing a complex picture influenced 

in part by the use of different entropic measures (3). For example, some studies reported that BEN 

increases (5, 6, 20) or reduces (21–24) with age, while others observed that BEN-Age associations 

depend on the timescale considered, with finer timescales showing an increase, and more coarse 

timescales showing a decrease in normal aging (25). In addition, these studies were limited by 

specific age intervals or small sample size. 
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In this study, we aim at investigating the changes of Sample Entropy (SampEn) over the lifespan. 

SampEn has been frequently adopted to estimate BEN from resting-state fMRI (rs-fMRI) time-

series (26). Measuring BEN at rest could theoretically reflect the brain’s overall flexibility or 

readiness to respond to unpredictable stimuli (7). We will use normative modeling to estimate 

normative growth charts of BEN across the human lifespan. Normative modeling has only 

recently been introduced to neuroscience (27), and enabled to develop age-related changes of 

brain structural and functional properties (28, 29). 

Materials and methods 

Datasets and Participants 

To delineate the normative trajectory of BEN across the lifespan, three datasets from the Human 

Connectome Project (HCP) were aggregated: HCP-Development (HCP-D) (30), HCP-Young 

Adults (HCP-YA) (31), and HCP-Aging (HCP-A) (30).  

rs-fMRI data and BEN mapping 

Each dataset provided fully pre-processed rs-fMRI data, and each participant included up to four 

rs-fMRI runs. In this study, only the first run was used for analyses. For the HCP-YA, acquisition 

parameters included: repetition time (TR) = 720ms, echo time (TE) = 33ms, resolution = 

2x2x2mm3, encoding direction = L-R, number of slices = 72, time-points = 1200 (32). For the 

HCP-D/A, acquisition parameters included: repetition time (TR) = 800ms, echo time (TE) = 

37ms, resolution = 2x2x2mm3, encoding direction = A-P, number of slices = 72, number of 

timepoints = 488 (30).  

All data were pre-processed following a common pipeline, including a spatial and a temporal 

pre-processing. Briefly, the goal of spatial pre-processing is to remove spatial artefacts, and 
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included: correction for spatial distortions, head motion, and B0 distortions, registration to T1-

weighted structural images, normalization to MNI space, global intensity normalization, and 

masking out non-brain voxels. The temporal pre-processing was applied to remove confounds 

and non-neuronal artifacts (including physiological signals) and included high-pass temporal 

filtering and independent component analyses (ICA)-based artifact removal (30, 33). 

Since SampEn estimation is influenced by the length of the time-series (34), HCP-YA rs-fMRI 

data were truncated to 488 timepoints to match the timeseries length of the other datasets (14). 

Before BEN computation, rs-fMRI data were smoothed with a Gaussian filter with full-width-at-

half-maximum (FWHM) = 2.5 mm to mitigate the residual inter-brain registration discrepancy. 

BEN maps were obtained for each rsfMRI sequence with the BEN mapping toolbox (BENtbx)⁠ 

using the SampEn formula (26). SampEn is calculated as the logarithmic likelihood that a small 

section (within a window of a length m) of the data that “matches” other sections will still 

“match” the others if the section window length increases by 1.  A “match” was identified when 

the distance between two compared time segments was smaller than the threshold r. 

Denote a voxel of a rsfMRI time-series as 𝑥 = [𝑥!, 𝑥", … 𝑥#], where N is the number of time 

points. SampEn starts with forming a series of vectors, called embedded vectors, each with m 

consecutive points extracted from x: 𝑢$ = [𝑥$ , 𝑥$ + 1,…𝑥$ +𝑚 − 1], where 𝑖 = 𝑁 −𝑚 + 1, and 

m is a pre-defined dimension. Using a pre-specified distance threshold r, 𝐵$%(𝑟) counts the 

number of 𝑢&(𝑗 = 1, 𝑡𝑜	𝑁 − 𝑚, 𝑎𝑛𝑑	𝑗	 ≠ 𝑖) whose Chebyshev distances to 𝑢& are less than r, so 

does 𝐵$% + 1	(𝑟) for the dimension of m + 1. By averaging across all possible vectors, it is 

obtained: 

𝐵%(𝑟) = 	
1

(𝑁 −𝑚)(𝑁 −𝑚 − 1) : 𝐵$%(𝑟)
#'%

$(!

