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Background: The corpus callosum (CC) is the most prominent white matter connection
for interhemispheric information transfer. It is implicated in a variety of cognitive
functions, which tend to decline with age. The region-specific projections of the fiber
bundles with microstructural heterogeneity of the CC are associated with cognitive
functions and diseases. However, how the CC is associated with the information transfer
within functional networks and the connectivity changes during aging remain unclear.
Studying the CC topography helps to understand the functional specialization and
age-related changes of CC subregions.

Methods: Diffusion tractography was used to subdivide the CC into seven subregions
from 1,086 healthy volunteers within a wide age range (21-90 years), based on
the connections to the cortical parcellations of the functional networks. Quantitative
diffusion indices and connection probability were calculated to study the microstructure
differences and age-related changes in the CC subregions.

Results: According to the population-based probabilistic topography of the CC, part
of the default mode network (DMN) and limbic network (LN) projected fibers through
the genu and rostrum; the frontoparietal network (FPN), ventral attention network (VA)
and somatomotor networks (SM) were interconnected by the CC body; callosal fibers
arising from the part of the default mode network (DMN), dorsal attention network
(DA) and visual network (VIS) passed through the splenium. Anterior CC subregions
interconnecting DMN, LN, FPN, VA, and SM showed lower fractional anisotropy (FA)
and higher mean diffusivity (MD) and radial diffusivity (RD) than posterior CC subregions
interconnecting DA and VIS. All the CC subregions showed slightly increasing FA and
decreasing MD, RD, and axial diffusivity (AD) at younger ages and opposite trends at
older ages. Besides, the anterior CC subregions exhibited larger microstructural and
connectivity changes compared with the posterior CC subregions during aging.
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Conclusion: This study revealed the callosal subregions related to functional networks
and uncovered an overall “anterior-to-posterior” region-specific changing trend during
aging, which provides a baseline to identify the presence and timing of callosal

connection states.

Keywords: diffusion MRI, tractography, functional networks, segmentation, atlas, aging trajectory

INTRODUCTION

The corpus callosum (CC) represents the most extensive
commissural pathway that connects the cortical regions of
the contralateral hemispheres, achieving interhemispheric
integration and transfer of information. The structure of the
CC contains different axonal diameters and densities, which
vary by region. For example, the fiber diameters in the anterior
CC (genu) are generally small, whereas those in the posterior
midbody are larger (Lamantia and Rakic, 1990; Aboitiz et al.,
1992a). The connections of the callosal fibers also exhibit
differences, such that small-diameter fibers primarily project
to higher-order processing cortical areas, while large diameter
fibers tend to connect the visual and somatosensory cortices
(Innocenti, 1986; Lamantia and Rakic, 1990; Aboitiz et al., 1992b;
Innocenti et al., 1995). This heterogeneity of fiber composition
and connections in the CC provides the structural foundation
for the differentiation of interhemispheric transfer capacity and
velocity between various cortical areas (Aboitiz et al., 1992a,
2003). Studying the CC topography helps to understand the
functional specialization of the CC subregions and makes it
possible to estimate the cognitive/behavioral damages for the
pre-neurosurgical planning of corpus callosotomy (Chao et al.,
2009; Vnva et al., 2020).

The structure of the CC is subdivided by vertical lines
spaced at fractions of the maximal anterior-posterior length
or equal angular rays from the callosal centroid, which are
widely used in clinical practice (Clarke et al., 1989; Witelson,
1989; Duara et al., 1991). However, these partitioning methods
are based on geometry but not the neurological composition
or white matter connections. Advanced diffusion magnetic
resonance imaging (dMRI) provides an approach to probe the
microstructural information of white matter and estimate the
structural connectivity in the human brain. Several tractography-
based partitioning approaches have been proposed to divide
the CC structure based on the reconstructed streamlines that
pass through it and connect it to specific cortical terminations
(Huang et al, 2005; Park et al, 2008; Chao et al, 2009).
For example, Park et al. (2008) used diffusion tensor imaging
(DTI) to present CC population connectivity maps according to
47 semi-automatically partitioned cortical subregions. Similarly,
another study presented a cortical cytoarchitectural subregions-
based parcellation of the CC using HARDI-based tractography
(Chao et al., 2009). These studies and others show that
tractography-based partitioning methods provide a more rational
subdivision of the CC to link the association between the CC
segments and cerebral subsystems concerning distinct functions
of the human brain.

The CC plays a critical role in cognitive functions, such as
processing speed, visuospatial memory and motor coordination
(van der Knaap and van der Ham, 2011; Frederiksen, 2013).
DTT studies have shown that the white matter microstructure
of the CC is related to cortical activation, reading ability and
intelligence (Dougherty et al., 2007; Putnam et al., 2008; Kontis
et al., 2009). The work of Dougherty et al. (2005) presented the
occipital-callosal projections that pass through the splenium of
the CC and project to a functionally defined region-of-interest
(ROI). In a functional MRI study of the patients who underwent
complete corpus callosotomy, a remarkable reduction of the
interhemispheric functional connectivity has been shown among
all resting state networks (RSNs), but the subjects who underwent
partial corpus callosotomy and retained splenium fibers showed
a slight decline in the interhemispheric functional connectivity of
the visual network; these results confirm that the splenium fiber
bundle is involved in the interhemispheric visual information
transfer (Roland et al., 2017). This evidence indicates that the
functional integrity of interhemispheric processing is affected by
the structural changes in the CC. Hence, linking the callosal
projections to functionally organized networks can reveal the
functional specialization of the callosal segments.

Morphometric analysis in the elderly has found that the size
of the anterior part of the CC decreased (Weis et al., 1993).
Similarly, an anteroposterior gradient of an age-related decline in
the CC has been revealed through DTI studies. Lower fractional
anisotropy (FA) and higher mean diffusion (MD) have been
found in anterior callosal fibers compared with posterior ones
(genu vs. splenium), and more prominent age-related declines
have been revealed in the anterior sections compared with the
posterior ones (Sullivan and Pfefferbaum, 2006; Sullivan et al.,
2010). Lebel et al. (2010) found an overall “outer-to-inner” trend
that MD rising and FA dropping begin earlier and more rapidly in
the anterior and posterior callosal segments than the central area.
These region-specific changes in the CC may affect the transfer
of information between the cortical areas interconnected by the
CC (Sullivan et al., 2010). However, the association of the CC
with the information transfer within functional networks and its
subregional aging progress remain unclear. Studying the changes
in the CC subregions linking functionally organized networks can
provide information that is directly relevant to the function and
essential for determining the role played by the CC in age-related
functional and cognitive decline.

In this study, we first presented the tractography-based
segmentation of the CC that is related to functionally
organized networks. Then, we investigate the age-related
microstructural changes and connectivity of each callosal
segment. To achieve this, we analyzed the dMRI from a
large number of healthy subjects (n = 1,086) within a wide
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age range (21-90 years). Afterward, we used the diffusion
tractography-based approach to track the CC fibers that
interconnect functionally organized networks, including the
visual, sensory-motor functional networks and higher-order
association networks (Yeo et al., 2011). Then we parcellated the
CC by the neural projections. The participants were divided into
seven groups by age to compare the connection probability of
each callosal segment among different age ranges. The diffusion
indices of the CC segments were established to estimate the aging
patterns of each CC segment and compare the microstructural
differences among CC segments. We hypothesized that the
callosal segments had different compositions and showed region-
specific changes along the normal aging process.

MATERIALS AND METHODS

Participants

We collected the MRI data of 1,086 healthy individuals (559
females/527 males) aged 21-90 years. The participants came from
two cohorts. The first cohort included 785 community-based
aged residents (age range: 50-87) with household registration
in the I-Lan country of Taiwan (Liu et al., 2014). The second
cohort included 301 participants (age range: 21-89) recruited
through advertisements in local communities and universities
of northern Taiwan. All the participants were self-reported
with good visual and auditory functional abilities, no medical
history of significant neurological or psychiatric diseases, and
were able to take the cognitive tests. The standard criterion
of the intactness of the global cognitive performance for each
participant was defined by Mini-Mental State Examination
(MMSE) (Folstein et al., 1975) raw scores, where well-educated
people (education > 6 years) had a score greater than 24, while
less educated people (education < 6 years) showed a score of
at least 14 (Sun et al., 2014). The two cohort experiments were
separately approved by the Institutional Review Board of Taipei
Veterans General Hospital and the Institutional Review Board
of National Yang-Ming University. All the participants provided
informed consent after being adequately informed of the study.

