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Introduction

Neuroimaging studies comparing different populations rely 
on identifying features (such as quantitative measures of 
structures) whose means and variations are documented 
such that significant differences may be reliably detected. 
One approach that serves such goals is the creation of 
atlases that integrate and average the data from a large num-
ber of subjects. Several properties, such as white matter 
(WM) tracts and functional parcellations, have been con-
densed into available atlases that thus enable comparisons 
between different populations or the quantification of the 
influence of other variables. Here we describe the develop-
ment of new functional maps that quantify the overall spa-
tial distribution of metrics of functional correlation tensors 
(FCT) in late adulthood, obtained from resting state studies 
of brain, and we illustrate the effects of normal aging on 
FCT characteristics.
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Abstract
Resting state correlations between blood oxygenation level dependent (BOLD) MRI signals from voxels in white matter 
(WM) are demonstrably anisotropic, so that functional correlation tensors (FCT) may be used to quantify the underly-
ing microstructure of BOLD effects in WM tracts. However, the overall spatial distribution of FCTs and their metrics in 
specific populations has not yet been established, and the factors that affect their precise arrangements remain unclear. 
Changes in WM occur with normal aging, and these may be expected to affect FCTs. We hypothesized that FCTs exhibit 
a characteristic spatial pattern and may show systematic changes with aging or other factors. Here we report our analyses 
of the FCT characteristics of fMRI images of a large cohort of 461 cognitively normal subjects (190 females, 271 males) 
sourced from the Open Access Series of Imaging Studies (OASIS), with age distributions of 42 y/o – 95 y/o. Group aver-
ages and statistics of FCT indices, including axial functional correlations, radial functional correlations, mean functional 
correlations and fractional anisotropy, were quantified in WM bundles defined by the JHU ICBM-DTI-81 WM atlas. In 
addition, their variations with normal aging were examined. The results revealed a dimorphic distribution of changes in 
FCT metrics with age, with decreases of the functional correlations in some regions and increases in others. Supplemen-
tary analysis revealed that females exhibited significant age effects on a greater number of WM areas, but the interaction 
between age and sex was not significant. The findings demonstrate the reproducibility of the spatial distribution of FCT 
metrics and reveal subtle regional changes with age.
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Functional magnetic resonance imaging (fMRI) has been 
widely applied to study gray matter (GM), where changes 
in blood oxygenation level dependent (BOLD) signals are 
measured as indirect indicators of neural activity. How-
ever, much less work has been focused on corresponding 
changes in WM, which is irrigated by much reduced blood 
vasculature (Helenius et al., 2003; Raichle et al., 2001; 
Rostrup et al., 2000). Recently, considerable evidence has 
emerged that BOLD signals in WM can also be robustly 
detected using appropriate methods (Ding et al., 2018; 
Gawryluk et al., 2014; Gore et al., 2019; Huang et al., 
2018; Li et al., 2019). Moreover, WM functional metrics 
have shown their relevance in monitoring alterations asso-
ciated with brain disorders (Gao et al., 2020, 2021; Kong 
et al., 2022) and seasonal variations (Xu et al., 2023). One 
notable finding is that resting state BOLD signals in WM 
exhibit local structure-specific anisotropic temporal corre-
lations, and this functional correlational anisotropy within 
local WM neighborhoods may be characterized by a FCT 
(Ding et al., 2013, 2016) whose primary orientations often 
align with local WM structure measured by conventional 
diffusion tensor imaging. FCTs depend on microvascular, 
neural and structural factors (Ding et al., 2016), and have 
previously been used to assess neurological conditions such 
as pontine strokes (Wang et al., 2019) and mild cognitive 
impairment (Chen et al., 2017). However, the spatial pat-
terns of FCT metrics within specific populations has not yet 
been quantified, which is essential for assessing the overall 
functional architecture in WM. Additionally, as individuals 
age, the brain undergoes age-related processes that affect 
both vascular and neural structural levels. Yet, the effects 
of normal aging on FCTs remains unexplored. We hypoth-
esized that FCTs and their metrics, with a certain spatial 
distribution, may undergo age-related changes across the 
normal age span. Despite the existing region-wise studies 
on age-related variations in long-distance WM FC in aging 
research (Gao et al., 2023; Li et al., 2023), there is still a 
deficiency in comprehensive characterization of how aging 
impacts localized functional synchrony, and such detailed 
descriptions could enhance our understanding of the func-
tional architecture of WM and its associated aging-related 
changes. Such insights could be revealed through FCTs by 
measuring the correlational anisotropy of resting state fMRI 
signals among neighboring voxels in WM.

The changes with aging of the human brain are of funda-
mental interest to neuroscience research and have societal 
implications as the population ages. Brain aging is a sig-
nificant risk factor for a variety of neurodegenerative condi-
tions, including Alzheimer’s disease (Jockwitz & Caspers, 
2021; Koen & Rugg, 2019; Lee & Kim, 2022; Mattson & 
Arumugam, 2018; Morrison & Hof, 1997). Numerous stud-
ies have found that normal aging is accompanied by brain 

changes at cellular (Lu et al., 2004; Yankner et al., 2008), 
biochemical (Lodish et al., 2000; Nikhra, 2017), and struc-
tural levels (DeCarli et al., 2005; Peters, 2006), which may 
eventually lead to a decline of cognitive functions, such as 
memory, attention, and executive functions (Park & Reuter-
Lorenz, 2009; Reuter-Lorenz, 2002; Reuter-Lorenz & Park, 
2014; Walhovd et al., 2011).

Extensive efforts have been dedicated to imaging studies 
of changes with brain aging, especially the characterization 
of the temporal trajectories of changes in brain structure 
and function (Coupé et al., 2017; Tomasi & Volkow, 2012). 
Anatomically, reductions in GM volumes have consistently 
been found in late adulthood (Coupé et al., 2017) and vari-
ous reports have shown that the thickness of the cerebral 
cortex decreases with age. Meanwhile, age-related changes 
of both long-and short-range functional connectivity have 
been observed in various well-established cortical networks 
(Tomasi & Volkow, 2012). In addition to age effects on 
GM, which has been the primary focus of previous studies, 
mounting evidence has indicated that WM also is affected 
by brain aging. For example, diffusion tensor imaging 
(DTI), which allows WM microstructure to be probed non-
invasively in vivo (Pierpaoli & Basser, 1996; Pierpaoli et 
al., 1996), has been used extensively to assess various brain 
conditions, particularly in the context of the normal aging. 
By deriving indices from diffusion tensor measurements 
across different age groups, characteristic trajectories of age 
effects in fractional anisotropy (FA), axial diffusivity (AD), 
radial diffusivity (RD), mean diffusivity (MD) and other dif-
fusion indices (Barrick et al., 2010; Bendlin et al., 2010; 
Cox et al., 2016; Sullivan et al., 2010) have been depicted, 
demonstrating that WM microstructure is strongly influ-
enced by aging.

