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Abstract 

Resting-state functional connectivity (rsFC) provides insight into the intrinsic organization of brain 
networks and is increasingly recognized as a sensitive marker of age-related neural changes. 
Functional near-infrared spectroscopy (fNIRS) provides a portable and cost-effective approach to 
measuring rsFC, including in naturalistic environments. However, the sensitivity of fNIRS to age-
related alterations in rsFC topology remains poorly characterized. Here, we applied graph-based 
analysis to fNIRS data acquired during rest from 57 healthy participants divided into two groups: 26 
young adults (18-30 years) and 31 older adults (50-77 years). Despite observing significantly 
attenuated low-frequency oscillation (LFO) power in older adults (5-6 fold reduction, p < 0.001), 
network analysis revealed counterintuitively higher connectivity in this group. Specifically, older 
adults exhibited 50-86% greater degree density, 16-43% higher clustering coefficients, and 31-75% 
greater global efficiency compared to young adults. These patterns were consistent across all 
canonical resting-state networks (sensorimotor, auditory, visual, frontoparietal, default mode) and 
all hemoglobin contrasts. While network decay rates were slower in older adults, the coexistence of 
reduced oscillatory and increased connectivity may reflect vascular rather than purely neural 
contributions. Overall, our findings validate fNIRS as a sensitive tool for detecting age-related 
changes in network organization, while highlighting the importance of disentangling neural and 
vascular signal components in aging research. 

Keywords: resting sate; fNIRS; functional connectivity; ageing 
 

1. Introduction 

The worldwide aging population is expanding rapidly, with individuals aged 65 and above 
expected to represent a substantial proportion of the global demographic by 2050 [1]. This 
demographic transition is accompanied by increased prevalence of cognitive decline, with conditions 
ranging from normal cognitive aging to mild cognitive impairment (MCI) and dementia [2,3]. 
Understanding the neural mechanisms underlying both normal and pathological aging has thus 
become a key scientific and socioeconomic priority. Aging is associated with progressive structural 
and functional changes that affect neuronal efficiency, synaptic plasticity, and large-scale brain 
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network integration [4,5]. Conventional clinical assessments often detect impairment only after 
substantial neuronal and vascular deterioration, while structural brain changes typically manifest 
after earlier functional alterations have occurred [6]. 

Functional neuroimaging offers a means to investigate how aging affects brain function. In 
particular, functional connectivity characterizes the temporal correlation between spatially 
distributed brain regions, allowing the brain to be analyzed as an integrated network rather than 
isolated modules. When measured during rest, resting-state functional connectivity (rsFC) provides 
insight into the spontaneous low-frequency fluctuations that reflect the intrinsic functional 
architecture of the brain [7,8]. Resting-state approaches are particularly valuable for aging research 
because they do not rely on task performance, making them more suitable for older or cognitively 
impaired populations [9–12]. 

Previous rsFC studies using functional magnetic resonance imaging (fMRI) have shown that 
normal brain aging is typically accompanied by decreased connectivity within major brain networks 
and increased connectivity between networks, particularly within the frontoparietal, visual, and 
motor systems [13,14]. These findings suggest a shift from specialized to more distributed processing, 
which is often interpreted as dedifferentiation or compensatory reorganization in response to 
structural decline. 

Functional near-infrared spectroscopy (fNIRS) is an alternative approach to fMRI that employs 
near-infrared light to provide a portable, affordable, and non-invasive means of assessing brain 
function [15–18]. Its higher temporal resolution, tolerance to movement, and suitability for 
naturalistic environments make it particularly advantageous for studying older adults in their own 
environment. 

Despite this promise, resting-state fNIRS connectivity remains comparatively underexplored, 
with few studies published on aging to date [19–21]. The relatively low number of channels, 
sensitivity to extracerebral hemodynamics, and differences in hemodynamic specificity mean that 
rsFC metrics derived from fNIRS may not directly mirror those from fMRI. In addition, the high 
temporal and low spatial resolutions of fNIRS signals introduce unique confounds – but also 
opportunities to characterize novel physiological aspects of aging. Therefore, establishing how 
fNIRS-based network measures behave in healthy young and older adults is a relevant step toward 
validating this modality for lifespan and clinical studies. 