Image Acquisition and Preprocessing

MRI scans of the two cohorts were acquired using the
same 3T Siemens MR scanner (Siemens MAGNETOM Tim
Trio, Erlangen, Germany) with identical imaging protocols,
equipped with a 12-channel head coil at National Yang-Ming
University, Taipei, Taiwan. T;-weighted (T;w) images were
scanned using the magnetization-prepared rapid gradient echo
(MPRAGE) protocol with the following imaging parameters:
TR/TE/TT = 3,500/3.5/1,100 ms, flip angle = 7°, voxel
size=1 mm x 1 mm x 1 mm without interslice gap, 192 sagittal
slices and FOV =256 mm x 256 mm. Diffusion-weighted images
were acquired by the single-shot spin-echo echo-planar imaging
(SE-EPI) sequence, using the following imaging parameters:
TR/TE = 11,000/104 ms, voxel size = 2 mm X 2 mm X 2 mm,
70 contiguous axial slices, FOV = 128 x 128 mm?, 30 non-
collinear gradient directions with a b value of 1,000 s/mm? and
three additional null images (b = 0 s/mm?) as reference images

with NEX = 3. All the images were first visually examined to
apply the following exclusion criteria: (1) data with brain lesions
(unreported tumor, stroke or cyst); (2) data with artifacts and
severe motion in the Tyw images and DWIs, which would lead
to ill registration and tensor fitting.

The T;w images were preprocessed using the FreeSurfer
V5.3.0 processing stream, including the steps of registration
to a template, intensity normalization, gray and white matter
segmentation, tessellation of the gray/cerebrospinal fluid
(CSF) and white/gray matter boundaries and cortical surface
reconstruction (Fischl, 2012). DWIs were preprocessed using the
FSL software V5.0.9 (Functional Magnetic Resonance Imaging
of the Brain Software Library'). Each DWI was registered to
the null image following the affine registration approach to
minimize the image distortion by eddy currents and correct
the subject motion (Jenkinson and Smith, 2001; Jenkinson
et al., 2002; Andersson and Sotiropoulos, 2016). Notably, the
subject motion could induce the alteration of the diffusion
orientation, and each gradient direction of the DWIs was
reoriented with the corresponding transformation matrix,
which describes the rotation parameters of the subject motion
(Leemans and Jones, 2009). The diffusion tensor model was
fitted to calculate the voxel-wise measures of FA, MD, axial
diffusivity (AD) and radial diffusivity (RD). In order to maintain
the accuracy of the cross-modality image registration, the
non-diffusion weighted image of each participant was skull-
stripped (Smith, 2002). Using the boundary-based registration
methods, each preprocessed Tiw image was registered to the
corresponding non-diffusion weighted image to perform tissue
segmentation and anatomically-constrained tractography (ACT)
(Greve and Fischl, 2009).

Whole Brain Tractography

The whole-brain ACT was processed using the MRtrix3 tools
(Smith et al,, 2012; Tournier et al., 2019). The registered
T1w images were segmented into five-tissue-type (5TT) format
data containing the cortical gray matter, subcortical gray
matter, white matter, cerebrospinal fluid and pathological tissue
(Zhang et al.,, 2001; Smith, 2002; Smith et al., 2004; Patenaude
et al., 2011). Next, fiber orientation distributions (FODs) were
computed using the single-shell 3-tissue constrained spherical
deconvolution (SS3T-CSD) algorithm with the DWIs and 5TT
data, resulting in the response functions for the white matter, gray
matter and CSF (Dhollander et al., 2019). Finally, we used the
second-order integration probabilistic streamline tractography to
generate whole-brain tractography with 20 seeds per voxel in each
participant’s white matter mask (Tournier et al., 2010).

Construction of Individual Corpus
Callosum Connection Maps

In this work, we used identical processing pipelines to subdivide
the CC into 7 and 17 segments based on its connections
to the functional networks of Yeo’s atlas (Yeo et al, 2011).
Firstly, individual volumetric CC masks were generated using the
FreeSurfer anatomical segmentation, and the seven functionally

'https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSL
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organized networks were derived from Yeo’s atlas® (Fischl et al.,
2002; Yeo et al,, 2011). To extract enough fibers terminated at the
cortical masks, we dilated 2 mm of the generated cortical masks.
Afterward, the individual CC masks and functional networks
were registered to the native DWI space for tract extraction.
The registration results in each step were all visually inspected
and showed their accuracy. With the CC masks and functional
atlases constrained, the callosal fibers that pass through the CC
and connect each functional network were obtained. For each
functional network, the voxels of the CC connection map were
labeled by the number of callosal fibers passing through the
voxel and interconnecting each functional network (Calamante
et al., 2010). The MRtrix3 (Tournier et al., 2019) tools were used
to perform the construction procedures for the individual CC
connection maps.

Construction of Population-Based
Probabilistic Corpus Callosum

Connection Maps

To construct the population-based CC connection maps,
individual CC connection maps were transformed from the
native DWI space to the standard Montreal Neurological
Institute (MNI) space with the nearest-neighbor interpolation
(Andersson et al, 2010). A CC mask of the MNI-152 T1
template was generated by the FreeSurfer software and used
to construct the population-based CC connection maps by
applying it to all the transformed individual CC connection
maps. The connection probability was determined using ParK’s
approach (Park et al., 2008). For each participant, the connection
probability corresponding to each network in a single voxel was
defined as:

EN(s, v, n)

P(s,v,n) = —
Zle EN(s, v, n)

where 7 is the serial number of network labels (1-7), FN(s, v, n)
denotes the number of streamlines connected to network n
through voxel v for subject s from the transformed individual CC
connection maps, and P (s, v, n) is the probability of the white
matter connecting to networks, which is presented by the ratio
of the number of streamlines connecting to network 7 to all the
networks through voxel v for subject s.

For each CC voxel, the population-based connection
probability to a specific network n was defined as:

S
P(v,n) = % Z P(s,v,n),

S=1

where P(v, n) is the average connection probability of all the
participants (S = 1,086). In the resulting group maps, the voxel
value reflects the connection probability of each CC voxel
interconnecting each functional network, and the population-
based probabilistic CC connection maps were constructed. To
reveal the highest connection probability toward multiple cortical
targets in each callosal voxel, we presented the maximum

Zhttp://surfer.nmr.mgh.harvard.edu/fswiki/CorticalParcellation_Ye02011

likelihood labeled CC map, so-called the hard segmentation map
(Figure 1 and Supplementary Figure 1; Hofer and Frahm, 2006;
Chao et al., 2009).

Reproducibility of Probabilistic Corpus

Callosum Connection Maps

We examined the reproducibility of the probabilistic CC
connection maps construction method by randomly separating
all the participants into two age- and sex-matched groups
and comparing the similarity of the resulting CC connection
maps. Each group consisted of 543 participants, first group:
male/female: 263/280, age = 59.11 £ 13.57 years, second group:
male/female: 264/279, age = 58.99 £ 13.52 years. Following
the probabilistic CC connection maps construction process,
the probabilistic CC connection maps were reconstructed from
the two sets. Then, two hard segmentation maps of CC were
generated from both groups’ probabilistic CC connection maps.
The spatial variation of the two hard segmentation maps
of the CC was assessed using the Dice similarity coefficient
(Dice, 1945).

Subregional Connection Probability of
Age Groups

All the participants were subdivided into seven groups by age.
The groups were as follows: 73 individuals (21-30 years), 41 (31-
40 years), 42 (41-50 years), 413 (51-60 years), 305 (61-70 years),
188 (71-80 years) and 24 (81-90 years), as shown in Table 1. For
each subject, the mean connection probability of all the callosal
voxels connecting to a specific network was defined as:

v
_,P(s,v,n
P(s,n) = —ZV_I ( ),
\%4
where V' = 3,440 denotes the total voxel number in the CC
masks of the MNI-152 T1 template.

Curve Fitting of Age-Related Diffusion
Indices Changes of Corpus Callosum

Subregions

The probabilistic CC connection maps were transformed to the
native DWI space, and the weighted mean diffusion indices
DI (s, n) (including FA, MD, RD, and AD) of each CC subregion
were calculated using the following equation (Hua et al., 2008):

Z (Ptrans (s, v, n) x DI(s, v))
Z Ptrans (ss v, n) ’

where Pirans (s, v, n) represents the connection probability of
voxel v in the transformed probabilistic CC connection map of
network n for a subject s, and DI(s, v) denotes the diffusion
indices (including FA, MD, RD, and AD) of voxel v. Each voxel
v was extracted with an FA threshold of 0.2 to exclude the portion
of gray matter or CSF (Hsu et al, 2021). The factors of the
total intracranial volume (TIV), sex and years of education were
regressed to control the effects on the weighted mean diffusion
indices (Dufouil et al., 2003; Takao et al., 2011; Hsu et al., 2021).