Based on these considerations, we conducted analyses 
of FCTs in WM to establish the overall spatial distribution 
of FCT metrics among the late adulthood, and then also to 
evaluate age-related variations in the temporal correlations 
of BOLD signals. To simplify our approach, we computed 
indices originating from the eigenvalues associated with 
FCT’s characteristic directions. These distinctive direc-
tions capture the anisotropic correlations between BOLD 
signals of voxels and the surrounding neighborhoods. 
Consequently, the eigenvalues linked with these directions 
serve as indicators of the corresponding functional cor-
relations. Guided by previous index analyses of diffusion 
tensors, we derived indices of functional tensors based on 
their eigen parameters. FCT images were first constructed 
for each subject selected from a cohort of cognitively nor-
mal adults spanning a large age range (N = 461, age = 42–95 
years), from which tensor indices were calculated for each 
WM voxel. The evolution of FCT indices with age was then 
assessed at the voxel-level, and with mean FCT indices 
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derived from individual WM tracts (Mori et al., 2008), age 
effects were then characterized at the bundle-level. Findings 
from this study provide novel insight into the normal varia-
tions and evolution of WM functional structure with age at 
both micro- and macro- levels.

Methods

Data

Data analyzed in this study were obtained from the Open 
Access Series of Imaging Studies – stage 3 database 
(LaMontagne et al., 2019) (OASIS-3, https://www.oasis-
brains.org), among which 461 subjects (cognitive normal 
subjects, Clinical Dementia Rating (CDR) = 0) passed qual-
ity control processes (see the section ‘Preprocessing’ for 
the details). There are 190 males and 271 females, whose 
ages ranged from 42 years to 95 years (age = 68.5± 9.1 
years). The Figure S1 presents a histogram regarding the 
demographic characteristics of all participants. We used the 
data obtained on their first visits (or screening sessions). The 
imaging scanners and corresponding protocols are described 
in detail in a previous report provided by LaMontagne, 
Pamela J., et al. (LaMontagne et al., 2019). All baseline data 
of resting state fMRI (rsfMRI) of cognitively normal (CN) 
subjects and the corresponding T1-weighted (T1w) images 
were acquired in de-identified form, as well as other demo-
graphic information, with institutional review board (IRB) 
approvals. Briefly, all scans were conducted by the Knight 
Alzheimer Research Imaging Program at Washington Uni-
versity in St. Louis. MRI was collected on TIM Trio 3T (2 
different scanners of this model, labeled as 35177 & 35248), 
and BioGraph mMR PET-MR 3T (labeled as 51010). The 
supplementary Table S1 displays the summary of the num-
ber of subjects scanned in each site/scanner, along with their 
corresponding parameters. The Participants were placed in a 
20-channel head coil on 3T scanners with foam pad stabiliz-
ers placed next to the ears to decrease motion. For the fMRI 
session, the repetition time (TR) is 2200 ms, the echo time 
is 27 ms, the voxel size is 4× 4× 4 mm, and the number 
of volumes is 164.

Preprocessing

An automated high-performance pipeline was generated to 
preprocess the large-scale data (see a previous report (Yan 
et al., 2016) for more information). Briefly, slice timing 
was corrected, and head motions were removed from the 
rsfMRI volumes, and then 24 motion-related parameters 
and the mean cerebrospinal fluid (CSF) signal were viewed 
as covariates and regressed out from the BOLD signals. All 

the procedures were carried out using a customized pipeline 
based on the DPABI toolbox (Yan et al., 2016). The Com-
putational Anatomy Toolbox (CAT12) was then used to seg-
ment GM, WM, and CSF tissues based on the T1w images 
(Gaser et al., 2022). The fMRI images, along with corre-
sponding tissue masks, were spatially normalized into MNI 
space (voxel size= 2× 2× 2 mm3) using co-registration 
and normalizing functions in SPM12 (Penny et al., 2011). 
The preprocessed results were subjected to a manual quality 
control procedure in which the passing criteria included: (1) 
all the preprocessed results must be successfully generated; 
(2) the maximal translations and rotations of head motion 
must be less than 2 mm and 2°, respectively; (3) the mean 
frame-wise displacement (FD) must be less than 0.5 mm; 
(4) the spatial normalization was acceptable by an expert’s 
visual inspection. For the manual quality check, process-
ing failures were identified in 12 subjects, and 25 subjects 
exhibited excessive head motion, leading to a total of 37 
subjects failing the quality check step. This left us with 461 
subjects for analysis.

Functional correlational tensor and index analysis

Cij = n T
ij Tnij � (1)

and T  could be represented as:

T =




T11 T12 T13

T12 T22 T23

T13 T23 T33



� (2)

in which the superscript T represents transpose. It should be 
noted that the Eq. 1 is a quadratic form in the variables nx

, 
ny , and nz

 and it could be rewritten as:

Cij =T11nx
2 + 2T12nxny + T22ny

2

+ 2T23nynz + T33nz
2 + 2T13nxnz

� (3)

This is a multiple linear regression with the variables nx
2,

2nxny,ny
2,2nynz,nz

2, 2nxnz  and may be solved using least 
squares minimization. The resultant coefficients are the 
components of FCT (i.e., T11, T12, T13, T22, T23, T33). In this 
work, we used a 7× 7× 7 neighborhood to estimate the 
tensor and the squares of Pearson’s correlation coefficients 
of preprocessing fMRI signals between voxels as the degree 
of temporal correlation. The data analysis pipeline is shown 
in Fig. 1.

