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Abstract

INTRODUCTION: The aging brain’s vulnerability to decline emphasizes the impor-

tance of strategies preserving cognitive function and independence. As age-related

brain changes do not always match clinical symptoms, reserve, encompassing brain

reserve (BR) and cognitive reserve (CR), has emerged as a key mechanism sup-

porting resilience and mitigating cognitive decline during aging. This study adopts

an exploratory approach to examine whether age- and CR-related differences are

reflected in large-scale brain network organization, as assessed through electroen-

cephalographic (EEG) connectivity metrics.

METHODS: Resilience to age-related cognitive changes was investigated by relating

CR, measured using the Cognitive Reserve Index (CRI), to brain network topology

quantified by the Small-World (SW) index derived from resting-state EEG recordings.

SW differences were first examined between age groups and then within each age

group according to CRI levels, across EEG frequency bands (Delta, Theta, Alpha 1,

Alpha 2, Beta 1, Beta 2, Gamma).

RESULTS: The analysis of SW values showed distinct patterns between groups. Adults

exhibited significant higher SW values in Delta and Theta bands, but lower values in

Alpha 2 compared to Elderly. Within Elderly, higher CRI correlated with greater SW

values in Delta, Beta 2, and Gamma bands, and marginally significant lower Alpha 2

values.

DISCUSSION: Similar Mini-Mental State Examination (MMSE) scores across groups

suggest these differences may reflect compensatory mechanisms, highlighting CR’s

potential role in preserving cognitive efficiency and resilience during aging. In linewith

the cognitive reserve framework, these findings provide supportive—though indirect—

evidence that individual differences inCR are associatedwith distinct patterns of brain

network organization during healthy aging. Overall, this study highlights the potential
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relevance of large-scale neural network dynamics as markers of adaptive brain func-

tioning in later life, while underscoring the noncausal and exploratory nature of these

associations.

KEYWORDS

brain aging, cognitive reserve, cognitive reserve index, electroencephalography, Small World
index

Highlights

∙ Cognitive reservemay support efficient networks and buffer aging-related decline.

∙ No significant Cognitive Reserve Index (CRI) -related Small World (SW) index

differences were foundwithin the Adult group.

∙ Elderly with high CRI had higher SW in Delta, Beta 2, Gamma; lower in Alpha 2.

1 BACKGROUND

Aging is a natural process characterized by a gradual decline of phys-

iological systems’ efficiency,1 impacting various functions, increasing

frailty and heightening susceptibility to diseases.2 Aging strongly

affects the nervous system, making brain and cognitive health vital for

independence.3

A central concept related to maintaining brain health during aging

is that of “reserve”.4 Repeated observations showing that clinical man-

ifestation often does not align with the extent of brain degeneration

or pathology led to the hypothesis of a reserve acting as a protec-

tive buffer for the brain and its cognitive functions.5 Individuals with

greater reserve could be better equipped to withstand aging and

related diseases.6

The concept of “reserve” is typically divided into brain reserve (BR)