DI (s,n) =

Frontiers in Aging Neuroscience | www.frontiersin.org

October 2021 | Volume 13 | Article 753236


http://surfer.nmr.mgh.harvard.edu/fswiki/CorticalParcellation_Yeo2011
https://www.frontiersin.org/journals/aging-neuroscience
https://www.frontiersin.org/
https://www.frontiersin.org/journals/aging-neuroscience#articles

Liu et al.

Corpus Callosum Changes During Aging

@ Blue

& Red

Limbic (LN) Frontoparietal (FPN)

showing P(v, n) in each CC subregion.

[ Purple (Visual)
(Somatomotor)

[ Green (Dorsal Attention)
[ Violet (Ventral Attention)
[JCream (Limbic)

[J Orange (Frontoparietal)
(Default)

Default (DMN) 0 1

FIGURE 1 | The probabilistic connection maps of 7 CC subregions. (A) The atlas of 7 functional networks with color-coding; (B) Hard segmentation map of the
highest connection probability to corresponding functional networks with the same color-coding of panel (A); (C) The probabilistic maps of the midsagittal CC,

TABLE 1 | Demographic characteristics of seven age groups.

Variables 21-30 years 31-40 years 41-50 years 51-60 years 61-70 years 71-80 years 81-90 years P value
Gender 37/36 18/23 21/21 202/211 143/162 94/94 12/12 0.983
(Male/Female)

Age 25.34 +2.59 34.39 + 3.14 46.67 + 3.09 55.77 + 2.65 64.97 +2.89 74.71 £2.70 84.08 +2.08 0.000
(Mean + SD)

Education 17.40 £1.72 18.15 £ 3.45 13.93 + 3.61 9.90 £4.33 7.87 £5.65 3.49 + 4.61 4.38 £4.12 0.000
(Mean + SD)

TIV (cm®) 1,477.32 +127.35 1,424.89 4+ 113.63 1,423.28 + 117.98 1,410.87 + 124.59 1,385.47 + 121.57 1,343.54 + 113.32 1,307.07 + 101.67 0.000
(Mean + SD)

MMSE 29.30 + 0.86 29.10 + 1.09 28.19 + 1.49 28.01 +1.83 26.60 + 3.24 24.26 + 3.76 24.63 +4.18 0.000
(Mean + SD)

For each subregion, the quadratic curve was used to model the
age-related changes in each diffusion indices (including FA, MD,
RD, and AD) as follows:

DI = A x age+ B x age* 4+ C,

The best-fitting model was evaluated according to the goodness
of the fit with the maximally adjusted coefficient of determination
(Radjz). Besides, the age of peak FA values and minimum MD, RD
and AD values were determined when a turning point occurred
in the best-fitting model.

Statistical Analysis
Descriptive statistics of demographic data were presented
as mean =+ standard deviation. The Chi-square test and

analysis of variance (ANOVA) were applied to compare
the categorical and continuous demographic variables
among the seven age groups. For each CC subregion, the
connection probability differences among the seven age
groups were compared using the analysis of covariance
(ANCOVA) with the factors of sex, education years and TIV
as covariates. Differences in the diffusion indices between
the CC subregions were compared by the repeated-measures
analysis of variance (RM-ANOVA) with age, sex, education
years and TIV being regressed out. The Bonferroni correction
for the post hoc test was used to control for Type I error
with multiple comparisons, and a p-value < 0.05 was
considered statistically significant. The statistical analysis
was performed using the Statistical Package for Social Sciences
(SPSS Version 26).

Frontiers in Aging Neuroscience | www.frontiersin.org

October 2021 | Volume 13 | Article 753236


https://www.frontiersin.org/journals/aging-neuroscience
https://www.frontiersin.org/
https://www.frontiersin.org/journals/aging-neuroscience#articles

Liu et al.

Corpus Callosum Changes During Aging

RESULTS

Demographics

The demographic details of the participants from the seven
age groups are shown in Table 1. Significant differences were
found among the groups in terms of education years, TIV and
MMSE score (P = 0.000, ANOVA), but not in terms of sex
(Chi-square = 1.061, P = 0.983).

Population-Based Probabilistic Corpus
Callosum Connection Maps

The probabilistic CC connection maps toward the visual network
(VIS), somatomotor network (SM), dorsal attention network
(DA), ventral attention network (VA), limbic network (LN),
frontoparietal network (FPN) and default mode network (DMN)
are shown in Figure 1. In detail, streamlines interconnecting
the VIS pass through the posterior region of the splenium
streamlines interconnecting the SM pass via the posterior
midbody and isthmus, streamlines interconnecting the DA pass
via the ventral region of the superior splenium, streamlines
interconnecting the VA pass via the posterior downside of
the anterior midbody, streamlines interconnecting the LN pass
through the rostrum, streamlines interconnecting the FPN pass
through the anterior midbody, posterior region of the rostral
body and the upper region of the superior splenium, and
streamlines interconnecting the DMN pass through the genu,
anterior region of the rostral body and dorsal region of the
superior splenium. The Dice coeflicient of two hard segmentation
maps of 7 CC subregions was 0.9849, and that of 17 CC
subregions was 0.9817.

Differences in Diffusion Indices Between

Corpus Callosum Subregions

Figure 2 shows the mean diffusion indices of seven CC
subregions. Significant differences were found in FA, MD, AD
and RD between the CC subregions (P = 0.000, RM-ANOVA).
The FA values of the subregions to VIS and DA (range 0.7-
0.8) were significantly higher than other subregions (range 0.5-
0.6, P < 0.05, Bonferroni corrected). On the other hand, the
mean MD and RD values of the subregions to VIS and DA
(MD: 0.8-0.9 x 1073 mm?/s; RD: 0.4-0.5 x 10~ mm?/s) were
lower than other subregions (MD: 0.9-1 x 1073 mm?/s; RD:
0.6-0.7 x 1073 mm?/s, P < 0.05, Bonferroni corrected). No
significant difference was found in MD between the subregions
to SM and VA (P = 1.000, Bonferroni corrected), LN and FPN
(P = 0.065, Bonferroni corrected); no significant difference in FA
between the subregions to SM and VA (P = 1.000, Bonferroni
corrected), SM and FPN (P = 1.000, Bonferroni corrected); no
significant difference in AD between the subregions to SM and
DMN (P = 0.895, Bonferroni corrected), VA and FPN (P = 0.617,
Bonferroni corrected); no significant difference in RD between
the subregions to SM and VA (P = 0.480, Bonferroni corrected).
The details of pairwise comparisons in diffusion indices between
the CC subregions by Bonferroni post hoc test can be found in
Supplementary Table 1.

Subregional Connection Probability

Differences Between Age Groups

The connection probability of the seven CC subregions across age
groups is shown in Figure 3. Significant subregional connection
probability differences were found among the seven age groups
in the subregions interconnecting VIS, SM, DA, VA, FPN and
DMN (P = 0.000, ANCOVA), but no significant difference was
found in LN (P = 0.138, ANCOVA). Specifically, the subregional
connection probability of the subregions to SM, VA, FPN and
DMN showed significant decreases in the groups older than
60 years (P < 0.05, Bonferroni corrected), and the connection
probability of the subregion to DA only showed significant
decreases in the groups older than 70 years (P < 0.05, Bonferroni
corrected). On the contrary, participants aged 61-70 years had a
larger connection probability than those in the 41-50 years group
in the subregion to VIS (P < 0.05, Bonferroni corrected). Similar
comparison results were found between the CC subregions to 17
subnetworks. The details of pairwise comparisons of connection
probability between age groups by Bonferroni post hoc test can be
found in Supplementary Tables 2, 3.

Curve Fitting of Age-Related Diffusion
Indices Changes of Corpus Callosum

Subregions

The age-related FA changing trajectories of all the CC subregions
correspond to small R* values and R,g;* values within the range of
0.006-0.091 (Table 2). These fit curves show that the FA slightly
increased during early adulthood and then decreased through
later adulthood (Figure 4 and Supplementary Figure 3). The
ages of peak FA values varied from 35 years of the subregion DA
to 50 years of the subregion VIS (Figure 4).

Except for the fit curves of MD, RD and AD of the subregion
to VIS (Rugi*: 0.025-0.046) and LN (R,q;%: 0.084-0.115) that had
lower Radjz, the fit curves of other subregions showed fit goodness
with higher Radj2 values in all the diffusion indices (Rm,lj2 > 0.1,
Table 2). The changing trends of MD, RD and AD were opposite
to that of FA, as they slightly decreased through young adulthood
and then increased over 0.0002 mm?/s than its initial decrease,
and their increases of the subregion to VIS were smaller than
other subregions (Figure 4 and Supplementary Figure 3). The
ages of minimum MD, RD and AD of each CC subregion showed
a slight variance (Figure 4).