By analogy to the use of diffusion quantities AD, RD, MD 
and FA in DTI, we calculate three metrics of FCT that quan-
tifies the degree of anisotropic correlations. Suppose the 
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the hippocampus; FXC: fornix (cres); SLF: superior longi-
tudinal fasciculus; SFO: superior fronto-occipital fascicu-
lus; UF: uncinate fasciculus; (4) Commissural fibers: GCC: 
genu of corpus callosum; BCC: body of corpus callosum; 
SCC: splenium of corpus callosum; TAP: tapetum.

Regional homogeneity (ReHo)

Regional homogeneity (ReHo) value was generated follow-
ing the previously mentioned pipeline based on the DPABI 
toolbox (Yan et al., 2016). The calculation of ReHo adopts 
the method proposed by Zang et al. (Zang et al., 2004). In 
a nutshell, Kendall’s coefficient of concordance (KCC) was 
employed to assess the similarity between the time series of 
a specific voxel and its nearest neighbors, adopting a voxel-
wise approach. After ReHo map was generated for each 
subject, ReHo was also averaged for voxels of each WM 
tract defined by JHU ICBM-DTI-81 WM atlas (Mori et al., 
2008).

Statistical analysis

To quantify age effects on FCTs, we conducted multiple 
linear regression to model the measurements over the span 
of adulthood. A linear effects model was adopted with head 
motion parameters (the mean Power’s FD (Power et al., 
2012), sex and sites as other covariates:

y =βc + βxage + βsexxsex

+ βFDxFD + βsitexsite + ε
� (8)

in which y represents the FCT metrics to be analyzed (all 
the metrics were standardized using z-scores before being 
incorporated into the regression model) and β c, β, β sex,

β FD  and β site  are the corresponding coefficients of the 
covariables (note that xsex  and xsite  was a categorical vari-
able related to the sex of subjects). To determine the sig-
nificance of age effects, p  values for the t-statistic of the 
hypothesis test that the coefficients β  are equal to zero or 
not were calculated and then were adjusted for multiple com-
parisons using false discovery rate (FDR) with the method 

eigenvalues of a FCT are λ 1, λ 2, λ 3, and λ 1 ≥ λ 2 ≥ λ 3. 
We can define:

axial functional correlation (axial FC):

axial FC = λ 1� (4)

radial functional correlation (radial FC):

radial FC = 1
2
(λ 2 + λ 3) � (5)

and fractional anisotropy of FCT (FA_FCT, ‘FCT’ is suf-
fixed to distinguish it from FA in DTI):

FA =
√

3
2

√
(λ 1−λ̂ )

2
+(λ 2−λ̂ )

2
+(λ 3−λ̂ )

2

√
λ 2
1+λ 2

2+λ 2
3

� (6)

where mean FC could be defined as:

mean FC = λ̂ = 1
3
(λ 1 + λ 2 + λ 3)� (7)

After the FCT of each voxel was derived for each subject, 
three indices of FCT were calculated at voxel-level and 
tract-level for statistical analyses of age effects. In this 
research, we exclusively focus on examining the age-related 
effects on FCT indices within the deep WM, as defined 
by the JHU ICBM-DTI-81 WM atlas (Mori et al., 2008). 
For the tract-level, indices were also averaged for voxels 
of each WM tract defined by the JHU ICBM-DTI-81 WM 
atlas (Mori et al., 2008). The WM tracts defined by the atlas 
and their corresponding partition are as follow (as shown in 
Fig. 2): (1) Tracts in the Brainstem: MCBP: middle cerebel-
lar peduncle; ML: medial lemniscus; PCT: pontine crossing 
tract; ICBP: inferior cerebellar peduncle; CST: corticospi-
nal tract; SCBP: superior cerebellar peduncle; (2) Projec-
tion fibers: CP: cerebral peduncle; ALIC: anterior limb of 
internal capsule; PLIC: posterior limb of internal capsule; 
RLIC: retrolenticular part of the internal capsule; ACR: 
anterior corona radiata; SCR: superior corona radiata; PCR: 
posterior corona radiata; PTR: posterior thalamic radia-
tion; (3) Association fibers: FX: fornix; SS: sagittal stratum; 
CGG: cingulum in the cingulate gyrus; CGH: cingulum in 

Fig. 1  Schematic diagram of the pipeline for calculating the functional 
correlation tensor. After preprocessing the fMRI image, correlations 
between each voxel and its neighboring voxels were computed and 

were fitted into the estimation to achieve the tensor. The purple cube 
represents the neighborhoods of the given voxel vi
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Fig. 2  (A) Averaged adjusted maps of axial FC, radial FC, mean FC, 
FA_FCT across all subjects and JHU ICBM-DTI-81 WM atlas used in 
this work. (B) WM bundles defined by JHU ICBM-DTI-81 WM atlas. 
The abbreviations in the right column are: (1) Tracts in the Brainstem: 
MCBP: middle cerebellar peduncle; ML: medial lemniscus; PCT: pon-
tine crossing tract; ICBP: inferior cerebellar peduncle; CST: cortico-
spinal tract; SCBP: superior cerebellar peduncle; (2) Projection fibers: 
CP: cerebral peduncle; ALIC: anterior limb of internal capsule; PLIC: 
posterior limb of internal capsule; RLIC: retrolenticular part of the 
internal capsule; ACR: anterior corona radiata; SCR: superior corona 

radiata; PCR: posterior corona radiata; PTR: posterior thalamic radia-
tion; (3) Association fibers: FX: fornix; SS: sagittal stratum; CGG: 
cingulum in the cingulate gyrus; CGH: cingulum in the hippocam-
pus; FXC: fornix (cres); SLF: superior longitudinal fasciculus; SFO: 
superior fronto-occipital fasciculus; UF: uncinate fasciculus; (4) Com-
missural fibers: GCC: genu of corpus callosum; BCC: body of corpus 
callosum; SCC: splenium of corpus callosum; TAP: tapetum. (C) FCT 
ellipsoid map of a subject weighted by its own FCT FA and localized 
magnification image of the corpus callosum region
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regions of WM, including areas in cingulum in the cingulate 
gyrus (CGG), superior fronto-occipital fasciculus (SFO), 
genu of corpus callosum (GCC), anterior and superior part 
of corona radiata (ACR and SCR), anterior limb of internal 
capsule (ALIC), and superior cerebellar peduncle (SCBP). 
The results also revealed that some voxels in several regions 
demonstrated positive linear age effects on axial FC, includ-
ing the body of corpus callosum (BCC), superior longitu-
dinal fasciculus (SLF), cingulum in hippocampus (CGH), 
cerebral peduncle (CP), and middle cerebellar peduncle 
(MCBP). The ratios of the number of voxels in WM that 
revealed negative and positive linear age effects on axial FC 
are respectively 55.7% and 44.3% (as shown in Fig. 7). Axial 
FCs were then averaged for each WM bundle and the results 
showed that age effects on mean axial FC revealed a nega-
tive trend in left ACR (β = −0.0144, q < 0.05), bilateral 
ALIC (left: β = −0.0139, q < 0.01; right: β = −0.0129, 
q < 0.05), left SCBP (β = −0.0131, q < 0.05) and bilat-
eral SFO (left: β = −0.0171, q < 0.01; right: β = −0.0122