and cognitive reserve (CR). BR refers to interindividual differences

in brain structure and biological resources—such as brain volume,

neuronal count, or synaptic density—thatmay influence the brain’s tol-

erance to age-related or pathological changes.7 Within this framework,

greater BR is considered protective while lower BR signifies greater

vulnerability.8 The onset of symptoms, as observed in neurodegenera-

tive diseases, indicates that BR declined significantly. However, thanks

to CR, individuals canmaintain cognitive function.9

CR captures the brain’s ability to adapt and compensate for dam-

age by using existing or supplementary resources. This suggests that

while BR may be insufficient, a robust CR can delay or reduce symp-

toms of underlying brain pathology.10 Rather than positing a fixed

threshold at which impairment emerges, the CR framework proposes

that individual variability in life experiences—such as education, occu-

pational complexity, and cognitively stimulating activities—shapes the

efficiency, flexibility, and adaptability of large-scale neural systems.11

From this perspective, CR can be thought of as an “active”, experience-

dependent process that influences how distributed neural networks

are recruited and coordinated during cognitive processing.12

CR is typically assessed through proxies such as years of education,

occupational complexity, and intellectual activities. While offering

valuable insight, these proxiesmay not capture the complexity of CR.13

To better reflect this complexity, tools like the Cognitive Reserve Index

questionnaire (CRIq) have been developed.14 The CRIq evaluates an

individual’s engagement in three domains—education, occupational

complexity, and leisure activities—providing a comprehensive score

reflecting the accumulation of CR over their life course. While useful,

these parameters are indirect; linking them to neurophysiologi-

cal mechanisms, especially electroencephalographic (EEG) data, is

essential.15 The electroencephalogram (EEG) represents an available,

cost-effective and easy to use resource, reflecting characteristics of

the brain itself but also of underlying neural dynamics.16 EEG enables

the noninvasive measurement of brain activity with excellent tem-

poral resolution, making it especially suitable to capture rapid neural

processes underlying cognitive functions. EEG provides an effective

method to investigate the dynamic neural mechanisms that support

CR. Some studies have analyzed the relationships between CR and

EEG-derived indices.17 Higher CR individuals showed smaller changes

in event-related potentials as task difficulty increased, suggesting

more efficient neural processing.18 Individuals with high CR also

exhibited higher long-range connectivity between the occipital lobes

and cortical regions, associated with better spatial working memory

and sustained attention performances.19 High-CR individuals also

exhibited better performance on working memory tasks and distinct

brain activity patterns.20

A valuable tool to uncover neural mechanisms underlying CR is

represented by the implementation of graph theory to EEG data,21

characterizing functional segregation and integration across differ-

ent regions of the brain.21 A promising metric is the Small World

(SW) index, which synthetizes both specialized and integrated infor-

mation processing in the brain.22 Alterations in SW organization have

beenassociatedwithaging-related changes inbrainnetworkefficiency,

often reflecting a reorganization of neural resources across frequency

bands.

For the present study, 157 subjects were enrolled and divided into

Adults and Elderly based on age, with the initial aim of explorato-

rily examining differences in SW network organization between these
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two groups. More importantly, the study aimed to examine how brain

network organization, assessed via the SW index, is influenced by dif-

ferent levels of CRI in Adults and Elderly healthy individuals, seeking to

uncover potential age-related variations in brain network organization

and assessing whether CR contributes to network modulation across

the adult-to-elderly lifespan. In particular, it was hypothesized that the

impact of CR on network organization might differ across age groups,

becoming more evident when age-related neural changes increase the

demand for compensatorymechanisms.

A central question understands whether the impact of CR on brain

networkmetrics differs between adults and older individuals. To verify

participants’ cognitive function, their Mini-Mental State Examination

(MMSE) 23 scores were examined, providing a general screening mea-

sure to examine whether differences in cognitive performance are

mirrored by corresponding patterns in EEG network organization. In

this context, the findings are interpreted within a CR framework, in

which network-level alterations are considered potential markers of

resilience or compensatory adaptation in healthy aging, rather than

direct indicators of neuroprotection or cognitive decline.

2 METHODS

2.1 Participants

A total of 157 neurologically and psychiatrically healthy individuals

were enrolled for this study. Participantswere recruited throughaded-

icated recruitment campaign conducted within our research center, as

well as via external channels, including social media. Written informed

consent was obtained in accordance with the World Medical Associa-

tion Code of Ethics (1997). All procedures adhered to the Declaration

of Helsinki, complied with national regulations, and were approved by

the IRCCS San Raffaele Roma Institutional Review Board. Cognitive

status was assessed via the MMSE as a global measure of cognitive

function. Participants were stratified into two age groups: Adults (< 60

years; age range: [35–59]) and Elderly (≥ 60 years, age range: [60–91]).

Demographic and clinical characteristics are reported in Table 1; the

experimental protocol is summarized in Figure 1.

2.2 CRIq

To evaluate CR, participants completed the CRIq.14 Each participant

also obtained a score for each CRI subdomain (Education, Working

Activity, and Leisure Time). When divided by age group, these sub-

RESEARCH INCONTEXT

1. Systematic review: The authors examined literature on

brain aging, cognitive reserve (CR), and brain network

organization, with a particular focus on the electroen-

cephalographic (EEG) -derived Small World (SW) index.