DISCUSSION

This study presented a population-based probabilistic
topography of the CC related to functionally organized networks,
providing a comprehensive description of the interconnections
within the visual, sensory-motor and distributed networks in
the higher-order association cortex and revealing the functional
specialization of the CC subregions. Based on the functional CC
subregions, we found region-specific aging patterns exhibited
in the CC. Besides, the subregions interconnecting the SM,
VA, FPN and DMN showed severer alterations compared with
other CC subregions in terms of the structural connectivity
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FIGURE 2 | The diffusion indices of 7 CC subregions. The mean and standard deviation of the regressed DI (s, n) of all participants are plotted in the order of the
spatial locations of all CC subregions, generally from the anterior to posterior part in the CC. RM-ANOVA showed significant differences in FA, MD, AD and RD
between the CC subregions. FA values of the CC subregion connecting to VIS and DA are statistically higher than other subregions. MD and RD values of the CC
subregions connecting to VIS and DA are statistically lower than those of other subregions. See Supplementary Table 1 for the details of the statistical analysis of
paired comparisons. VIS, CC subregion connecting to the visual network; SM, CC subregion connecting to the somatomotor network; DA, CC subregion
connecting to the dorsal attention network; VA, CC subregion connecting to the ventral attention network; LN, CC subregion connecting to the limbic network; FPN,
CC subregion connecting to the frontoparietal network; DMN, CC subregion connecting to the default mode network; FA, fractional anisotropy; MD, mean diffusivity;
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and microstructure. This study revealed the callosal subregions
related to functional networks and uncovered the overall
“anterior-to-posterior” changing trend during the aging process.

The population-based probabilistic CC connection maps were
verified high reproducibility. The spatial localization of each CC
subregion was close to the location of the functional networks
it connected and following the former geometric-based and
tractography-based CC parcellations (Witelson, 1989; Chao et al.,
2009; Lebel et al., 2010; van der Knaap and van der Ham,
2011). The spatial locations of the CC subregions were consistent
with the stimulus-induced activations in the CC, such as the
motor, tactile, visual, auditory, gustatory and memory tasks
(Mazerolle et al., 2008; Yarkoni et al., 2009; Fabri et al., 2011). For
instance, these activations in the CC were distributed according
to the anterior (taste stimuli), middle (motor task), middle and

posterior (tactile stimuli) and splenium (visual stimuli) areas
(Fabri et al., 2011). According to the CC connection maps, the
subregion interconnecting VIS also projected fibers to DA and
DMN (Figure 1C). The visual system processes information
either through the dorsal stream or the ventral stream. The
parietal areas (part of the DA) are critical parts of the dorsal
stream to process the visual information of spatial relationships
and control spatially directed actions. The temporal cortex (part
of the DMN) is a critical part of the ventral stream to process
subject recognition information (Mishkin et al., 1983; Milner and
Goodale, 2006). Our findings revealed the underlying mechanism
of the dorsal and ventral stream in the cerebral network
system. Moreover, based on the probabilistic CC connection
maps of 17 subnetworks, the CC subregions interconnecting the
subnetworks that belong to VIS showed different connection
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FIGURE 3 | The connection probability of 7 CC subregions across all 7 age groups. The mean and standard deviation of the regressed P (s, n) of each age group
are plotted in the order of the spatial locations of all CC subregions, generally from the anterior to posterior part in the CC. ANCOVA showed significant differences
among the 7 age groups for the subregions to DMN, FPN, VA, SM, DA, and VIS, which exhibited an anterior-to-posterior changing gradient. The subregions to
DMN, FPN, VA and SM that are located in the anterior and middle part of the CC showed an earlier and severer decrease in the connection probability than the
subregion to DA and VIS in the posterior CC. Statistical analysis of the paired comparisons is shown in Supplementary Table 2. VIS, CC subregion connecting to
the visual network; SM, CC subregion connecting to the somatomotor network; DA, CC subregion connecting to the dorsal attention network; VA, CC subregion
connecting to the ventral attention network; LN, CC subregion connecting to the limbic network; FPN, CC subregion connecting to the frontoparietal network; DMN,

probabilities (Supplementary Figure 1; Sacchet et al., 2016). This
result indicated the dominant interhemispheric communication
transferring area in VIS via the CC, which may provide
the structural foundation of the difference in the functional
connectivity within the local networks (Yeo et al., 2011).

Significant differences in the DTT indices were found between
the CC subregions. Posterior subregions interconnecting VIS
and DA showed higher mean FA, AD and lower mean MD,
RD compared with the other CC subregions, whereas the
anterior subregion interconnecting the LN showed minimum
mean FA, AD, and maximum mean MD, RD (Figure 2).
Different parameters reflect different aspects of white matter
microstructure. Specifically, FA and MD measure the diffusion
barrier to water molecules, AD and RD measures the parallel and
perpendicular diffusivities (Basser and Pierpaoli, 1996; Rogalski
et al,, 2012). According to the fiber composition in CC, the
anterior part of CC concentrated low myelinated, small-caliber,
slow-conducting CC fibers, while the posterior part contained
highly-myelinated, large-caliber, fast-conducting fibers (Aboitiz
et al., 1992a, 2003). Previous studies found a positive correlation
between FA and the conduction velocity in the CC, which is
related to the myelination or axon diameter (Caminiti et al,
2013). The greater the anisotropy, the more directional and linear
the diffusion of water molecules. Therefore, the microstructural
differences between the subregions are consistent with the fiber
composition in the CC.

Significant decreases in the connection probability were
found between the younger and older age groups in the CC
subregions to DMN, FPN, VA, and SM (Figure 3), which
indicated an age-related decrease in the structural connectivity
between the corresponding functional networks. However, the
connection probability of the subregion to DA started to
decrease at a very late age, and the connection probability of
the subregion to VIS slightly increased with age (Figure 3).
The changes in the CC subregion to VIS were consistent
with previous findings reporting that the volume of the CC
subregions connecting to the occipital lobe was increased with
age (Lebel et al.,, 2010). According to the CC connection maps,
the CC subregions located in the anterior and middle CC
showed a larger decrease in the connection probability than
the subregions in the posterior CC during the aging process.
This finding was following the anterior-to-posterior changing
trend of the CC reported by previous research (Salat et al,
2005; Bucur et al, 2008; Davis et al, 2009; Lebel et al.,
2010).

The diffusion indices of the CC subregions also exhibited
an anterior-to-posterior changing trend, and severer changes
were found in the CC subregions to DMN, FPN, VA, and SM
compared with the CC subregions to DA and VIS (Figure 4). This
result was consistent with previous findings that the differences
in DTI indices between younger and older adults were more
pronounced in the anterior corpus callosum than in the posterior
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TABLE 2 | Fitting parameters for quadratic fit equations of each DTI parameter.

FA Intercept Linear term (x10~2) Quadratic term (x10~4) R2 R? adjust P value
VIS 0.737 0.138 —0.143 0.008 0.006 0.000
SM 0.585 0.160 —-0.229 0.059 0.057 0.000
DA 0.644 0.294 —0.337 0.083 0.082 0.000
VA 0.550 0.291 —0.326 0.070 0.068 0.000
LN 0.468 0.151 -0.210 0.016 0.014 0.000
FPN 0.541 0.312 —0.344 0.088 0.086 0.000
DMN 0.581 0.244 —0.283 0.093 0.091 0.000
MD Intercept (x10~3) Linear term (x10~%) Quadratic term (x10~7) R2 R? adjust P value
VIS 0.962 —-0.474 0.531 0.047 0.046 0.000
SM 1.205 —1.060 1.243 0.170 0.168 0.000
DA 1.062 —-0.873 0.979 0.196 0.194 0.000
VA 1.188 —0.980 1.162 0.212 0.210 0.000
LN 1.250 —1.145 1.318 0.117 0.115 0.000
FPN 1.196 —0.941 1.089 0.203 0.201 0.000
DMN 1.156 —-0.894 1.017 0.209 0.207 0.000
RD Intercept (x10~3) Linear term (x10~5) Quadratic term (x10~7) R2 R? adjust P value
VIS 0.480 —0.383 0.429 0.027 0.025 0.000
SM 0.787 —0.866 1.051 0.141 0.140 0.000
DA 0.629 —0.800 0.911 0.163 0.161 0.000
VA 0.794 —0.891 1.044 0177 0.175 0.000
LN 0.921 —0.962 1.133 0.085 0.084 0.000
FPN 0.810 —0.883 1.014 0.179 0.178 0.000
DMN 0.754 —0.794 0.917 0.194 0.193 0.000
AD Intercept (x10~3) Linear term (x10~5) Quadratic term (x10~7) R2 R2 adjust P value
VIS 1.926 —0.655 0.734 0.042 0.040 0.000
SM 2.041 —1.447 1.627 0.164 0.162 0.000
DA 1.927 —-1.018 1.115 0.142 0.141 0.000
VA 1.977 —1.157 1.397 0.198 0.196 0.000
LN 1.908 —-1.510 1.690 0.097 0.095 0.000
FPN 1.967 —1.058 1.241 0.181 0.179 0.000
DMN 1.961 —1.093 1.217 0.165 0.164 0.000

Parameters for the quadratic equation are shown, including intercept, linear and quadratic terms for all seven regions of the corpus callosum, as well as the R? and R?

adjust value and p value for the entire fit.
The unit of MD, AD, and RD is mm?/s.