, q < 0.05,) while positive linear age effects were found in 
bilateral CP (left: β = 0.0262, q < 0.001; right: β = 0.0256

, q < 0.001,) left CGH (β = 0.0135, q < 0.05) and MCBP 
(β = 0.0103, q < 0.05). The results revealed that that there 
are more WM tracts showing a negative age-related correla-
tion compared to positive correlations, with the majority of 
them being projection fibers, as shown in Figure S2. Table 1 
summarizes the age effects of axial FC (as well as radial FC, 
mean FC and FA_FCT) and the corresponding q  values of 
all WM tracts.

Age effects on radial functional correlation

The age effects on radial FC are shown in Fig.  4. Nega-
tive linear age effects showed up in areas in CGG, fornix 
(FX), GCC, BCC, SCR, ALIC, posterior limb of inter-
nal capsule (PLIC), SCBP, pontine crossing tracts (PCT), 
MCBP. In comparison with the negative age effects, posi-
tive linear trends with increasing age occurred in areas in 
posterior corona radiata (PCR), SLF, splenium of corpus 
callosum (SCC), posterior thalamic radiation (PTR). The 
proportion of the number of voxels with negative age effects 
decreased for radial FC. The ratios of the number of voxels 
in WM that revealed negative and positive linear age effects 
on radial FC are respectively 49.9% and 50.1% (as shown 
in Fig. 7). For the averaged radial FC of WM bundles, the 
results revealed negative age effects in bilateral ALIC (left: 
β = −0.0129, q < 0.05; right: β = −0.0159, q < 0.01,

) FX (β = −0.0199, q < 0.01), PCT (β = −0.0159

, q < 0.05,) bilateral PLIC (left: β = −0.0119, q < 0.05

; right: β = −0.0108, q < 0.05) and bilateral SCBP (left: 
β = −0.0215, q < 0.001; right: β = −0.0201, q < 0.01). 
Positive linear age effects were detected in bilateral PCR 

of Benjamini and Hochberg (Benjamini & Hochberg, 1995), 
generating q-values. It was concluded that the metric was 
significantly affected by age if the corresponding q-values 
are less than 0.05 (q < 0.05). The value β  was taken as the 
association parameter of the age effects, and β > 0 means 
there was a positive linear trend with age, and β < 0 led 
to a negative linear trend with increasing age. We initially 
performed voxel-wise age effect analyses for each FCT met-
ric, generating corresponding coefficient distribution maps 
(q < 0.05, FDR-corrected) within the WM. Subsequently, 
we conducted age effect analyses for each WM-averaged 
FCT metric and produced corresponding estimation and 
scatter plots. In these plots, the vertical axis represents cor-
responding values with unrelated variables (sex, site, and 
head motion parameters) regressed out. Furthermore, we 
expand our research by analyzing the age effects on FCT 
parameters within the female or male groups, and the cor-
responding equation 8 is extended as follows:

y = βc + βxage + βFDxFD

+ βsitexsite + ε
� (9)

Basically, we excluded the sex variable, and conducted 
separate characterization of age effects on FCT indices for 
female and male groups. The linear coefficients related to 
the respective age effects on WM-averaged FCT indices 
for different WM tracts are presented in the supplementary 
Table S2.

Results

A total number of 461 cognitive normal subjects (42–95 
years, mean age = 68.5± 9.1years) were obtained through 
OASIS-3 database. For each subject, FCT was calculated, 
and the corresponding FCT indices, axial FC, radial FC, 
and FA_FCT, were also generated. Averaged maps of axial, 
radial FC, mean FC and FA_FCT across all subjects, along 
with the WM atlas, were shown in Fig. 2. Additionally, FCT 
ellipsoid map of a subject weighted by its own FCT FA 
and localized magnification image of the corpus callosum 
region was also shown in Fig.  2. First, we analyzed age-
related variations of each FCT index at voxel level. Addi-
tionally, FCT indices were averaged for WM tracts defined 
by the JHU ICBM-DTI-81 WM atlas (Mori et al., 2008) (as 
shown in Fig. 2), and coefficients of age effects of averaged 
FCT indices were calculated.

Age effects on axial functional correlation

Figure 3 showed the distribution of coefficients of age effects 
on axial FC. Negative age effects were discovered in most 
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BCC, SCR, ALIC, PLIC, SCBP, PCT and MCBP. In com-
parison with the negative age effects, positive linear trends 
with increasing age occurred in areas in PCR, SLF, SCC, 
and PTR. The ratios of the number of voxels in WM that 
revealed negative and positive linear age effects on mean 
FC are respectively 50.9% and 49.1% (as shown in Fig. 7). 
For the averaged mean FC of WM bundles, the results 
revealed bilateral ALIC (left: β = −0.0135, q < 0.05; right: 
β = −0.0159, q < 0.01), FX (β = −0.0173, q < 0.01), left 
PLIC (β = −0.0106, q < 0.05) and bilateral SCBP (left: 
β = −0.0203, q < 0.01; right: β = −0.0182, q < 0.01). 
Positive linear age effects were detected in bilateral PCR 
(left: β = 0.0108, q < 0.05; right: β = 0.0152, q < 0.01,

) bilateral PTR (left: β = 0.0203, q < 0.001; right: 
β = 0.0122, q < 0.05) and SCC (β = 0.0153, q < 0.01). 