While previous studies identified age-related changes

in brain connectivity and suggested CR as a protective

factor, few investigated their interaction using EEG.

2. Interpretation: Our findings show age-related variations

in SW values and a specific CR-related modulation in

Elderly individuals, but not in Adults. Higher CR in the

Elderly is associated with increased SW values in Delta,

Beta 2, andGammabands, suggesting compensatory neu-

ral mechanisms that enhance cognitive resilience during

aging.

3. Future directions: Future research should adopt longi-

tudinal and interventional designs to determine whether

CR actively shapes the trajectory of brain network aging.

Studies integrating multimodal biomarkers, lifestyle fac-

tors, and targeted cognitive or neuromodulatory inter-

ventions could clarify whether enhancing CR translates

into measurable improvements in EEG-based network

organization and reduced vulnerability to age-related

cognitive decline and preclinical Alzheimer’s disease.

domain scores are reported in Table 2, showing mean values and the

corresponding p-values for between-group comparisons. Each par-

ticipant’s responses yielded a CRI score, classified as Low (< 70),

Medium-Low (70–84), Medium (85–114), Medium-High (115–130),

and High (> 130), following the classification by Nucci et al. 14 For

analysis, participants were dichotomized into Low CRI (≤ 114) and

High CRI (> 114), corresponding to the cutoff between Medium and

Medium-High categories in the original classification.14 This stratifica-

tion was applied within both age groups. The distribution across the

four resulting subgroups is reported in Table 3.

2.3 EEG recording and preprocessing

Resting-state, eyes-closed EEG was recorded for ≥5 min while partic-

ipants sat comfortably in an electrically shielded, acoustically isolated,

TABLE 1 Demographic characteristics of the study participants.

Group No. of subjects Age (mean± SE) Sex (M/F) RawMMSE (mean± SE)

Adults 44 49.32± 1.17 15/29 29.32± 0.17

Elderly 113 68.99± 0.59 57/56 29.03± 0.11

Note: Mean age and rawMMSE scores are presentedwith their standard error.

Abbreviations:MMSE,Mini-Mental State Examination; SE, standard error.
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F IGURE 1 Overview of the study’s protocol. Subjects undergo EEG recording with their eyes closed. Subsequently, the CRI questionnaire is
administered, and each subject obtains a CRI score, based onwhich the subjects are divided into LowCRI andHigh CRI groups. Finally, the SW
index is calculated for each of the two resulting groups, and the analysis is carried out. CRI, Cognitive Reserve Index; CRIq, Cognitive Reserve Index
questionnaire; EEG, electroencephalographic; SW, SmallWOrld.

TABLE 2 CRI subdomain scores (Education,Working Activity, and Leisure Time) in adults and elderly.

CRI subdomain Adults (mean± SE) Elderly (mean± SE) p-Value adults vs elderly

Education 112.73± 1.98 115.42± 1.35 0.2823

Working Activity 106.52± 2.85 116.09± 1.86 0.0064

Leisure Time 114.29± 2.16 120.24± 1.89 0.0752

Note: Values are reported as mean ± standard error (SE). P-values refer to between-group comparisons.Abbreviations: CRI, Cognitive Reserve Index; SE,

standard error.

TABLE 3 Number of participants in the four subgroups defined by
the CRI threshold of 114.