VIS, CC subregion connecting to the visual network; SM, CC subregion connecting to the somatomotor network; DA, CC subregion connecting to the dorsal attention
network; VA, CC subregion connecting to the ventral attention network; LN, CC subregion connecting to the limbic network; FPN, CC subregion connecting to
the frontoparietal network; DMN, CC subregion connecting to the default mode network; FA, fractional anisotropy; MD, mean diffusivity; RD, radial diffusivity; AD,

axial diffusivity.

region (Salat et al., 2005; Bucur et al., 2008; Davis et al., 2009;
Lebel et al., 2010). Specific age-related changes in DTI indices
reflect different aspects of white matter microstructure. The
greater water content associated with atrophy in the aging
brain could cause the increase of AD and MD, and the loss of
myelinated fibers and decreased axonal density would result in
the increase of RD and lower FA (Scheltens et al., 1995; Moseley,
2002).

The observed region-specific changing patterns in the
connection probability and diffusion indices indicated that the
CC subregions exhibited different aging patterns. We may
speculate two aspects that account for this finding. On the one

hand, the “last in, first out” hypothesis of aging posits that the
cortical regions are not equally affected during aging, and late-
maturing regions are preferentially vulnerable to age (Raz, 1999;
Grieve et al., 2005; Fjell et al., 2009). Therefore, the region-
specific aging patterns in the CC subregions are associated with
the different atrophy of the connected cortical targets. We found
that the CC subregion to SM exhibited severer and earlier
changes in the diffusion indices with age. Similarly, it was shown
by age-related structural studies that reduction in volume/size
and cortical thinning occurred in the primary sensory-motor
cortices in the elderly (Haug and Eggers, 1991; Salat et al., 2004;
McGinnis et al., 2011). On the other hand, previous studies
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FIGURE 4 | Best-fitting curves for regressed diffusion indices vs. age. Ages of peak FA values and minimum MD, RD and AD values from the quadratic fits are
labeled by colored squares for all the subregions. Fit curves of all diffusion indices in the subregion to VIS are flat, which indicated that slight changes occurred in the
microstructure of the CC fibers interconnecting the VIS during the aging process. On the contrary, fit curves of the rest subregions exhibited a U shape of the fit
curves of MD, RD, and AD, and an inverted U shape of the fit curve of FA. The scatter plots of DTl indices vs. age are shown in Supplementary Figure 3. VIS, CC
subregion connecting to the visual network; SM, CC subregion connecting to the somatomotor network; DA, CC subregion connecting to the dorsal attention
network; VA, CC subregion connecting to the ventral attention network; LN, CC subregion connecting to the limbic network; FPN, CC subregion connecting to the
frontoparietal network; DMN, CC subregion connecting to the default mode network; FA, fractional anisotropy; MD, mean diffusivity; RD, radial diffusivity; AD, axial
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reported that the anterior CC fibers myelinate much later in
normal development, while the posterior CC fibers myelinate
early (Aboitiz et al., 1992a, 2003). Therefore, the CC fibers in each
subregion followed the “last in, first out” hypothesis and exhibited
distinct aging patterns.

This study has several limitations. Firstly, due to the intrinsic
limitation of DTT in the regions with complex fiber heterogeneity,
we used the SS3T-CSD algorithm to estimate the fiber orientation
distributions for whole-brain tractography. We applied the most
used DTI measurements to study the aging pattern in the CC
subregions. Advanced diffusion models with multi-shell protocol
should be used to capture the microstructure (Raffelt et al,
2017). Secondly, the CC masks were generated by segmenting
the T1 images and registered to the DWI images, the multi-
modal registration is challenging because DTT is susceptible to
both affine/linear (e.g., eddy-current and head motion) and non-
linear echo planar image field distortions. The registration results

in each step were all visually inspected and showed their accuracy.
Finally, there were relatively small samples in groups from 21-
50 years and 81-90 years, which may bias the results for our
imaging measures. In this work, we tried to analyze as much as
possible data from our center and therefore we combined two
imaging datasets with identical imaging scanner and protocols.
Further study should recruit more participants to explore the
microstructural changes of the CC during the earlier lifespan.

CONCLUSION

The current study provided a reliable tractography-based CC
functional topography, which presented the spatial location of
the callosal subregions interconnecting the functional networks.
This functional topography of the CC is essential to understand
the white matter organization in primary and higher-order
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functional systems and is also helpful in planning corpus
callosotomy. We showed that the CC underwent an anterior-
to-posterior changing trend during the aging process, with the
CC subregions interconnecting the SM, VA, FPN, and DMN
showing severer alterations compared with other CC subregions.
This finding revealed the aging pattern of the CC subregions and
provided a baseline to identify the presence and timing of callosal
abnormalities in various brain disorders.

DATA AVAILABILITY STATEMENT

The data analyzed in this study is subject to the following
licenses/restrictions: The datasets presented in this article are
not readily available because the datasets containing information
that could compromise research participant privacy/consent.
Requests to access these datasets should be directed to C-PL,
chingpolin@gmail.com.

ETHICS STATEMENT

The studies involving human participants were reviewed and
approved by the Institutional Review Board of Taipei Veterans
General Hospital and the Institutional Review Board of National
Yang-Ming University. The patients/participants provided their
written informed consent to participate in this study.

AUTHOR CONTRIBUTIONS

YL: study design and concept, image processing, data analysis
and interpretation, bibliography research, and drafting of the
manuscript. C-CHH: MRI acquisition, image processing, revising
the manuscript, and approving the submitted version. C-CH:
study design and concept, MRI acquisition, image processing,
data interpretation, and approving the submitted version. YZ,

REFERENCES

Aboitiz, F., Lopez, J., and Montiel, J. (2003). Long distance communication

in the human brain: timing constraints for inter-hemispheric
synchrony and the origin of brain lateralization. Biol. Res. 36,
89-99.

Aboitiz, F., Scheibel, A. B., Fisher, R. S., and Zaidel, E. (1992a). Fiber composition
of the human corpus callosum. Brain Res. 598, 143-153. doi: 10.1016/0006-
8993(92)90178-¢

Aboitiz, F., Scheibel, A. B., and Zaidel, E. (1992b). Morphometry of the sylvian
fissure and the corpus-callosum, with emphasis on sex-differences. Brain 115,
1521-1541. doi: 10.1093/brain/115.5.1521

Andersson, J. L. R,, Jenkinson, M., and Smith, S. (2010). Non-Linear Registration,
Aka Spatial Normalisation. FMRIB technical report TRO7JA2. Available online
at: https://www.fmrib.ox.ac.uk/datasets/techrep/tr07ja2/tr07ja2.pdf

Andersson, J. L. R, and Sotiropoulos, S. N. (2016). An integrated approach
to correction for off-resonance effects and subject movement in diffusion
MR imaging. Neuroimage 125, 1063-1078. doi: 10.1016/j.neuroimage.2015.1
0.019

Basser, P. J., and Pierpaoli, C. (1996). Microstructural and physiological features of
tissues elucidated by quantitative-diffusion-tensor MRI. J. Magn. Reson. Ser. B
111, 209-219. doi: 10.1006/jmrb.1996.0086

JZ, S-JT, and L-KC: study concept, revising the manuscript,
and approving the submitted version. C-PL and C-YL: study
design and concept, data interpretation, bibliography research,
critical revision of the manuscript, and approving the submitted
version. All authors contributed to the article and approved the
submitted version.

FUNDING

This work was supported by the Shanghai Municipal Science
and Technology Major Project (No. 2018SHZDZXO01), ZJ
Lab, Shanghai Center for Brain Science and Brain-Inspired
Technology; the Young Scientists Fund of the National Natural
Science Foundation of China (No. 81801774); the Ministry
of Science and Technology (MOST) of Taiwan (MOST 110-
2321-B-010-004, MOST 110-2321-B-010-007, MOST 110-2634-
F-010-001, and MOST 108-2321-B-010-010-MY2); the National
Key Research and Development Program of China (No.
2018YFC0910503); and the 111 Project (No. B18015). This work
was supported, in part, by the Brain Research Center, National
Yang-Ming University from the Featured Areas Research Center
Program within the framework of the Higher Education Sprout
Project funded by the Ministry of Education (MOE) in Taiwan.