(left: β = 0.0104, q < 0.05; right: β = 0.0174, q < 0.001,

) bilateral PTR (left: β = 0.0241, q < 0.0001; right: 
β = 0.0149, q < 0.01), SCC (β = 0.0173, q < 0.001) 
and right SLF (β = 0.0096, q < 0.05). The results demon-
strated that the majority of WM tracts exhibiting negative 
age-related effects are located in projection fibers and brain-
stem. Among the WM tracts with positive age effects on 
radial FC, the majority belonged to projection fibers, along 
with one tract in association fiber (right SLF), and one fiber 
in commissural fibers (SCC), as shown in Figure S3.

Age effects on mean functional correlation

The age effects on mean FC are shown in Fig. 5. Negative 
linear age effects showed up in areas in CGG, FX, GCC, 

Fig. 3  Age-related coefficients of axial functional correlation (axial 
FC). (A) Voxel-wise map of linear age effects on adjusted axial FC. 
All p values for the t-statistic test have been FDR corrected using 
Benjamini and Hochberg’s method. Only the voxels that have passed 
significance test were plotted. (B) Plots of significant age-related rela-

tionships between adjusted axial FC and age for different WM tracts. 
Age effects of axial FC of WM tracts in left and right hemisphere are 
plotted in blue and red respectively. Same as the voxel-wise analysis, 
all p-values for t-statistic test have been corrected and q-values were 
generated
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Table 1  Coefficients β  and q  values of linear age-effects of axial FC, radial FC, mean FC, and FA_FCT averaged for WM tracts, in which sig-
nificant results are highlighted in bold (significant level = 0.05)
WM tract Axial FC Radial FC Mean FC FA_FCT WM tract description

β q β q β q β q
MCBP - 0.0103 0.0364 0.0060 0.2077 0.0074 0.1141 0.0013 0.7700 middle cerebellar peduncle
PCT - -0.0072 0.2867 -0.0159 0.0478 -0.0147 0.0593 0.0194 0.0089 pontine crossing tract
GCC - -0.0086 0.1592 -0.0019 0.7858 -0.0038 0.5521 -0.0043 0.4880 genu of corpus callosum
BCC - 0.0113 0.0638 0.0040 0.5125 0.0059 0.3324 -0.0025 0.6174 body of corpus callosum
SCC - 0.0066 0.1592 0.0173 0.0002 0.0153 0.0017 -0.0256 0.0000 splenium of corpus callosum
FX - -0.0039 0.4699 -0.0199 0.0048 -0.0173 0.0086 0.0205 0.0077 fornix
CST R 0.0097 0.1841 -0.0006 0.9294 0.0017 0.8776 0.0076 0.2627 corticospinal tract

L 0.0121 0.1077 -0.0022 0.7858 0.0009 0.9111 0.0107 0.0969
ML R -0.0121 0.1428 -0.0154 0.0507 -0.0149 0.0593 0.0149 0.0502 medial lemniscus

L -0.0070 0.3672 -0.0125 0.1166 -0.0114 0.1278 0.0168 0.0188
ICBP R 0.0042 0.5213 0.0048 0.4991 0.0049 0.4454 -0.0046 0.3879 inferior cerebellar peduncle

L 0.0104 0.1072 0.0092 0.1418 0.0098 0.1131 -0.0070 0.2185
SCBP R -0.0089 0.1602 -0.0201 0.0026 -0.0182 0.0072 0.0222 0.0004 superior cerebellar peduncle

L -0.0131 0.0364 -0.0215 0.0007 -0.0203 0.0020 0.0234 0.0001
CP R 0.0256 0.0005 0.0094 0.2045 0.0135 0.0602 0.0047 0.5419 cerebral peduncle

L 0.0262 0.0005 0.0082 0.2916 0.0127 0.0872 0.0061 0.4499
ALIC R -0.0129 0.0228 -0.0159 0.0037 -0.0159 0.0043 0.0139 0.0056 anterior limb of internal capsule

L -0.0139 0.0076 -0.0129 0.0138 -0.0135 0.0112 0.0101 0.0430
PLIC R -0.0048 0.3014 -0.0108 0.0244 -0.0098 0.0528 0.0105 0.0156 posterior limb of internal capsule

L -0.0055 0.2205 -0.0119 0.0138 -0.0106 0.0328 0.0131 0.0026
RLIC R 0.0027 0.5601 0.0090 0.0728 0.0080 0.1075 -0.0137 0.0034 retrolenticular part of the internal capsule

L 0.0015 0.7355 0.0053 0.3064 0.0046 0.3755 -0.0088 0.0738
ACR R -0.0107 0.0718 -0.0004 0.9294 -0.0029 0.6398 -0.0060 0.2088 anterior corona radiata

L -0.0144 0.0221 -0.0015 0.7897 -0.0045 0.4454 -0.0043 0.3517
SCR R -0.0013 0.7418 0.0063 0.2077 0.0046 0.3648 -0.0075 0.0823 superior corona radiata

L -0.0036 0.4207 0.0047 0.3064 0.0030 0.5222 -0.0051 0.1876
PCR R 0.0049 0.3672 0.0174 0.0002 0.0152 0.0020 -0.0198 0.0000 posterior corona radiata

L 0.0026 0.6046 0.0127 0.0104 0.0108 0.0402 -0.0139 0.0008
PTR R 0.0013 0.7723 0.0149 0.0057 0.0122 0.0312 -0.0239 0.0000 posterior thalamic radiation

L 0.0033 0.5433 0.0241 0.0000 0.0203 0.0005 -0.0334 0.0000
SS R -0.0059 0.2823 0.0030 0.6040 0.0009 0.9111 -0.0073 0.1616 sagittal stratum

L -0.0097 0.0638 0.0040 0.5158 0.0009 0.9111 -0.0091 0.0968
CGG R -0.0065 0.1757 -0.0039 0.4793 -0.0046 0.3648 -0.0006 0.8882 cingulum in the cingulate gyrus

L -0.0073 0.1592 -0.0028 0.5690 -0.0039 0.4454 -0.0022 0.6174
CGH R 0.0114 0.0638 0.0034 0.5665 0.0055 0.3690 0.0095 0.0823 cingulum in the hippocampus

L 0.0135 0.0228 0.0086 0.1340 0.0100 0.0825 -0.0013 0.8244
FXC R 0.0050 0.3505 0.0033 0.5498 0.0040 0.4454 0.0000 0.9906 fornix (cres)