Group

LowCRI

(CRI≤ 114)

High CRI

(CRI> 114)

Adults 21 23

Elderly 36 77

Abbreviation: CRI, Cognitive Reserve Index.

dimly lit room. Brain activity was acquired using a 64-channel EEG

system (Brain Products Brain Amp DC) arranged to the augmented

International 10–20 system, with electrodes mounted on the cap,

grounded at Az and referenced to FCz. Additional vertical/horizontal

EOG channels for ocular monitoring and an ECG channel on the

left clavicle. Electrode—skin impedances were kept < 5 kΩ, and sig-

nals were sampled at 5000 Hz. Data were processed in MATLAB

(MathWorks) using custom scripts based on EEGLAB (Swartz Centre

for Computational Neuroscience, La Jolla, CA). EEG was downsam-

pled to 512 Hz and band-pass filtered (0.2–47 Hz) using a band-pass

finite impulse filter (FIR). Artifact removal followed a multistage

pipeline: EEG was segmented into 2 s epochs, visually inspected, and

artifact-contaminated epochs discarded, ensuring ≥100 clean epochs

per subject. Independent component analysis (ICA) was then applied

for artifact detection via EEGLAB. Components identified as artifac-

tual were manually removed, with < 20% of components rejected to

preserve neural signal integrity.

2.4 Functional connectivity

Functional connectivity was assessed using exact low-resolution elec-

tromagnetic tomography (eLORETA), a linear inverse solution estimat-

ing the 3D cortical distribution of current density. Connectivity was

computed across 84 regions of interest (ROIs), corresponding to the

42 bilateral Brodmann areas (1–47, excluding 12, 14–16, 26), by aver-

aging voxel-wise neuronal activity within each ROI. For each subject

and hemisphere, intracortical Lagged Linear Coherence—calculated

using the “all nearest voxels” method—was computed for all ROI pairs

within each frequencyband:Delta (2–4Hz), Theta (4–8Hz), Alpha1 (8–

10.5 Hz), Alpha2 (10.5–13 Hz), Beta1 (13–20 Hz), Beta2 (20–30 Hz),

and Gamma (30–45 Hz). The lagged linear coherence in the ω band is

defined as:

Lag R2xy𝜔 = [ImCov (x, y)]
2

Var (x) ⋅ Var (y) − [ReCov (x, y)]
2
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where Var and Cov represent respectively the variances and covari-

ances of the signals. A weighted network was built based on the values

of Lagged Linear Connectivity between all pairs of ROIs for each

frequency band.

2.5 SW

A weighted network is a framework used to represent relationships

between a set of elements (vertices) that might be connected by links

(edges) of varying weight. This concept can be applied to the context

of brain networks, where vertices represent specific brain regions and

edges represent anatomical or functional connections. In this study,

weighted, undirected networks were built where the vertices corre-

spond to the estimated cortical sources in the Brodmann areas and

edgeswereweightedby the Lagged Linear value calculatedwithin each

pair of vertices.

To characterize the network’s organizational properties, segrega-

tion and integration measures were evaluated using clustering (C)

and path length (L) coefficients. The clustering coefficient repre-

sents the degree to which network elements form separate clusters.

Specifically, for a given vertex i, C is quantified by the number of

triangles in which vertex i participates, normalized by the maximum

possible number of triangles. To obtain the weighted clustering coef-

ficient CW, the number of triangles can be replaced with the sum of

triangle intensities. For all vertices of the graph, the mean cluster-

ing coefficient is firstly computed and then averaged, representing

the tendency of a network’s elements to form local clusters. On

the other hand, the path length coefficient represents the capac-

ity of a network to become interconnected and exchange informa-

tion. Given two vertices i and j, the weighted characteristic path

length LW represents the shortest weighted path length between i

and j.

To account for individual variability and facilitate comparisons

across subjects, the characteristic path length and clustering coeffi-

cient valueswere divided by theirmean values, computed by averaging

in the frequency bands, in order to obtain individual normalized

measures.

The SW coefficient (SW) was then calculated to assess the balance

between local segregation and global integration within the brain net-

work. To evaluate the SW coefficient, the ratio between normalized

C to the normalized L (CW to the normalized LW) with respect to the

frequency bands was computed.