In this work, we evaluated the feasibility and sensitivity of fNIRS for detecting age-related 
alterations in resting-state functional connectivity. In particular, we characterized how standard 
graph-theoretical metrics manifest in fNIRS-derived networks. By comparing healthy young and 
older adults, we examined whether these metrics capture consistent age-related differences and how 
such patterns relate to known physiological and methodological properties of fNIRS. Through this 
analysis, we aimed to establish a methodological foundation for future applications of fNIRS to study 
aging and functional network organization in age-related cognitive impairments. 

2. Materials and Methods 

2.1. Subjects and Experimental Protocol 

A total of 57 participants with no self-reported history of neurological or psychiatric disorders 
were recruited for this study. Participants were divided into two age groups: young adults (YA; N = 
26; age range: 18–30 years; 3 female) and older adults (OA; N = 31; age range: 50–77 years; 21 female). 
For data collection, each participant laid on a hospital bed and was instructed to close their eyes, 
remain seated and relaxed, and not focus on any specific task. Resting-state data were acquired over 
three runs of six minutes each. The study protocol was approved by the Research Ethics Committee 
of the University of Campinas, where the experiment was carried out, and all participants provided 
written informed consent prior to data collection. 

2.2. fNIRS Acquisition and Processing 
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All optical measurements were acquired using a commercial continuous-wave fNIRS system 
(NIRScout, NIRx Medical Technologies, Berlin, Germany) with a sampling rate of 7.8 Hz. The probe 
configuration was designed to achieve coverage of the entire head and consisted of 16 light sources 
(each source contained two LEDs emitting at 760 nm and 850 nm) and 32 detectors. This setup 
resulted in a total of 64 source–detector pairs (channels) with an average source-detector separation 
of 3 cm (Figure 1). 

The processing of the fNIRS data was performed using custom scripts based on the HOMER2 
toolbox [22]. For each run, we excluded channels with a scalp-coupling index (SCI) below 0.7 from 
further analysis [23,24]. The remaining intensity time series were converted to optical density, and 
motion artifacts were corrected using a hybrid approach that combined spline interpolation followed 
by wavelet filtering [25]. Then, hemodynamic changes in oxy-hemoglobin (HbO) and deoxy-
hemoglobin (HbR) concentrations were computed using the modified Beer–Lambert law with a 
differential pathlength factor of 6 for both wavelengths. 

 

Figure 1. Topographical layout of the fNIRS probe configuration. (a) The source-detector configuration included 
16 sources (red) and 32 detectors (blue), resulting in a total of 64 source-detector pairs (i.e., channels, yellow 
lines) with a source-detector separation of approximately 3 cm. (b) The sensitivity profile of the regions measured 
by the optical probe layout, which was obtained through Monte Carlo simulation. . 

To minimize extra-cerebral contributions and isolate neural low-frequency oscillations (LFOs), 
each hemoglobin time series was band-pass filtered between 0.009 and 0.08 Hz using a third-order 
Butterworth filter [26–28]. Then, the first component was removed via Principal Component Analysis 
(PCA) to reduce systemic interference [29]. For analyses focusing on specific sub-bands of LFOs 
(Section 3.1), the data was band-pass filtered into two narrower frequency ranges: band V (0.010 – 
0.027 Hz), associated with endothelial function and autoregulatory oscillations, and; band IV (0.027 
– 0.073 Hz), associated with neurogenic vasomotion and local smooth muscle activity [30,31]. In all 
cases, the filtered HbO and HbR time series were pre-whitened to minimize serially correlated errors 
[32], and total hemoglobin (HbT) was calculated as the sum of HbO and HbR. 

2.3. Functional Connectivity Analysis 

Functional connectivity was quantified by computing pairwise Pearson correlation coefficients 
between all fNIRS channel time series for each hemoglobin contrast (HbO, HbR, and HbT). To 
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reproduce the resting-state functional connectivity (rsFC) networks typically reported in the 
literature, we applied the Fisher z-transformation to the correlation matrix measured for each run. 
Subject-level matrices were averaged across the runs to obtain individual functional connectivity 
maps, which were then averaged across subjects within each group. The resulting group matrices 
were subsequently standardized using Z-scores for visualization purposes. A seed-based approach 
was utilized to identify rsFC networks corresponding to cortical regions covered by our fNIRS probe: 
sensorimotor, auditory, visual, fronto-parietal control (FPC), and default mode network (DMN). For 
each of these networks, a representative seed channel was selected based on anatomical localization 
derived from the AtlasViewer software [33]. Specifically, the sensorimotor network was localized to 
the left precentral gyrus, the auditory network to the left superior temporal gyrus, the visual network 
to the left cuneus gyrus, the FPC network to the left middle frontal gyrus, and the DMN to the left 
superior frontal gyrus. 