L 0.0028 0.5433 -0.0008 0.8835 0.0000 1.0000 0.0023 0.6174
SLF R 0.0066 0.1718 0.0096 0.0478 0.0091 0.0593 -0.0115 0.0056 superior longitudinal fasciculus

L 0.0040 0.4081 0.0091 0.0582 0.0080 0.0913 -0.0109 0.0103
SFO R -0.0122 0.0364 -0.0084 0.1340 -0.0098 0.0825 0.0086 0.0968 superior fronto-occipital fasciculus

L -0.0171 0.0013 -0.0084 0.1340 -0.0107 0.0593 0.0058 0.2812
UF R 0.0099 0.2081 -0.0022 0.7897 0.0006 0.9467 0.0119 0.1317 uncinate fasciculus

L 0.0105 0.1841 -0.0046 0.5665 -0.0010 0.9111 0.0136 0.0510
TAP R -0.0007 0.8899 0.0115 0.0796 0.0092 0.1455 -0.0227 0.0002 tapetum

L -0.0040 0.5536 0.0049 0.5125 0.0033 0.6398 -0.0144 0.0167
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Age effects on fractional anisotropy of FCT

The FA_FCT distributions in WM are shown in Fig.  6. 
Negative linear age effects occurred in PCR, SLF, retro-
lenticular part of internal capsule (RLIC), SCC, tapetum 
(TAP), and PTR. On the other hand, positive age effects 
occurred in BCC, ALIC, PLIC, FX, medial lemniscus (ML), 
PCT, SCBP. The ratios of voxels in WM that demonstrated 

The distribution of the age effect on mean FC was simi-
lar to that on radial FC. WM tracts in brainstem, projection 
fibers and one WM tract in association fibers demonstrated 
negative linear age effects on mean FC, while four tracts in 
projection fibers and one fiber in commissural fibers (SCC) 
revealed positive age effects, as shown in Figure S4.

Fig. 4  Age-related coefficients of radial functional correlation (radial 
FC). (A) Voxel-wise map of linear age effects on adjusted radial FC. 
All p values for the t-statistic test have been FDR corrected using 
Benjamini and Hochberg’s method. Only the voxels that passed sig-
nificance test were plotted. (B) Plots of significant age-related rela-

tionships between adjusted radial FC and age for different WM tracts. 
Age effects of radial FC of WM tracts in left and right hemisphere are 
plotted in blue and red respectively. Same as the voxel-wise analysis, 
all p-values for t-statistic test have been corrected and q-values were 
generated
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β = 0.0234, q < 0.001; right: β = 0.0222, q < 0.001). It 
could be shown that the distribution pattern of age effects 
on WM FA_FCT was roughly opposite to that of radial FC. 
FA_FCT exhibited positive age effects in the regions which 
correspond to the area that revealed negative age effects in 
radial FC (PCT, SCBP, ALIC and PLIC), while other WM 
tracts in projection fibers, association fibers and commis-
sural fibers revealed negative age effects, as shown in Fig-
ure S5. Furthermore, it is particularly noteworthy that, in 
comparison to the age effects observed in ReHo (as shown 
in Figure S6), the WM tracts in the brainstem that showed 
significant age effects are all associated with a positive age-
related increase, as also observed in ReHo (as depicted in 
Figure S7).

negative and positive linear age effects on FA_FCT are 
respectively 51.5% and 48.5% (as shown in Fig. 7). In terms 
of age effects of FA_FCT on WM bundles, negative effects 
occurred in bilateral PCR (left: β = −0.0139, q < 0.001; 
right: β = −0.0198, q < 0.0001), bilateral PTR (left: 
β = −0.0334, q < 0.0001; right: β = −0.0239, q < 0.0001,

) right RLIC (β = −0.0137, q < 0.01), SCC (β = −0.0256

, q < 0.0001), bilateral SLF (left: β = −0.0109, q < 0.05; 
right: β = −0.0115, q < 0.01) and bilateral TAP (left: 
β = −0.0144, q < 0.05; right: β = −0.0227, q < 0.001)

. Additionally, the results revealed that positive effects 
showed up in bilateral ALIC (left: β = 0.0101;, q < 0.05 
right: β = 0.0139, q < 0.01),  FX (β = 0.0205, q < 0.01),  
left ML (β = 0.0168, q < 0.05),  PCT (β = 0.0194,

q < 0.01) bilateral PLIC (left: β = 0.0131, q < 0.01; 
right: β = 0.0105, q < 0.05) and bilateral SCBP (left: 

Fig. 5  Age-related coefficients of mean functional correlation (mean 
FC). (A) Voxel-wise map of linear age effects on adjusted mean FC. 
All p values for the t-statistic test have been FDR corrected using 
Benjamini and Hochberg’s method. Only the voxels that passed sig-
nificance test were plotted. (B) Plots of significant age-related rela-

tionships between adjusted mean FC and age for different WM tracts. 
Age effects of mean FC of WM tracts in left and right hemisphere are 
plotted in blue and red respectively. Same as the voxel-wise analysis, 
all p-values for t-statistic test have been corrected and q-values were 
generated
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FC corresponded with the map of age effects on FA_FCT, 
in which age effects on FA_FCT are contrary to those of 
radial FC in most areas. It could be shown that FA_FCT 
reductions were accompanied by concomitant positive age 
effects on radial FC in areas in PCR, SLF, PTR, SCC, while 
other areas in WM, including FX, PLIC, ALIC, PCT, SCBP, 
revealed FA_FCT increments with radial FC decrements.