ACKNOWLEDGMENTS

The authors would like to thank the support from the MRI Core
of National Yang-Ming University in Taiwan.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fnagi.
2021.753236/full#supplementary- material

Bucur, B., Madden, D.J., Spaniol, J., Provenzale, J. M., Cabeza, R., White, L. E., et al.
(2008). Age-related slowing of memory retrieval: contributions of perceptual
speed and cerebral white matter integrity. Neurobiol. Aging 29, 1070-1079.
doi: 10.1016/j.neurobiolaging.2007.02.008

Calamante, F., Tournier, J. D., Jackson, G. D., and Connelly, A. (2010). Track-
density imaging (TDI): super-resolution white matter imaging using whole-
brain track-density mapping. Neuroimage 53, 1233-1243. doi: 10.1016/j.
neuroimage.2010.07.024

Caminiti, R., Carducci, F., Piervincenzi, C., Battaglia-Mayer, A., Confalone, G.,
Visco-Comandini, F., et al. (2013). Diameter, length, speed, and conduction
delay of callosal axons in macaque monkeys and humans: comparing data from
histology and magnetic resonance imaging diffusion tractography. J. Neurosci.
33, 14501-14511. doi: 10.1523/J]NEUROSCI.0761-13.2013

Chao, Y. P., Cho, K. H,, Yeh, C. H., Chou, K. H., Chen, J. H., and Lin, C. P. (2009).
Probabilistic topography of human corpus callosum using cytoarchitectural
parcellation and high angular resolution diffusion imaging tractography. Hum.
Brain Mapp. 30, 3172-3187. doi: 10.1002/hbm.20739

Clarke, S., Kraftsik, R., Van Der Loos, H., and Innocenti, G. M. (1989). Forms
and measures of adult and developing human corpus callosum: is there sexual
dimorphism? J. Comp. Neurol. 280, 213-230. doi: 10.1002/cne.902800205

Davis, S. W., Dennis, N. A., Buchler, N. G., White, L. E., Madden, D. J., and Cabeza,
R. (2009). Assessing the effects of age on long white matter tracts using diffusion

Frontiers in Aging Neuroscience | www.frontiersin.org

October 2021 | Volume 13 | Article 753236


mailto:chingpolin@gmail.com
https://www.frontiersin.org/articles/10.3389/fnagi.2021.753236/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fnagi.2021.753236/full#supplementary-material
https://doi.org/10.1016/0006-8993(92)90178-c
https://doi.org/10.1016/0006-8993(92)90178-c
https://doi.org/10.1093/brain/115.5.1521
https://www.fmrib.ox.ac.uk/datasets/techrep/tr07ja2/tr07ja2.pdf
https://doi.org/10.1016/j.neuroimage.2015.10.019
https://doi.org/10.1016/j.neuroimage.2015.10.019
https://doi.org/10.1006/jmrb.1996.0086
https://doi.org/10.1016/j.neurobiolaging.2007.02.008
https://doi.org/10.1016/j.neuroimage.2010.07.024
https://doi.org/10.1016/j.neuroimage.2010.07.024
https://doi.org/10.1523/JNEUROSCI.0761-13.2013
https://doi.org/10.1002/hbm.20739
https://doi.org/10.1002/cne.902800205
https://www.frontiersin.org/journals/aging-neuroscience
https://www.frontiersin.org/
https://www.frontiersin.org/journals/aging-neuroscience#articles

Liu et al.

Corpus Callosum Changes During Aging

tensor tractography. Neuroimage 46, 530-541. doi: 10.1016/j.neuroimage.2009.
01.068

Dhollander, T., Mito, R, Raffelt, D., and Connelly, A. (2019). “Improved
white matter response function estimation for 3-tissue constrained spherical
deconvolution,” in Proceedings of the 27th International Society of Magnetic
Resonance in Medicine (Montréal, QC).

Dice, L. R. (1945). Measures of the amount of ecologic association between species.
Ecology 26, 297-302. doi: 10.2307/1932409

Dougherty, R. F., Ben-Shachar, M., Bammer, R., Brewer, A. A., and Wandell, B. A.
(2005). Functional organization of human occipital-callosal fiber tracts. Proc.
Natl. Acad. Sci. U.S.A. 102, 7350-7355. doi: 10.1073/pnas.0500003102

Dougherty, R. F., Ben-Shachar, M., Deutsch, G. K., Hernandez, A., Fox, G. R,,
and Wandell, B. A. (2007). Temporal-callosal pathway diffusivity predicts
phonological skills in children. Proc. Natl. Acad. Sci. U.S.A. 104, 8556-8561.
doi: 10.1073/pnas.0608961104

Duara, R., Kushch, A., Grossglenn, K., Barker, W. W., Jallad, B., Pascal, S., et al.
(1991). Neuroanatomic differences between dyslexic and normal readers on
magnetic resonance imaging scans. Arch. Neurol. 48, 410-416. doi: 10.1001/
archneur.1991.00530160078018

Dufouil, C., Alperovitch, A., and Tzourio, C. (2003). Influence of education on
the relationship between white matter lesions and cognition. Neurology 60,
831-836. doi: 10.1212/01.wnl.0000049456.33231.96

Fabri, M., Polonara, G., Mascioli, G., Salvolini, U., and Manzoni, T. (2011).
Topographical organization of human corpus callosum: an fMRI mapping
study. Brain Res. 1370, 99-111. doi: 10.1016/j.brainres.2010.11.039

Fischl, B. (2012). FreeSurfer. Neuroimage 62, 774-781. doi: 10.1016/j.neuroimage.
2012.01.021

Fischl, B., Salat, D. H., Busa, E., Albert, M., Dieterich, M., Haselgrove, C., et al.
(2002). Whole brain segmentation: automated labeling of neuroanatomical
structures in the human brain. Neuron 33, 341-355. doi: 10.1016/s0896-
6273(02)00569-x

Fjell, A. M., Westlye, L. T., Amlien, I, Espeseth, T., Reinvang, I., Raz, N., et al.
(2009). High consistency of regional cortical thinning in aging across multiple
samples. Cereb. Cortex 19,2001-2012. doi: 10.1093/cercor/bhn232

Folstein, M. F., Folstein, S. E., and Mchugh, P. R. (1975). Mini-mental state—
practical method for grading cognitive state of patients for clinician. J. Psychiatr.
Res. 12, 189-198.

Frederiksen, K. S. (2013). Corpus callosum in aging and dementia. Dan. Med. ].
60:B4721.

Greve, D. N,, and Fischl, B. (2009). Accurate and robust brain image alignment
using boundary-based registration. Neuroimage 48, 63-72. doi: 10.1016/].
neuroimage.2009.06.060

Grieve, S. M., Clark, C. R., Williams, L. M., Peduto, A. J., and Gordon, E. (2005).
Preservation of limbic and paralimbic structures in aging. Hum. Brain Mapp.
25, 391-401. doi: 10.1002/hbm.20115

Haug, H., and Eggers, R. (1991). Morphometry of the human cortex cerebri and
corpus striatum during aging. Neurobiol. Aging 12, 336-338. doi: 10.1016/
0197-4580(91)90013-a

Hofer, S., and Frahm, J. (2006). Topography of the human corpus callosum
revisited—comprehensive fiber tractography using diffusion tensor magnetic
resonance imaging. Neuroimage 32, 989-994. doi: 10.1016/j.neuroimage.2006.
05.044

Hsu, C. H., Huang, C. C., Tsai, S. J., Chen, L. K., Li, H. C,, Lo, C. Z., et al.
(2021). Differential age trajectories of white matter changes between sexes
correlate with cognitive performances. Brain Connect. doi: 10.1089/brain.2020.
0961 [Epub ahead of print].