For graph-based analysis, adjacency matrices were derived by thresholding the correlation 
matrices, so that all correlation coefficients below a given threshold were set to zero [34]. To assess 
the robustness of the network properties to this arbitrary choice, we varied the correlation threshold 
from 0.1 to 0.8 in increments of 0.1, which allowed us to analyze how the pattern varies as a function 
of the threshold [27,35]. In every case, we performed quantified the graphʹs key topological properties 
[36–38]. Specifically, we quantified network connectivity through degree density, defined as the ratio 
of observed edges to the maximum possible edges in the network. Functional segregation was 
evaluated using the average clustering coefficient, which measures the tendency of nodes to form 
locally interconnected groups. Functional integration was assessed through normalized global 
efficiency, calculated as the average inverse of the shortest path length across all node pairs and 
reflects the efficiency of information transfer across the network, while modularity was computed 
using the Newman–Girvan algorithm [39]. At the nodal level, hub regions were identified as nodes 
with the highest degree centrality [40]. All graph-theoretical analyses were performed using the Brain 
Connectivity Toolbox [34]. 

2.4. Statistical Analysis 

Given the relatively low number of participants and deviations from normality observed in 
several measures, particularly within the older adult group, we opted to report results as median and 
interquartile range (IQR). When appropriate, between-group comparisons (younger vs. older adults) 
were conducted using the Mann-Whitney U test to compare the overall distributions between the 
two groups, and effect sizes were computed as the rank-biserial correlation (rrb) to account for non-
normality, with standard interpretation (~0.1 small, 0.3 medium, and 0.5 large). In all cases, statistical 
significance was defined as p < 0.05 (two-tailed), and all statistical analyses were performed in Python 
(version 3.11) using the scipy.stats library. 

3. Results 

3.1. Power Spectrum of Low-Frequency Oscillations Is Attenuated for Older Adults 

Across all frequency bands and chromophores, we observed that young adults consistently 
showed greater low-frequency oscillation (LFO) power than older adults (Figure 2, Table 1). For HbO, 
median power was markedly higher in young adults than in older adults in the resting-state and 
Band IV ranges (median [IQR] = 40.7 [17.9] vs. 8.3 [9.4]; and 31.8 [17.2] vs. 9.1 [14.7], both p < 0.001, 
effect size: 0.76-0.95). We also observed a similar pattern for HbR, where young adults showed higher 
power in Band IV (5.9 [2.5] vs. 1.4 [1.4], p < 0.001, effect size: 0.94) and in the resting-state range (10.7 
[4.3] vs. 1.6 [2.2], p < 0.001, effect size: 0.97). Differences were also present for HbT, although with 
smaller effect sizes (Band IV: 37.6 vs. 10, p < 0.001, effect size: 0.70; Band V: 7.5 vs. 2.4, p < 0.001, effect 
size: 0.75). Across chromophores, HbO consistently showed the largest absolute differences, followed 
by HbT and HbR. 
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3.2. Resting-State fNIRS Connectivity and Global Network Properties 

Despite lower LFO power, the overall spatial organization of fNIRS-based rsFC patterns was 
similar across age groups. The canonical resting-state networks (sensorimotor, auditory, visual, 
frontoparietal control, and default mode network) were reproducible in both young and older adults 
across all hemoglobin contrasts (Figure 3). However, older adults exhibited more spatially extended 
and stronger correlations, with approximately 13-16% more significantly connected channels, 
particularly within the sensorimotor and default-mode networks. 

Table 1. Low-frequency oscillation (LFO) power across different spectral ranges for both groups, separated by 
hemoglobin contrast. Values represent the median across all participants, along with the first and third 
percentiles. 