Regions of overlapping FCT indices findings

We further investigated the areas revealing overlapping 
trends of different FCT indices with increasing age (as 
shown in Fig. 8). Relatively small overlapping areas were 
discovered for age effects on axial FC, in which reduc-
tions in axial FC coincided with negative age effects on 
radial FC in ALIC, ACR, SCBP. The results demonstrated 
that the pattern of the distribution of age effects on radial 

Fig. 6  Age-related coefficients of FA of FCT. (A) Voxel-wise map of 
linear age effects on adjusted FA of FCT. All p values for the t-sta-
tistic test have been FDR corrected using Benjamini and Hochberg’s 
method. Only the voxels that have passed significance test were plot-
ted. (B) Plots of significant age-related relationships between adjusted 

FA of FCT and age for different WM tracts. Age effects of FA_FCT 
of WM tracts in left and right hemisphere are plotted in blue and red 
respectively. Same as the voxel-wise analysis, all p-values for t-statis-
tic test have been corrected and q-values were generated
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Discussion

This study investigated the effects of normal aging on the 
temporal correlations in resting state BOLD signals mea-
sured from brain WM. BOLD signals were acquired using 
fMRI from a selected group of healthy volunteers spanning 
a large age range, and FCTs were constructed voxel-wise 
for each subject, from which tensor indices were derived. 
Our voxel level analysis shows that there are both positive 
and negative age-related effects in tensor indices including 
FA_FCT, axial and radial FC. This dimorphic pattern, i.e., 
opposite directions of changes in the brain, also existed for 
the averaged FCT indices at the tract level. Our concomi-
tant analysis of the tensor indices revealed that negative 
age effects on FA_FCT mostly corresponded to positive age 
effects on radial FC and vice versa.

As mentioned earlier, brain structural changes with age 
have been characterized by numerous previous studies. 
Most notably, reductions in FA of diffusion tensors have 
been widely observed and confirmed (Càmara et al., 2007; 
Hugenschmidt et al., 2008; Minati et al., 2007; Pfeffer-
baum et al., 2005; Zhang et al., 2010), reflecting age-related 
changes to brain tissue which decreases the anisotropy of 

Age effects on FCT indices in different sex groups

We further analyzed the age effects on FCT indices across 
different sex groups. On the one hand, we note that overall, 
female subjects exhibited significant age effects on more 
WM bundles compared to males. For example, regarding 
the age effects on FA of FCT, twenty-one WM tracts in 
the female group exhibited significant age effects, includ-
ing bilateral ML, SCBP, ALIC, PCR, PTR, SLF, and TAP, 
among others (10 negative effects and 11 positive effects). 
In contrast, significant age effects were observed in 15 tracts 
for the male group. However, on the other hand, relevant 
analyses on the interaction effects between age and sex (as 
shown in the Table S3) indicated that there were no sig-
nificant interactions between age and sex observed regard-
ing each FCT index in all WM bundles. Meanwhile, there 
existed a consistency in the age-related effects on FCT indi-
ces between males and females. In WM bundles exhibiting 
significant age effects for two groups, both male and female 
groups revealed changes in the same direction (with no 
inconsistent signs), as shown in the Table S2.

Fig. 7  Distribution of linear coefficients β  of age-effects of (A) axial FC, (B) radial FC, (C) mean FC and (D) FA of FCT
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It can be observed from our study that most areas in WM 
exhibited negative age-related effects on axial FC, decreas-
ing functional correlations along the fiber tracts. Meanwhile, 
radial FC and mean FC also showed a decreasing trend in 
several areas in WM. The decrease in FCT indices in WM 
may be attributable to multiple factors. Firstly, it has been 
well recognized that BOLD signal changes are driven by 
the combined effects from cerebral blood flow (CBF), cere-
bral blood volume (CBV), and blood oxygenation (Buxton 
et al., 2004; Davis et al., 1998; Hoge et al., 1999). Previous 
works have demonstrated that there is a gradual decline in 
CBF (Mokhber et al., 2021), and age-related reductions in 
CBF occur throughout the brain parenchyma (Buijs et al., 
1998; Chen et al., 2011; Claus et al., 1998; Kashimada et al., 
1994; Leenders et al., 1990; Martin et al., 1991; Parkes et 
al., 2004; Shin et al., 2007; Stoquart-ElSankari et al., 2007). 
It has also been shown that there are positive correlations 
between regional CBF and FC in brain networks (Jann et al., 
2015; Liang et al., 2013). Therefore, reduction in CBF may 
lead to changes of BOLD effects and FC measures during 
normal aging, and subsequently cause the decrease of FCT 
indices in WM. Secondly, WM microstructural changes 

water diffusion therein. In addition, distinct patterns of 
variations of other indices, including RD and AD, were 
also seen, each of which corresponds to certain biological 
processes (Burzynska et al., 2010; Song et al., 2002, 2003, 
2005; Sun et al., 2006).

FCT and the corresponding index analysis provides a way 
to study age effects on the correlational anisotropy of BOLD 
variations in WM. Indices of FCT depict a detailed picture 
of correlational anisotropy in local functional signals. The 
FCT is estimated on the basis of correlations between a 
voxel and its neighbors in different directions, so eigen-
values of the FCT represent the degree of local functional 
correlations of the voxel along the corresponding character-
istic directions. Axial FC, the largest eigenvalue of the FCT, 
then defines the correlation along the primary characteristic 
direction, and radial FC, the average value of the other two 
eigenvalues, then describes the correlation along the direc-
tion perpendicular to the primary one. Mean FC defines the 
average intensity of functional correlation corresponding to 
each feature direction. Additionally, FA of FCT gauges the 
overall directionality of local functional correlations.

Fig. 8  Axial representations of overlapping WM areas for positive and negative linear age effects of (A) axial FC (AF) and radial FC (RF) and (B) 
FA of FCT and RF. Same as previous voxel-wise maps, only the voxels that have passed significance test were plotted
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ALIC, PLIC, and FX, etc.), their respective FCT FA values 
showed positive age-related correlations, while the corre-
sponding DTI FA values still exhibit negative age effects 
(Jang et al., 2011; Kawaguchi et al., 2010). We should note 
that, while the FC indices corresponding to these WM tracts 
all displayed negative age correlations, the findings that the 
magnitudes of the negative age effects on radial FC were 
greater than those on the axial FC has resulted in the FCT 
FA still showing positive age effects. Furthermore, as men-
tioned previously, the WM tracts that show positive age 
effects in ReHo exhibit a similar pattern when compared to 
the corresponding bundles in FA of FCT. The observation 
of an increase in ReHo with increasing age has been noted 
previously and sparked meaningful discussions regarding 
compensatory mechanism (Montalà-Flaquer et al., 2023). 
Montalà-Flaquer et al. discovered that significantly higher 
ReHo values in the oldest age group (≥ 80 years), suggest-
ing a compensatory mechanism to offset functional deficits 
(Montalà-Flaquer et al., 2023). Our findings in this work 
provide further possible evidence for a potential compen-
satory effect, suggesting that specific brain regions might 
respond adaptively to aging.