2.6 Statistical analysis

To address the study’s preliminary aim—examining differences in brain

network organization associated with physiological aging across age

groups—an unpaired two-way analysis of variance (ANOVA) was con-

ducted to examine SWvalues across the factorsGroup (Adults, Elderly)

and Band (Delta, Theta, Alpha 1, Alpha2, Beta 1, Beta 2, Gamma). To

explore the role ofCR, twoadditional unpaired two-wayANOVAswere

conducted to analyze SW values within specific age groups. In partic-

ular, these two analysis ANOVA were conducted, one for each group

-Adults and Elderly- across the factors Level (Low CR, High CR) and

Band (Delta, Theta, Alpha 1, Alpha2, Beta 1, Beta 2, Gamma) to eval-

uate the differences in SW between subjects with Low CR and those

with High CR. To account for violations of the sphericity assumption

in the repeated-measures ANOVA, the Greenhouse-Geisser correc-

tion was applied. Duncan’s post hoc test was used with a significance

level of 0.05. All statistical analyzeswere performedusing Statistica v.8

(StatSoft Inc.).

Furthermore, a Student’s t-test was conducted to compare raw

MMSE scores between the Adult and the Elderly group. Addition-

ally, the test was performed within the same group, between Low

CR and High CR subjects, in order to assess potential statisti-

cally significant differences in cognitive performance across these

subgroups.

3 RESULTS

3.1 Age-related SW modulation

The unpaired two-way ANOVA conducted to explore differences in

terms of EEG SW characteristics and physiological aging between the

groups of Adults and Elderly revealed a statistically significant effect

between Group and Band (F (6,936) = 6.8417, p = 0.0001). Dun-

can’s post hoc analysis indicated that Adults exhibited higher values

of SW than the Elderly in Delta (p = 0.0242) and Theta (p = 0.0465)

bands. Conversely, Adults presented significantly lower SW values in

the Alpha 2 band (p = 0.0001). These results are presented in top cen-

ter in Figure 2 and Table 4 and support the separate analyzes of SW

respect to CRI in the two groups of subjects.

3.2 CRI-related SW modulation in the two age
groups

The unpaired two-way ANOVA conducted on the EEG characteris-

tics of the two age groups revealed different results. Specifically, the

ANOVA examining differences between adults with Low and High CRI

did not produce a statistically significant effect across levels and bands

(F (6,252) = 0.868, p = 0.518). Interestingly, significant results were

observed in the ANOVA conducted on the Elderly group between

Level and Bands (F (6,672) = 3.003, p = 0.007). Duncan’s post hoc

test analysis revealed that the Elderly with High CRI were charac-

terized by higher SW values in Delta band (p = 0.014), in Beta 2 (p

= 0.020) and in Gamma (p = 0.043) bands compared to those with

Low CRI; they also exhibited marginally significant lower values in

the Alpha 2 (p = 0.067) band. These findings are showed in left bot-

tom and right bottom in Figure 2, as well as Table 5 and Table 6,

respectively.
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F IGURE 2 Top center: SW evaluated in the EEG frequency bands for Adults and Elderly groups. Bottom Left: SW evaluated in the EEG
frequency bands for Adults LowCRI and Adults High CRI groups. Bottom right: SW evaluated in the EEG frequency bands for Elderly LowCRI and
Elderly High CRI groups. Statistically significant differences are indicated by *. CRI, Cognitive Reserve Index; EEG, electroencephalographic; SW,
SmallWorld.

TABLE 4 Mean± SE values of the SW index across EEG frequency bands (Delta, Theta, Alpha 1, Alpha 2, Beta 1, Beta 2, Gamma) in adult and
elderly groups.

SW Delta Theta Alpha 1 Alpha 2 Beta 1 Beta 2 Gamma

Adults 1.0093± 0.0016 1.0137± 0.0015 0.9843± 0.0023 0.9867± 0.0025 1.0145± 0.0014 1.0145± 0.0016 1.0114± 0.0018

Elderly 1.0043± 0.0012 1.0090± 0.0009 0.9858± 0.0012 0.9974± 0.0013 1.0133± 0.0009 1.0121± 0.0011 1.0086± 0.0013

Abbreviations: EEG, electroencephalographic; SE, standard error; SW, SmallWorld.
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TABLE 5 Mean± SE values of the SW index across EEG frequency bands (Delta, Theta, Alpha 1, Alpha 2, Beta 1, Beta 2, Gamma) in adults with
low and high CRI levels.