								(1) 
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𝐴%(𝑟) = 	
1

(𝑁 −𝑚)(𝑁 −𝑚 − 1) : 𝐵$%(𝑟)									(2)
#'%

$(!

 

And the SampEn is calculated as:  

𝑆𝑎𝑚𝑝𝐸𝑛(𝑚, 𝑟, 𝑁, 𝑥) = 	− ln B
𝐴%(𝑟)
𝐵%(𝑟)C																					(3) 

The window length m is widely set to be from 2 to 3. The embedding vector matching cut-off 

should be selected to avoid “no matching” (when it is too small) and “all matching” (when it is 

too big) (35). Both parameters have been assessed in previous publications (26, 36)⁠. In this study, 

a window length of 3 and a cut-off threshold of 0.6 were adopted (26).  

After the computation, all BEN maps were visually inspected, and images with excessive noise 

or incorrect computation were discarded. 

Modeling normative growth curves across the lifespan 

To estimate normative growth patterns for BEN in healthy individuals across cohorts, 

Generalized Additive Models for Location Scale and Shape (GAMLSS) were applied to the data 

using the gamlss package (version 5.4.22) in R 3.6.3 (37). To estimate a GAMLSS model 

requires identifying the optimal distribution family for the data, followed by selecting the best-

fitting model parameters for the metric of interest. Metric-specific GAMLSS models were used 

to generate nonlinear normative growth curves and their first derivatives. Sex-stratified growth 

patterns were also examined. 

The fit of 29 continuous distribution families was assessed using average BEN as the reference 

metric. Model performance was evaluated using the Bayesian Information Criterion (BIC) (38), 

with lower BIC values indicating superior fit. Among the distributions examined, the best 
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performance was consistently demonstrated by the Skew-t type 2 (ST2) distribution, which 

contains four parameters: location (μ), scale (σ), skewness (ν), and kurtosis (τ). 

The GAMLSS framework can be expressed in the following way: 

𝑌 = 𝐹	(𝜇, 𝜎, 𝜈, 𝜏)																																						(4) 

𝜇 = 𝑋) 	𝛽) + 𝑍) 	𝛾) +:𝑠),$ 	(𝑥$)
$

 

s = 𝑋+ 	b+ + 𝑍+ 	𝛾+ +:𝑠+,$ 	(𝑥$)
$

 

𝜈 = 𝑋, 	𝛽, + 𝑍, 	𝛾, +:𝑠,,$ 	(𝑥$)
$

 

𝜏 = 𝑋-	𝛽- + 𝑍-	𝛾- +:𝑠-,$	(𝑥$)
$

 

In this framework, the outcome variable Y follows a probability distribution F characterized by 

the above-mentioned four parameters. Each parameter is modeled using a separate additive 

predictor, which may include fixed effects (β, with design matrix X), random effects (γ, with 

design matrix Z), and non-parametric smoothing functions si(xi) applied to covariates. 

In the current analysis, age, sex, and acquisition site were included as predictors for μ and σ, 

while only intercept terms were modeled for ν and τ. B-spline basis functions were used to model 

age as a smoothing term in the equations for μ and σ (39). A series of GAMLSS models were 

fitted, testing age as either a fixed effect or a smoothing term with degrees of freedom (df) 

ranging from 1 to 9. Models with and without site as a random effect were also compared to 

account for acquisition site variability. Model selection was based on the BIC. Estimation used a 

.CC-BY-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted May 14, 2025. ; https://doi.org/10.1101/2025.05.08.652915doi: bioRxiv preprint 

https://doi.org/10.1101/2025.05.08.652915
http://creativecommons.org/licenses/by-nd/4.0/


convergence criterion of a log-likelihood change less than 0.001 across iterations, with a 

maximum of 500 iterations. 