Hua, K., Zhang, J. Y., Wakana, S., Jiang, H. Y., Li, X,, Reich, D. S., et al. (2008).
Tract probability maps in stereotaxic spaces: analyses of white matter anatomy
and tract-specific quantification. Neuroimage 39, 336-347. doi: 10.1016/j.
neuroimage.2007.07.053

Huang, H., Zhang, J., Jiang, H., Wakana, S., Poetscher, L., Miller, M. L, et al.
(2005). DTI tractography based parcellation of white matter: application to
the mid-sagittal morphology of corpus callosum. Neuroimage 26, 195-205.
doi: 10.1016/j.neuroimage.2005.01.019

Innocenti, G. M. (1986). “General organization of callosal connections in the
cerebral cortex,” in Sensory-Motor Areas and Aspects of Cortical Connectivity,
eds E. G. Jones and A. Peters (Boston, MA: Springer), 291-353. doi: 10.1007/
978-1-4613-2149-1_9

Innocenti, G. M., Aggounzouaoui, D., and Lehmann, P. (1995). Cellular aspects
of callosal connections and their development. Neuropsychologia 33, 961-987.
doi: 10.1016/0028-3932(95)00033-Y

Jenkinson, M., Bannister, P., Brady, M., and Smith, S. (2002). Improved
optimization for the robust and accurate linear registration and motion
correction of brain images. Neuroimage 17, 825-841. doi: 10.1006/nimg.2002.
1132

Jenkinson, M., and Smith, S. (2001). A global optimisation method for robust affine
registration of brain images. Med. Image Anal. 5, 143-156. doi: 10.1016/s1361-
8415(01)00036-6

Kontis, D., Catani, M., Cuddy, M., Walshe, M., Nosarti, C., Jones, D., et al. (2009).
Diffusion tensor MRI of the corpus callosum and cognitive function in adults
born preterm. Neuroreport 20, 424-428. doi: 10.1097/WNR.0b013e328325a8f9

Lamantia, A. S., and Rakic, P. (1990). Cytological and quantitative characteristics of
4 cerebral commissures in the rhesus-monkey. J. Comp. Neurol. 291, 520-537.
doi: 10.1002/cne.902910404

Lebel, C., Caverhill-Godkewitsch, S., and Beaulieu, C. (2010). Age-related regional
variations of the corpus callosum identified by diffusion tensor tractography.
Neuroimage 52, 20-31. doi: 10.1016/j.neuroimage.2010.03.072

Leemans, A., and Jones, D. K. (2009). The B-matrix must be rotated when
correcting for subject motion in DTT data. Magn. Reson. Med. 61, 1336-1349.
doi: 10.1002/mrm.21890

Liu, L. K., Lee, W. J., Chen, L. Y., Hwang, A. C,, Lin, M. H., Peng, L. N,, et al.
(2014). Sarcopenia, and its association with cardiometabolic and functional
characteristics in Taiwan: results from I-Lan Longitudinal Aging Study. Geriatr.
Gerontol. Int. 14, 36-45. doi: 10.1111/ggi.12208

Mazerolle, E. L., D’Arcy, R. C,, and Beyea, S. D. (2008). Detecting functional
magnetic resonance imaging activation in white matter: interhemispheric
transfer across the corpus callosum. BMC Neurosci. 9:84. doi: 10.1186/1471-
2202-9-84

McGinnis, S. M., Brickhouse, M., Pascual, B., and Dickerson, B. C. (2011). Age-
related changes in the thickness of cortical zones in humans. Brain Topogr. 24,
279-291. doi: 10.1007/s10548-011-0198-6

Milner, A. D., and Goodale, M. A. (2006). The Visual Brain in Action. Oxford:
Oxford University Press.

Mishkin, M., Ungerleider, L. G., and Macko, K. A. (1983). Object vision and spatial
vision: two cortical pathways. Trends Neurosci. 6, 414-417. doi: 10.1016/0166-
2236(83)90190-x

Moseley, M. (2002). Diffusion tensor imaging and aging-a review. NMR Biomed.
15, 553-560. doi: 10.1002/nbm.785

Park, H. J., Kim, J. J., Lee, S. K., Seok, J. H., Chun, J., Kim, D. I, et al.
(2008). Corpus callosal connection mapping using cortical gray matter
parcellation and DT-MRI. Hum. Brain Mapp. 29, 503-516. doi: 10.1002/hbm.
20314

Patenaude, B., Smith, S. M., Kennedy, D. N., and Jenkinson, M. (2011). A Bayesian
model of shape and appearance for subcortical brain segmentation. Neuroimage
56, 907-922. doi: 10.1016/j.neuroimage.2011.02.046

Putnam, M. C., Wig, G. S., Grafton, S. T., Kelley, W. M., and Gazzaniga, M. S.
(2008). Structural organization of the corpus callosum predicts the extent and
impact of cortical activity in the nondominant hemisphere. J. Neurosci. 28,
2912-2918. doi: 10.1523/JNEUROSCI.2295-07.2008

Raffelt, D. A., Tournier, J. D., Smith, R. E., Vaughan, D. N., Jackson, G.,
Ridgway, G. R,, et al. (2017). Investigating white matter fibre density and
morphology using fixel-based analysis. Neuroimage 144(Pt A), 58-73. doi: 10.
1016/j.neuroimage.2016.09.029

Raz, N. (1999). Aging of the Brain and Its Impact on Cognitive Performance:
Integration of Structural and Functional Findings. Available online at:
https://www.researchgate.net/publication/239061239_Aging_of_the_brain_
and_its_impact_on_cognitive_performance_Integration_of_structural_and_
functional_findings

Rogalski, E., Stebbins, G. T., Barnes, C. A., Murphy, C. M., Stoub, T. R., George, S.,
etal. (2012). Age-related changes in parahippocampal white matter integrity: a
diffusion tensor imaging study. Neuropsychologia 50, 1759-1765. doi: 10.1016/
j-neuropsychologia.2012.03.033

Roland, J. L., Snyder, A. Z., Hacker, C. D., Mitra, A., Shimony, J. S., Limbrick, D. D.,
et al. (2017). On the role of the corpus callosum in interhemispheric functional
connectivity in humans. Proc. Natl. Acad. Sci. U.S.A. 114, 13278-13283. doi:
10.1073/pnas.1707050114

Frontiers in Aging Neuroscience | www.frontiersin.org

October 2021 | Volume 13 | Article 753236


https://doi.org/10.1016/j.neuroimage.2009.01.068
https://doi.org/10.1016/j.neuroimage.2009.01.068
https://doi.org/10.2307/1932409
https://doi.org/10.1073/pnas.0500003102
https://doi.org/10.1073/pnas.0608961104
https://doi.org/10.1001/archneur.1991.00530160078018
https://doi.org/10.1001/archneur.1991.00530160078018
https://doi.org/10.1212/01.wnl.0000049456.33231.96
https://doi.org/10.1016/j.brainres.2010.11.039
https://doi.org/10.1016/j.neuroimage.2012.01.021
https://doi.org/10.1016/j.neuroimage.2012.01.021
https://doi.org/10.1016/s0896-6273(02)00569-x
https://doi.org/10.1016/s0896-6273(02)00569-x
https://doi.org/10.1093/cercor/bhn232
https://doi.org/10.1016/j.neuroimage.2009.06.060
https://doi.org/10.1016/j.neuroimage.2009.06.060
https://doi.org/10.1002/hbm.20115
https://doi.org/10.1016/0197-4580(91)90013-a
https://doi.org/10.1016/0197-4580(91)90013-a
https://doi.org/10.1016/j.neuroimage.2006.05.044
https://doi.org/10.1016/j.neuroimage.2006.05.044
https://doi.org/10.1089/brain.2020.0961
https://doi.org/10.1089/brain.2020.0961
https://doi.org/10.1016/j.neuroimage.2007.07.053
https://doi.org/10.1016/j.neuroimage.2007.07.053
https://doi.org/10.1016/j.neuroimage.2005.01.019
https://doi.org/10.1007/978-1-4613-2149-1_9
https://doi.org/10.1007/978-1-4613-2149-1_9
https://doi.org/10.1016/0028-3932(95)00033-Y
https://doi.org/10.1006/nimg.2002.1132
https://doi.org/10.1006/nimg.2002.1132
https://doi.org/10.1016/s1361-8415(01)00036-6
https://doi.org/10.1016/s1361-8415(01)00036-6
https://doi.org/10.1097/WNR.0b013e328325a8f9
https://doi.org/10.1002/cne.902910404
https://doi.org/10.1016/j.neuroimage.2010.03.072
https://doi.org/10.1002/mrm.21890
https://doi.org/10.1111/ggi.12208
https://doi.org/10.1186/1471-2202-9-84
https://doi.org/10.1186/1471-2202-9-84
https://doi.org/10.1007/s10548-011-0198-6
https://doi.org/10.1016/0166-2236(83)90190-x
https://doi.org/10.1016/0166-2236(83)90190-x
https://doi.org/10.1002/nbm.785
https://doi.org/10.1002/hbm.20314
https://doi.org/10.1002/hbm.20314
https://doi.org/10.1016/j.neuroimage.2011.02.046
https://doi.org/10.1523/JNEUROSCI.2295-07.2008
https://doi.org/10.1016/j.neuroimage.2016.09.029
https://doi.org/10.1016/j.neuroimage.2016.09.029
https://www.researchgate.net/publication/239061239_Aging_of_the_brain_and_its_impact_on_cognitive_performance_Integration_of_structural_and_functional_findings
https://www.researchgate.net/publication/239061239_Aging_of_the_brain_and_its_impact_on_cognitive_performance_Integration_of_structural_and_functional_findings
https://www.researchgate.net/publication/239061239_Aging_of_the_brain_and_its_impact_on_cognitive_performance_Integration_of_structural_and_functional_findings
https://doi.org/10.1016/j.neuropsychologia.2012.03.033
https://doi.org/10.1016/j.neuropsychologia.2012.03.033
https://doi.org/10.1073/pnas.1707050114
https://doi.org/10.1073/pnas.1707050114
https://www.frontiersin.org/journals/aging-neuroscience
https://www.frontiersin.org/
https://www.frontiersin.org/journals/aging-neuroscience#articles

Liu et al.