SW Delta Theta Alpha 1 Alpha 2 Beta 1 Beta 2 Gamma

Adults Low

CRI

1.0084± 0.0025 1.0132± 0.0023 0.9876± 0.0027 0.9854± 0.0033 1.0130± 0.0021 1.0126± 0.0022 1.0094± 0.0027

Adults High

CRI

1.0102± 0.0021 1.0142± 0.0021 0.9813± 0.0036 0.9878± 0.0037 1.0159± 0.0019 1.0163± 0.0023 1.0132± 0.0024

Abbreviations: CRI, Cognitive Reserve Index; EEG, electroencephalographic; SE, standard error; SW, SmallWorld.

TABLE 6 Mean± SE values of the SW index across EEG frequency bands (Delta, Theta, Alpha 1, Alpha 2, Beta 1, Beta 2, Gamma) in elderly
participants with low and high CRI levels.

SW Delta Theta Alpha 1 Alpha 2 Beta 1 Beta 2 Gamma

Elderly Low

CRI

1.0004± 0.0016 1.0080± 0.0013 0.9870± 0.0021 1.0002± 0.0016 1.0110± 0.0015 1.0082± 0.0016 1.0051± 0.0015

Elderly High

CRI

1.0062± 0.0014 1.0096± 0.0011 0.9852± 0.0013 0.9961± 0.0016 1.0144± 0.0010 1.0140± 0.0014 1.0103± 0.0017

Abbreviations: CRI, Cognitive Reserve Index; EEG, electroencephalographic; SE, standard error; SW, SmallWorld.

3.3 MMSE

The Student’s t-test assessing differences in MMSE raw scores

revealed no significant differences between the Adult and Elderly

groups (p = 0.1839). This finding was further supported when the

groupswere analyzed separately through additional t-tests, which also

showed no significant differences inMMSE scores between individuals

with Low andHigh CRI in both the Adult (p= 0.6545) and in the Elderly

group (p= 0.4273).

4 DISCUSSION

Brain changes during aging mirror “natural/physiological” body age-

related deterioration, making brain health crucial for maintaining

independence and quality of life during years. In this context, CR plays

a fundamental role as a protective factor that may help buffer or

modulate the effects of age-related neural decline.24 Aging is asso-

ciated with reduced efficiency in key cognitive domains, interrelated

cognitive domains-processing speed, working memory and long-term

memory—that play a crucial role in supporting complex cognitive tasks,

including reasoning, problem-solving, and decision-making. Declines

in one domain can have cascading effects on others, amplifying over-

all cognitive difficulties. Several studies have confirmed that these

domains tend to decline with age.3,25

By analyzing differences in brain networkorganizationusing the SW

metric across age groups and CRIq, the results showed some possi-

ble evidence of age-related differences across EEG frequency bands.

In particular, Adults exhibited higher SW values than Elderly in Delta

and Theta bands, and lower values in Alpha 2. It is worth reminding

that lower SW values reflect more ordered networks, while higher

SW values indicate more random-like networks organization.26 For

these reasons, higher SW values in Adults within the Delta and Theta

bands, namely amore random-like network,may reflect less structured

activity in these “slow” frequency bands, which can be interpreted

as a marker of typical brain dynamics. This aligns with the idea that

higher network randomness in the Delta and Theta bands reflects a

more flexible and adaptive brain function, in graph theoretical sense.