 Resting state Band V Band IV 
HbO    

YA 40.7 [33.6 – 51.5] 7.6 [5.4–10.6] 31.8 [22.9–40.1] 
OA 8.3 [5.6 – 15.1] 1.9 [1.3–4.0] 9.1 [5.0–19.7] 

HbR    
YA 10.7 [8.9 – 13.3] 1.6 [1.1 – 3.3] 5.9 [4.6 – 7.1] 
OA 1.6 [ 1.1 – 3.3] 0.30 [0.22 – 0.56] 1.4 [ 0.82 – 2.2] 

HbT    
YA 45.4 [35.9 – 57.3] 7.5 [ 5.9 – 11.6] 37.6 [24.4 – 49.3] 
OA 11.3 [ 6.2 – 18.8] 2.4 [1.4 – 4.2] 10.0 [6.7 – 23.1] 

 

Figure 2. Low-frequency oscillation (LFO) power for young adults (YA) and older adults (OA) across three 
frequency bands: (a) Band V (0.010-0.027 Hz), (b) Band IV (0.027-0.073 Hz), and (c) full resting-state LFO range 
(0.009-0.08 Hz). Results are shown separately for oxy-hemoglobin (HbO), deoxy-hemoglobin (HbR), and total 
hemoglobin (HbT). 
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Figure 3. Resting-state functional connectivity (rsFC) networks obtained with fNIRS for both young adults (YA) 
and older adults (OA), as well as the combined cohort (Y&O), across all hemoglobin contrasts. The top row 
shows the cortical projection of the fNIRS channel used as a reference (seed). (FPC: fronto-parietal control 
network; DMN: default-mode network.). 

To characterize these age-related differences quantitatively, we examined how macroscopic 
graph properties varied as a function of the correlation threshold (Figure 4). As expected, increasing 
the threshold reduced overall connectivity, clustering, and global efficiency in both groups, reflecting 
more edges being pruned at higher thresholds and sparser connectivity. However, the rate of decay 
was substantially slower in older adults, indicating that their networks retained connections and 
topological organization across a broader threshold range. 
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Figure 4. Threshold-dependent evolution of global network topology. Macroscopic graph properties were 
derived from the network for each age group across different thresholds. Error bars represent the standard error 
across subjects, and the shaded area indicates the threshold range where the younger groupʹs graph properties 
differ significantly from those of the older group. 
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Table 2. Decay rates of the macroscopic graph properties as a function of the threshold for the curves measured 
in Figure 4. The degree density was fitted assuming an exponential decay, while the other properties were fitted 
using a Weibull function. 

 Degree density Avg. CC Global Efficiency 
HbO    

YA 5.4 [5.3 – 5.5] 1.97 [1.96 – 1.99] 2.94 [2.92 – 2.95] 
OA 3.4 [3.3 – 3.5] 1.72 [1.70 – 1.73] 2.29 [2.27 – 2.30] 

HbR    
YA 7.2 [7.0 – 7.4] 2.26 [2.24 – 2.29] 3.10 [3.09 – 3.12] 
OA 5.3 [5.0 – 5.6] 1.84 [1.83 – 1.85] 2.59 [2.57 – 2.60] 

HbT    
YA 5.1 [4.9 – 5.3] 1.85 [1.84 –1.86] 2.63 [2.62 – 2.64] 
OA 3.3 [3.2 – 3.4] 1.67 [1.65 – 1.68] 2.22 [2.21 – 2.23] 

Across all chromophores, the exponential decay for degree density was 30-40 % lower in older 
adults (3.3-5.3) than in young adults (5.1-7.2; Table 2). Similar trends were observed for the average 
clustering coefficient and global efficiency, which also declined more gradually in older adults (CC = 
1.67-1.84; efficiency = 2.22-2.59) compared with young adults (CC = 1.85-2.26; efficiency = 2.63-3.10). 
These slower decay dynamics suggest that the older-adult networks were denser, more locally 
clustered, and more globally efficient, consistent with greater structural persistence across thresholds. 

In addition, the standard deviation of the degree distribution was consistently higher in older 
adults across all hemoglobin contrasts, indicating a more heterogeneous network topology, with a 
broader range of nodal connectivity strengths. Combined with the observation of increased 
connectivity in this group, this suggests that the network in older adults contains proportionally more 
highly connected hub nodes relative to the rest of the network, showing an enhanced differentiation 
in nodal importance within an overall denser architecture. 

Within the intermediate threshold range (0.3-0.5), typically used as cutoffs in the literature, older 
adults showed systematically higher global network measures than young adults (Table 3). Across 
all hemoglobin contrasts, we measured 50-86% greater degree density, 16-43% higher clustering 
coefficient, and 31-75% greater global efficiency in older adults. Modularity did not differ 
significantly, although young adults showed slightly higher HbO and HbT values, reflecting a more 
segregated network structure. 