The optimal model for μ included age as a smoothing term with df = 3, sex as a fixed effect, and 

site as a random effect. For σ, the optimal model included age and sex as fixed effects and site as 

a random effect. For consistency, the same model was applied for network- and regional-level 

BEN values. Each BEN values, denoted by y, was modeled as: 

𝑦 = 𝑆𝑇2	(𝜇, 𝜎, 𝜈, 𝜏)																																																								(5) 

𝜇 = 𝑠) 	(𝑎𝑔𝑒, 𝑑𝑓 = 3) + 𝛽) 	(𝑠𝑒𝑥) + 𝑍) 	(𝑠𝑖𝑡𝑒)							(6) 

𝜎 = 𝛽+!	(𝑎𝑔𝑒) + 𝛽+"	(𝑠𝑒𝑥) + 𝑍+ 	(𝑠𝑖𝑡𝑒)																					(7) 

𝜈 = 𝛽, 																																																																															(8) 

𝜏 = 𝛽-																																																																															(9) 

Results 

The final sample included 2415 participants, with age ranging from 8 to 89 years (Table 1). 

To examine the developmental and aging trajectories of the average BEN, the normative growth 

patterns of its mean across the lifespan were analyzed. Average BEN exhibited an increase from 

early life to late adulthood. In addition, females showed significantly higher BEN than males (p 

< 0.0001) (Figure 1, Panels A–B). 
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Site N 

Age 

Mean ± SD 

Range 

Sex 

M/F 

HCP-YA 1073 
28.78 ± 3.69 

22-37 
492/581 

HCP-D 631 
14.19 ± 3.89 

8-21 
294/337 

HCP-A 711 
59.15 ± 14.92 

36-89 
315/396 

 

Table 1. Sample size, Age, and Sex for the datasets aggregated in this study. 
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Figure 1. Normative Brain Entropy Chart. Panel A, Raw brain entropy (BEN) values across 

the cortex, normalized to the maximum cortical BEN. Panel B, Normative BEN Trajectories for 

males and females. Solid lines represent mean BEN, while dashed lines denote the 95% 

confidence intervals (CI). 

Using the same GAMLSS model, normative growth patterns of BEN at the regional and network 

levels were also characterized. Brain regions were defined based on the Brainnetome atlas 

parcellation (40), while resting-state brain networks were defined using the Yeo seven networks 

atlas (41). Figure 2 shows regional maps displaying mean BEN at key lifespan benchmarks (see 

Figure S1 and S2 for detailed regional maps and normative trajectories). Similarly, normative 

BEN trajectories for resting-state networks and maps showing mean BEN values in each network 

at different life stages are presented in Figure 3 and 4 (see Figure S3 for detailed maps of the 

resting-state networks). 

 

 

Figure 2. Regional Brain Entropy (BEN) values. Regional maps displaying local BEN values 

at different life stages (e.g., early childhood, adolescence, adulthood, and old age), with lighter 

colors representing regions with higher BEN. Brain regions were defined according to the 

Brainnetome atlas (40). 
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Figure 3. Normative Brain Entropy (BEN) Charts for Resting-State Brain Networks. Solid 

lines represent the mean BEN across different resting-state brain networks, each displayed in a 

different color. Networks were defined according to the Yeo seven networks atlas (41).  

 

Figure 4. Brain Entropy (BEN) Across Resting-State Networks. Brain maps displaying BEN 

values in resting-state network at different life stages (e.g., early childhood, adolescence, 

adulthood, and old age), with lighter colors representing regions with higher BEN. 
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Discussion 

This study adopted the GAMLSS framework (42) to examine the aging trajectory of BEN in an 

aggregated dataset with age ranging from childhood to elderhood. BEN was measured through 

the SampEn formula and provides an index of the randomness and irregularity of brain activity 

(26). Results showed an increase of BEN throughout the lifespan, with a sharper increase from 

childhood to young adulthood. In addition, females exhibited higher BEN than males. These 

results were replicated when the aging trajectory of BEN was estimated at the regional and 

network levels, with the exception of limbic and subcortical areas whose BEN remained stable 

during the lifespan, and are consistent with prior findings that focused on limited age intervals 

(6, 16). The increase of BEN over the lifespan suggests that brain activity becomes more 

irregular over time. This increase is likely to be advantageous in earlier stages of life, reflecting 

the brain’s ability to access a higher number of states. In later stages of life, however, increased 

BEN might reflect a loss of structured variability and complexity of brain activity. This 

hypothesis is consistent with the previously reported negative correlation between BEN and fluid 

intelligence (6, 16).  
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