In contrast, Elderly showed reduced randomness in graph network,

potentially due to aging-related reductions in synaptic plasticity and

neuronal communication.27 As these low-frequency rhythms play a

limited role in active cognitive function in eyes-closed resting states,28

a less organized network, as seen forAdults,may indicate a healthy and

physiologically coherent brain state while a more regular, organized

network, as seen for Elderly, may be indicative of functional discon-

nection. This is supported by numerous studies showing increased

Delta and Theta activity in the EEG power spectrum of the healthy

aging brain, representing the electrophysiological counterpart of the

network organization.29

Additionally, Adults demonstrated lower SW values in the Alpha

2 band compared to Elderly. The Alpha rhythm is related to cogni-

tive and memory performance and is typically associated with strong

phase synchronization and organized activity in eyes-closed resting

states.30 In particular, the Alpha 1 rhythm is primarily linked to over-

all attentional readiness, whereas the Alpha 2 rhythm is particularly

responsive to semantic memory demands or the processing of senso-

rimotor information.31 The higher SW values observed in the Elderly

group for the Alpha 2 band suggest a less coherent, more fragmented

network organization, indicative of reduced efficiency in cognitive

processes reliant on these neural dynamics. This aligns with the estab-

lished age-related Alpha rhythm slowing, implying that with aging a

less organized network in Alpha 2 is expected due to the peak shifting

toward lower frequencies, and is consistent with previous research.32

These findings are in linewith prior research and should be interpreted
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as age-related alterations in network dynamics rather than markers of

impairment per se.

When examining the role of CR, notable differences emerged

between the two age groups. In Adults, CRI level did not significantly

affect SW values, while the Elderly group showed a clear class distinc-

tion: high-CRI individuals exhibited significantly greater SW in Delta,

Beta 2, and Gamma bands, and marginally significant lower values in

the Alpha 2 band compared to their low-CRI counterparts. Rather than

indicating superior or inferior network organization, these findings

suggest that CR-relatedmodulation of network dynamicsmay become

more evident when age-related neural changes increase the demand

for adaptive or compensatorymechanisms.

In adults, the absence of significant effects suggests preserved

neural resources, reducing the need for compensatory strategies to

support cognitive functioning.33 In the Elderly group, where age-

related changes lead to an overall brain integrity decline, CR becomes

increasingly important; it is in this group that significant differences

emerged. High-CRI participants generally reported a more enriched

life history, encompassing their education, work experiences, and

lifestyle.34 A life enriched of stimuli, novel challenges, and continuous

learning opportunities enhances and optimizes brain networks by fos-

tering processes such as neuro/synaptic-genesis, the strengthening of

synaptic connections, and increasing neural plasticity.35 These neuro-

biological changes contribute to a greater CR, enabling individuals to

maintain cognitive function and performance through compensatory

mechanisms despite brain decline.36 Supporting this view, other stud-

ies 18,20 have proposed that variations in neural efficiency associated

with CR may provide protection against age-related decline and neu-

ropathological damage. Interestingly, in our research, these significant

effects in the Elderly group emerged in the Delta frequency band, with

individuals with higher CRI showing higher SW values. This mirrors

previous findings in which Adults outperformed Elderly, suggesting

that higher CR in the Elderly may serve a similar functional role to

a younger age in maintaining cognitive efficiency.37 In other words,

while age-related neural decline may generally place elderlies at a

disadvantage, a higher CR appears to mitigate this effect. These find-

ings align with previous studies investigating brain network topology

through graph-theoretical metrics in physiological and pathological

aging. Regarding physiological aging Knyazev et al. 38 reported that

older participants exhibited higher pathlength values than younger

participants. Consistently, the study found that younger participants

showed higher clustering coefficient values, further indicating more

efficient local connectivity. Similar patterns have been observed in

pathological conditions. For instance, Miraglia et al. 39 analyzed differ-

ences in SW properties of EEG recorded under eyes-closed conditions

among healthy controls, mild cognitive impairment (MCI) subjects, and

Alzheimer’s disease (AD) patients. Higher SW values were observed

in the Delta band for healthy subjects, while MCI participants showed

intermediate values between healthy and AD groups, suggesting that

higher Delta band SW values are associated with a more preserved

brain network configuration, closer to that of healthy individuals.40

Notably, in our research these differences in graph measures were

also found in the Beta 2 band, with Adults showing higher SW val-

ues. This band is associated with age-vulnerable cognitive processes

such as attention, memory, and cognitive control.41 In individuals with

higher CRI, these networks may remain functionally efficient despite

age-related decline, supporting the notion of a compensatory mech-

anism preserving cognitive performance through more resilient and

adaptable connectivity patterns.42 Similarly, Stam et al.,43 revealed a

reduction in phase synchronization of EEG signals among AD in the

Beta band, accompanied by significantly longer pathlengths, indicating

decreased global efficiency in brain network organization. Notably, a

significant negative correlation was observed between MMSE scores

and pathlengths, linking better cognitive performance with more effi-

cient large-scale information transfer across brain regions.44 These

results support the hypothesis that, as brain integrity declines with

age or disease, compensatory mechanisms may help maintain cogni-

tive function.45 Shorter pathlengths in individuals with higher MMSE

scores, may reflect the recruitment of more efficient, resilient net-

work configurations that counterbalance neurodegenerative effects.