Table 3. Global topological properties averaged across the 0.3-0.5 threshold range for each group and 
hemoglobin contrast.  Values represent the median across all participants, along with the first and third 
percentiles. 

 Graph Properties 
 Degree density Avg. CC Global Efficiency Modularity 

HbO     
YA 0.07 [0.05 – 0.10] 0.39 [0.31 – 0.43] 0.20 [0.14 – 0.26] 0.55 [0.51 – 0.58] 
OA 0.13 [0.09 – 0.18] 0.49 [0.42 – 0.56] 0.34 [0.27 – 0.41] 0.48 [0.42 – 0.54]  
HbR     
YA 0.06 [0.05 – 0.08] 0.30 [0.25 – 0.34] 0.16 [0.13 – 0.22] 0.55 [0.49 – 0.59] 
OA 0.09 [0.07 – 0.12] 0.43 [0.37 – 0.51] 0.28 [0.21 – 0.36] 0.54 [0.48 – 0.60] 
HbT     
YA 0.09 [0.07 – 0.12] 0.43 [0.36 – 0.48] 0.29 [0.18 – 0.34] 0.52 [0.46 – 0.56] 
OA 0.16 [0.10 – 0.18] 0.50 [0.46 – 0.57] 0.38 [0.28 – 0.45] 0.45 [0.40 – 0.51] 

Considering the different hemoglobin types, HbT consistently showed the highest absolute 
connectivity and efficiency, while HbR yielded the lowest, likely due to its lower signal-to-noise ratio. 
On the other hand, HbO exhibited the largest relative group differences. Considering that this 
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contrast is more sensitive to vascular and extracerebral components than HbR, the biggest difference 
suggests that these components may contribute to the observed age effects. 

3.2. Network-Specific Topology 

At the mesoscopic scale, the group differences seen in global metrics were mirrored within 
individual networks (Figure 5). Across all hemoglobin contrasts, older adults showed higher 
connectivity, clustering, and efficiency in the sensorimotor, auditory, visual, FPC, and DMN 
networks. The largest differences occurred in the primary sensorimotor and auditory regions, 
suggesting that age effects on network integration and segregation are widespread rather than 
confined to a single system. 

At a threshold of 0.3 (Figure 6a), older adults exhibited markedly denser connectivity patterns, 
with 139, 79, and 155 edges for HbO, HbR, and HbT, respectively, compared with 74, 43, and 101 in 
the young group. Both age groups displayed hubs primarily in frontal and occipital cortices (Figure 
6b). While the number of hubs was comparable, we found hemispheric asymmetries: young-adult 
networks were more left-lateralized, whereas older-adult networks showed greater right-hemisphere 
dominance, especially in occipital regions. 

 

Figure 5. Network-specific topology reveals widespread age-related increases in connectivity across canonical 
resting-state networks. All global metrics comparing young adults (YA) and older adults (OA) across five major 
rsFC networks: sensorimotor, auditory, visual, frontoparietal control (FPC), and default mode network (DMN). 
Each panel displays results for all three hemoglobin contrasts (HbO, HbR, HbT). 
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Figure 6. (a) Adjacency matrices for age groups (young and old adults). 3D plots of the network, where the 
correlation coefficients are represented as links (red for HbO, blue for HbR, and green for HbT), considering 0.1 
as the threshold and black points represent the nodes. (b) The brain maps show the spatial distribution of hubs 
across the networks for each hemoglobin type (HbO, HbR, and HbT) and age group (young and old adults). 
Nodes were considered Hubs if their connectivity (degree) is ≥ 1 standard deviation above the mean of the 
network. These nodes are visualized as colored points on the brain map. 

3.3. Influence of Global Signal Regression 

To evaluate whether global systemic factors explained the enhanced connectivity observed in 
older adults, we examined the proportion of variance removed by the first principal component 
during preprocessing (Figure 7). However, the variance accounted for by this component did not 
differ significantly between groups, ranging from 27-30% in young adults to 25-27% in older adults. 
The similarity in efficacy of global signal regression across groups suggests that the age-dependent 
alterations in large-scale connectivity described above are not due to differences in the pipeline, 
although contributions from vascular and extracerebral sources cannot be entirely excluded. 