As for the sex differences in the age effects on FCT 
properties, as mentioned earlier, we found that the female 
group showed significant age effects in more WM bundles 
than male subjects, while no age-by-sex interaction effects 
in FCT indices were observed, which might suggest the 
absence of sex difference in the aging process of anisotropic 
functional correlation in WM. Previous works have demon-
strated no age-by-sex interaction effects in WM volume (Liu 
et al., 2016) and WM structural integrity (Hsu et al., 2010; 
Inano et al., 2011), while other studies also demonstrated 
significant interactions between sex and age in DTI indices 
(Abe et al., 2010; Kochunov et al., 2012). The results of 
our study, along with previous findings, further revealed the 
complexity of sex differences in aging process.

This research has studied age-related changes in FCT, 
which demonstrated both age-related reductions and incre-
ments of tensor indices of FCT at voxel- and bundle-lev-
els. We note that, however, this work has a few limitations 
that need prudent considerations. Although the age effects 
on metrics of diffusion tensors for the corresponding data 
group and the related comparisons with FCT are not within 
the scope of this work, FCT offers a different perspective 
that helps enhance our understanding of the functional 
architecture of WM and its associated aging-related traits, 
which cannot be solved with diffusion imaging. Addition-
ally, indeed, partial volume effect is an imperative factor to 
consider in MRI imaging. In this study, to mitigate the cor-
responding impact, all the analyses pertaining to the FCT 
indices in our study were specifically focused on the deep 
WM region. The JHU ICBM-DTI WM atlas we employed 

in elderly populations may play important roles as well in 
the observed age-related variations in FCT indices. A body 
of DTI studies have demonstrated WM structural changes 
due to aging, such as fiber loss or demyelination, which 
may presumably be another driving factor for the observed 
decreases in FCT indices.

Besides the reduction of axial, radial and mean FC in WM 
during normal aging, positive age effects were also seen in 
several regions in WM, including PCR, SLF, PTR, etc., 
which revealed an evidently dimorphous pattern, rather than 
a whole-brain distributed structural degradation. The distri-
bution of age effects on mean FC is comparable to the distri-
bution of radial FC, indicating that radial FC might assume 
a dominant role in modulating the age effects on mean FC. 
First, potential functional compensation may be the cause 
of the positive age effects of axial and radial FC. It was 
reported earlier that positive age-related changes occurred 
in cortical and subcortical areas for both long- and short-
range functional connectivity density (Tomasi & Volkow, 
2012). In fact, preservations of brain networks have been 
found in normal aging (and in an AD group) (Reuter-Lorenz 
& Park, 2010; Stern et al., 2000), which may be attributable 
to compensations of processing deficits from the age effects. 
Additionally, positive age effects in parallel to reductions of 
FC indices are in keeping with non-uniform variations of 
cognitive performances during normal aging. For example, 
the cognitive functions that include attention, memory and 
executive function are affected the most by aging (Craik & 
Salthouse, 2011), while other functions, such as language 
and decision making, are relatively preserved (Sanfey & 
Hastie, 2000; Wingfield & Grossman, 2006).

Regarding the age effect on FA of FCT in reflecting the 
degree of functional anisotropy, its alterations might be 
related to two key microstructural factors, including myelin-
ation, or tract coherence. FA_FCT exhibited negative age 
effects in WM bundles including PCR, PTR, SLF, and SCC, 
etc. Previous studies have also indicated that the DTI FA of 
these tracts reveal negative correlations with age (Bendlin 
et al., 2010; Ota et al., 2006). Nevertheless, there are nota-
ble relative differences in the magnitudes of the age effects 
between the two measures. Among these, the age effect on 
DTI FA in SCC was the weakest among all parts of the cor-
pus callosum (Bendlin et al., 2010), while the corresponding 
FCT FA exhibited the strongest correlation with age within 
SCC (the age effects on FCT FA in BCC and GCC were not 
significant), as shown in Figure S5. It is worth noting that a 
DTI study involving 200 subjects indicated that the DTI FA 
values of SCBP showed positive age effects and suggested 
the tract coherence plays an important role in adult lifespan 
(Kanaan et al., 2016), which provides evidence and insights 
into the positive age effects observed in the FCT FA of 
SCBP. Additionally, concerning other WM tracts (including 
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adopted a previously established parcellation map for the 
deep WM parcellation, which does not encompass the more 
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deep WM and the cortex (Mori et al., 2008; Oishi et al., 
2008, 2009). Furthermore, previous studies have shown 
that the directional preferences observed in the functional 
correlation tensor in resting state demonstrate a degree of 
consistency with those revealed by diffusion tensors (Ding 
et al., 2016), but we need to recognize that the FCT relies on 
temporal correlations in BOLD signals between neighbor-
ing voxels. It has been widely acknowledged that BOLD 
signal fluctuations are intimately related to vascular phe-
nomena, such as CBF and CBV (Buxton et al., 2004; Davis 
et al., 1998; Hoge et al., 1999). Therefore, indices of FCT 
might not be direct nor sole measures of neural activities, 
but rather combined effects from both vascular and neural 
events. Disentangling these components and subsequently 
conducting more precise analysis of age-related variations 
are thus an important question for future studies. Addition-
ally, it is noted that the squares of correlation coefficients 
between fMRI signals of neighboring voxels were utilized 
as the degree of temporal correlations. While this is a fea-
sible approach (Ding et al., 2013, 2016), the exploration of 
other measures for FCT construction is beyond the scope 
of this work. Also, in this study, the voxel size of the origi-
nal data is 4× 4× 4 mm. Within this voxel size, the pres-
ence of crossing/kissing tracts in WM structure cannot be 
ignored, and the potential impact on anisotropic functional 
correlations will need to be carefully investigated in future 
research. Despite these challenges, the results highlight 
how WM functional connectivity varies with normal aging 
in a region-specific and age-specific manner. Additionally, 
the study uncovers sex differences in the effects of aging, 
although no significant interaction between age and sex was 
found. The study has made the first attempt to employ FCT 
for quantitative characterizations of age-effects of spatio-
temporal correlations in WM BOLD signals, which may 
provide novel insights into how the functional characteris-
tics of WM evolve with brain aging.
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