This interpretation aligns with prior evidence suggesting that in Adults

preserved neural resources reduce the need for compensation.46 In

contrast, CR becomes crucial in sustaining efficient network dynamics

and preserving cognitive abilities in Elderly, especially with AD. More-

over, the finding in the Gamma band aligns with previous research
47 showing positive correlations between Gamma-band SW and per-

formance on both the Forward and Backward Digit Span tasks.48

Since these tasks rely on cognitive functions that are particularly vul-

nerable to aging, such as working memory and executive processes,

the increased Gamma-band SW in high-CRI Elderly may reflect pre-

served capacity to supports these functions. This pattern therefore

supports the compensatory role of CR in sustaining cognitive per-

formance in older individuals. Lastly, a trend toward significance was

found in the Alpha 2 band, revealing higher SW values in low-CRI

Elderly compared to their high-CRI counterparts. Considering that

Alpha activity during eyes-closed resting state is associated with

strong phase synchronization and large-scale network organization,

this result suggests that higher CR in elderly individuals is linked to a

more organized brain network.49 This trend was also found in Adults,

suggesting that CR contributes to preserve typical brain dynam-

ics processes and architecture, potentially mitigating age-related

changes.

Cognitive functioning, as assessed by the MMSE, did not differ sig-

nificantly across age groups or CRI levels. Importantly, all participants

scored within the normal range, confirming the absence of overt cog-

nitive impairment. The inclusion of the MMSE was therefore intended

as a global cognitive screening tool, rather than as a measure expected

to discriminate between groups. The lack of MMSE differences indi-

cates that the observed alterations in EEG-derived brain network

organization may not be driven by measurable cognitive decline, but

instead likely reflect underlying compensatorymechanisms associated

with CR. In this context, individuals with higher CR may preserve

cognitive performance through more efficient or adaptable network

configurations, despite age-related changes in brain organization. This

dissociation between preserved global cognitive scores and altered

neural network properties supports the hypothesis that CR buffers the
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functional impact of brain aging before deficits become detectable at

the behavioral level.

It is important to acknowledge that this study has some limita-

tions, including the non-proportionality between low- and high-CRI

groups, which may affect generalizability and statistical power, and

the fact that the CRI is a subjective, self-reported measure, which

may introduce variability. In addition, EEG-derived graph-theoretical

metrics provide indirect indices of large-scale brain network organiza-

tion and do not allow inferences about underlying causal mechanisms.

Moreover, MMSE is a global screening scale not capturing subtle

cognitive change. Accordingly, the present findings should be inter-

preted as supportive rather than confirmatory. Future research should

therefore aim to recruit larger and more balanced samples, integrate

subjective measures with objective proxies of CR, and employing more

sensitive neuropsychological measures to more precisely characterize

the relationship between cognitive performance, network organiza-

tion, and compensatory mechanisms, and adopt longitudinal designs

to better characterize how reserve-related network adaptations con-

tribute to resilience and compensatory processes across the aging

trajectory.

Despite these limitations, these findings support the idea that CR is

associated with differences in large-scale brain network organization

in healthy aging, particularly in later life.While not establishing causal-

ity, the results are consistent with the view that CR may contribute to

maintaining functional brain efficiency through compensatorynetwork

mechanisms. Overall, this study enhances understanding of how CR

may support the maintenance of brain function with age and suggests

the potential value of integrating rehabilitation strategies and promot-

ing healthy, active, and stimulating lifestyles to sustain these protective

mechanisms.
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