4. Discussion 

In this work, we aimed to demonstrate the feasibility of using fNIRS to reliably capture age-
related alterations in resting-state functional connectivity (rsFC). Establishing standardized methods 
for quantifying network topology from fNIRS data is an essential first step toward enabling its use in 
longitudinal and clinical contexts. Because fNIRS is portable, affordable, and tolerant to movement, 
it offers a unique opportunity to extend rsFC research into naturalistic and less controlled 
environments such as patients’ homes, day-care centers, or hospices, which can expand ageing 
research and increase information beyond clinical targets. Developing reference ranges and 
characteristic patterns of fNIRS-based graph metrics across the lifespan will be critical for future 
studies of neurodegenerative conditions associated with aging, including mild cognitive impairment 
(MCI), Alzheimer’s disease, and vascular dementia. 
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Figure 7. Box plots showing the percentage of total signal variance explained by the first principal component 
(PC1) for each hemoglobin contrast in young adults (YA) and older adults (OA). PC1 was removed during 
preprocessing to reduce global systemic physiological interference. No significant between-group differences 
were observed, with PC1 accounting for 25-30% of variance in both groups. 

A fundamental observation in our study was the attenuation of LFO amplitude with age. This 
finding, widely reported in both fNIRS and fMRI research, is commonly attributed to reduced 
neurovascular coupling efficiency, diminished hemodynamic responsiveness, and impaired vascular 
reactivity [41–45]. In our data, this reduction was most pronounced within the resting-state band 
(0.008–0.09 Hz), where LFO power in young adults was approximately five- to six-fold higher than 
in older adults. The effect was consistent across the narrower bands examined, suggesting that age-
related changes affect both autoregulatory fluctuations and spontaneous vascular dynamics. 

Despite this attenuation, older adults exhibited denser and more globally connected networks, 
reflected by a slower decay of global metrics across thresholds and higher degree density, clustering, 
and efficiency. This counterintuitive finding may arise because fNIRS captures a composite signal 
comprising both neural and systemic vascular components. Lower neuronal oscillatory power might 
coexist with stronger inter-regional correlations driven by more coherent systemic hemodynamics, 
such as blood-pressure oscillations or altered cerebrovascular autoregulation. Thus, the coexistence 
of reduced LFO power and increased network connectivity may represent a physiological coupling 
between systemic and neural components that becomes more pronounced with age. Future studies 
integrating concurrent physiological monitoring could help disentangle these contributions. 

The reproducibility of the network architecture across all hemoglobin contrasts reinforces the 
capability of fNIRS to capture large-scale functional organization even with a sparse probe 
arrangement and limited spatial resolution, consistent with previous reports [29,46]. Although we 
were able to successfully retrieve all canonical rsFC networks that could be observed with fNIRS, 
their spatial distribution and relative strength differed from those typically observed with BOLD-
fMRI. In fMRI, healthy aging is often characterized by reduced within-network connectivity and 
increased between-network coupling, particularly between the default mode (DMN) and 
frontoparietal control (FPC) networks [4,13,14]. In contrast, our fNIRS-based results revealed globally 
higher connectivity and efficiency in older adults, suggesting that fNIRS networks may emphasize 
vascular and systemic coherence more than the neuronal synchronization detected by fMRI. The 
limited number of channels and their concentration over superficial cortical regions likely contribute 
to these differences, as fNIRS does not probe subcortical or deep cortical regions typically involved 
in fMRI rsFC analyses. 

Interestingly, similar hyperconnectivity has been reported in fNIRS studies of pathological 
aging. Individuals with Alzheimer’s disease or MCI often show increased network density and 
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efficiency relative to healthy controls [47,48]. These patterns have been interpreted as compensatory 
or dedifferentiation responses to reduced neuronal specialization, possibly mediated by altered 
neurovascular coupling. Our results suggest that a comparable phenomenon may also be present in 
normal aging, indicating that fNIRS is sensitive to early or subclinical functional changes. When 
examined across multiple graph metrics, the networks of older adults decayed more slowly with 
increasing threshold and could be described as denser (higher degree density), more heterogeneous 
(greater degree variance), more locally integrated (higher clustering coefficient), and more globally 
efficient (higher global efficiency). These factors might suggest both increased redundancy and 
reduced network segregation. Together, these metrics provide a comprehensive description of fNIRS-
derived network reorganization with aging. 

Our findings also highlight important methodological considerations for interpreting fNIRS-
based connectivity. Although principal component analysis (PCA) effectively reduced global 
systemic contributions, removing only the first component might have been insufficient, as it cannot 
entirely eliminate physiological confounds such as respiration, blood-pressure oscillations, or 
extracerebral hemodynamics [49,50]. The proportion of variance removed by the first component did 
not differ significantly between groups, suggesting that residual systemic effects alone do not explain 
the observed differences. Nevertheless, systemic physiology likely modulates network correlations 
differently across the lifespan, particularly given age-related vascular changes. Rather than viewing 
this solely as a limitation, such sensitivity may represent a unique advantage of fNIRS: the ability to 
capture both neural and vascular dimensions of connectivity, potentially enhancing its predictive 
value for diseases with mixed neurovascular pathology. 

Importantly, it is unlikely that the absence of short-separation detectors substantially affected 
our main results. Previous work indicates that rsFC and graph metrics derived using PCA are 
comparable to those obtained with short-channel regression at the group level [29]. Moreover, recent 
studies employing multi-distance separations have reported similar overall increases in connectivity 
among cognitively impaired older adults [47,51]. Other design factors, such as sample size, sex 
distribution, and cortical coverage, may therefore have greater influence on generalizability. In 
particular, unequal gender representation could bias vascular responses, and the restricted coverage 
limits assessment of networks involving subcortical structures [41,52,53]. Future studies combining 
fNIRS with other neuroimaging modalities and/or physiological recordings could better isolate 
neuronal from systemic signals and extend coverage to subcortical regions. In addition, longitudinal 
designs are key to determining whether the observed network patterns predict cognitive decline or 
reflect compensatory reorganization. 

5. Conclusions 

Overall, our results provide evidence that fNIRS can detect reproducible age-related differences 
in the topology of resting-state networks. Older adults showed denser and more integrated fNIRS-
based networks despite reduced oscillatory power, suggesting a complex interplay between neural 
and vascular factors. By characterizing how graph-theoretical metrics manifest in fNIRS data, we 
believe that this work contributes to laying the groundwork for using portable optical neuroimaging 
to monitor functional brain organization throughout the aging process and in neurodegenerative 
disease. Going forward, understanding the effects of fNIRS setups (e.g., channel density and location) 
on the variability of the network metrics will be key to ensuring reproducibility and comparability 
across fNIRS studies. In addition, larger normative datasets spanning different age groups can help 
define reference ranges for network density, clustering, and efficiency, serving as benchmarks for 
clinical research. 

Author Contributions: Conceptualization, F.C., C.Y., and R.C.M.; methodology, R.C.M., R.F., and S.N.; formal 
analysis, V.S., A.C., and S.N.; data curation, A.C., A.Q., and S.N.; writing—original draft preparation, V.S.; 
writing—review and editing, R.C.M.; visualization, V.S. and R.C.M.; supervision, R.C.M., C.Y., and F.C.; project 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 November 2025 doi:10.20944/preprints202511.0773.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202511.0773.v1
http://creativecommons.org/licenses/by/4.0/


 13 of 16 

 

administration, R.C.M.; funding acquisition, R.C.M. and F.C. All authors have read and agreed to the published 
version of the manuscript. 

Funding: This work was funded by the São Paulo Research Foundation (FAPESP), Brazil (Process #2013/07559-
3 and #2012/02500-8). The authors also thank the Coordination for the Improvement of Higher Level Personnel 
(CAPES), Finance Code 001, for PhD funding. 

Institutional Review Board Statement: The study was conducted in accordance with the Declaration of 
Helsinki, and approved by the Ethics Committee of the University of Campinas, where the experiments were 
carried out (protocol #56602516.2.0000.5404, approved on 07 February 2017). 

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study. 

Data Availability Statement: Data and code are available upon request. 

Acknowledgments: During the preparation of this manuscript/study, the author(s) used Grammarly for the 
purposes of text editing. The authors have reviewed and edited the output and take full responsibility for the 
content of this publication. 

Conflicts of Interest: The authors declare no conflicts of interest. 

Abbreviations 

The following abbreviations are used in this manuscript: 
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HbO Oxy-hemoglobin 

HbR Deoxy-hemoglobin 

HbT Total-hemoglobin 

LFO Low frequency oscillation 
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