Corpus Callosum Changes During Aging

Sacchet, M. D., Ho, T. C,, Connolly, C. G., Tymofiyeva, O., Lewinn, K. Z,
Han, L. K. M,, et al. (2016). Large-scale hypoconnectivity between resting-
state functional networks in unmedicated adolescent major depressive disorder.
Neuropsychopharmacology 41, 2951-2960. doi: 10.1038/npp.2016.76

Salat, D. H., Buckner, R. L., Snyder, A. Z., Greve, D. N., Desikan, R. S. R., Busa, E.,
etal. (2004). Thinning of the cerebral cortex in aging. Cereb. Cortex 14,721-730.
doi: 10.1093/cercor/bhh032

Salat, D. H., Tuch, D. S., Greve, D. N., van der Kouwe, A. J., Hevelone, N. D., Zaleta,
A. K, et al. (2005). Age-related alterations in white matter microstructure
measured by diffusion tensor imaging. Neurobiol. Aging 26, 1215-1227. doi:
10.1016/j.neurobiolaging.2004.09.017

Scheltens, P., Barkhof, F., Leys, D., Wolters, E. C., Ravid, R., and Kamphorst,
W. (1995). Histopathologic correlates of white matter changes on MRI in
Alzheimer’s disease and normal aging. Neurology 45, 883-888. doi: 10.1212/wnl.
45.5.883

Smith, R. E., Tournier, J. D., Calamante, F., and Connelly, A. (2012). Anatomically-
constrained tractography: improved diffusion MRI streamlines tractography
through effective use of anatomical information. Neuroimage 62, 1924-1938.
doi: 10.1016/j.neuroimage.2012.06.005

Smith, S. M. (2002). Fast robust automated brain extraction. Hum. Brain Mapp. 17,
143-155. doi: 10.1002/hbm.10062

Smith, S. M., Jenkinson, M., Woolrich, M. W., Beckmann, C. F., Behrens, T. E. J.,
Johansen-Berg, H., et al. (2004). Advances in functional and structural MR
image analysis and implementation as FSL. Neuroimage 23, S208-S219.

Sullivan, E. V., and Pfefferbaum, A. (2006). Diffusion tensor imaging and aging.
Neurosci. Biobehav. Rev. 30, 749-761. doi: 10.1016/j.neubiorev.2006.06.002

Sullivan, E. V., Rohlfing, T., and Pfefferbaum, A. (2010). Quantitative fiber
tracking of lateral and interhemispheric white matter systems in normal aging:
relations to timed performance. Neurobiol. Aging 31, 464-481. doi: 10.1016/j.
neurobiolaging.2008.04.007

Sun, Y., Lee, H. J,, Yang, S. C, Chen, T. F,, Lin, K. N,, Lin, C. C,, et al. (2014).
A nationwide survey of mild cognitive impairment and dementia, including
very mild dementia, in Taiwan. PLoS One 9:¢100303. doi: 10.1371/journal.pone.
0100303

Takao, H., Hayashi, N., Inano, S., and Ohtomo, K. (2011). Effect of head size on
diffusion tensor imaging. Neuroimage 57, 958-967. doi: 10.1016/j.neuroimage.
2011.05.019

Tournier, J. D., Calamante, F., and Connelly, A. (2010). “Improved probabilistic
streamlines tractography by 2nd order integration over fibre orientation
distributions,” in Proceedings of the International Society for Magnetic Resonance
in Medicine: ISMRM, Concord, CA.

Tournier, J. D., Smith, R., Raffelt, D., Tabbara, R., Dhollander, T., Pietsch, M.,
et al. (2019). MRtrix3: a fast, flexible and open software framework for medical
image processing and visualisation. Neuroimage 202:116137. doi: 10.1016/j.
neuroimage.2019.116137

van der Knaap, L. J., and van der Ham, I. J. M. (2011). How does the corpus
callosum mediate interhemispheric transfer? A review. Behav. Brain Res. 223,
211-221. doi: 10.1016/j.bbr.2011.04.018

Vnva, B, Res, C., Sbva, D, Yb, E., Adm, F,, Jtw, G, et al. (2020). Computer-
assisted planning for anterior two-thirds laser
corpus callosotomy: a feasibility study with probabilistic tractography

minimally invasive

validation. Neuroimage Clin. 25:102174. doi:  10.1016/j.nicl.2020.10
2174
Weis, S., Kimbacher, M., Wenger, E, and Neuhold, A. (1993).

Morphometric analysis of the corpus callosum using MR: correlation of
measurements with aging in healthy individuals. Am. J. Neuroradiol. 14,
637-645.

Witelson, S. F. (1989). Hand and sex differences in the isthmus and genu of the
human corpus callosum. A postmortem morphological study. Brain 112(Pt 3),
799-835. doi: 10.1093/brain/112.3.799

Yarkoni, T., Barch, D. M., Gray, J. R., Conturo, T. E., and Braver, T. S. (2009).
BOLD correlates of trial-by-trial reaction time variability in gray and white
matter: a multi-study fMRI analysis. PLoS One 4:e4257. doi: 10.1371/journal.
pone.0004257

Yeo, B. T. T., Krienen, F. M., Sepulcre, J., Sabuncu, M. R, Lashkari, D., Hollinshead,
M., et al. (2011). The organization of the human cerebral cortex estimated by
intrinsic functional connectivity. J. Neurophysiol. 106, 1125-1165. doi: 10.1152/
jn.00338.2011

Zhang, Y. Y., Brady, M., and Smith, S. (2001). Segmentation of brain MR
images through a hidden Markov random field model and the expectation-
maximization algorithm. IEEE Trans. Med. Imaging 20, 45-57. doi: 10.1109/
42.906424

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Copyright © 2021 Liu, Hsu, Huang, Zhang, Zhao, Tsai, Chen, Lin and Lo. This is an
open-access article distributed under the terms of the Creative Commons Attribution
License (CC BY). The use, distribution or reproduction in other forums is permitted,
provided the original author(s) and the copyright owner(s) are credited and that the
original publication in this journal is cited, in accordance with accepted academic
practice. No use, distribution or reproduction is permitted which does not comply
with these terms.

Frontiers in Aging Neuroscience | www.frontiersin.org

13

October 2021 | Volume 13 | Article 753236


https://doi.org/10.1038/npp.2016.76
https://doi.org/10.1093/cercor/bhh032
https://doi.org/10.1016/j.neurobiolaging.2004.09.017
https://doi.org/10.1016/j.neurobiolaging.2004.09.017
https://doi.org/10.1212/wnl.45.5.883
https://doi.org/10.1212/wnl.45.5.883
https://doi.org/10.1016/j.neuroimage.2012.06.005
https://doi.org/10.1002/hbm.10062
https://doi.org/10.1016/j.neubiorev.2006.06.002
https://doi.org/10.1016/j.neurobiolaging.2008.04.007
https://doi.org/10.1016/j.neurobiolaging.2008.04.007
https://doi.org/10.1371/journal.pone.0100303
https://doi.org/10.1371/journal.pone.0100303
https://doi.org/10.1016/j.neuroimage.2011.05.019
https://doi.org/10.1016/j.neuroimage.2011.05.019
https://doi.org/10.1016/j.neuroimage.2019.116137
https://doi.org/10.1016/j.neuroimage.2019.116137
https://doi.org/10.1016/j.bbr.2011.04.018
https://doi.org/10.1016/j.nicl.2020.102174
https://doi.org/10.1016/j.nicl.2020.102174
https://doi.org/10.1093/brain/112.3.799
https://doi.org/10.1371/journal.pone.0004257
https://doi.org/10.1371/journal.pone.0004257
https://doi.org/10.1152/jn.00338.2011
https://doi.org/10.1152/jn.00338.2011
https://doi.org/10.1109/42.906424
https://doi.org/10.1109/42.906424
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/aging-neuroscience
https://www.frontiersin.org/
https://www.frontiersin.org/journals/aging-neuroscience#articles

	Connectivity-Based Topographical Changes of the Corpus Callosum During Aging
	Introduction
	Materials and Methods
	Participants
	Image Acquisition and Preprocessing
	Whole Brain Tractography
	Construction of Individual Corpus Callosum Connection Maps
	Construction of Population-Based Probabilistic Corpus Callosum Connection Maps
	Reproducibility of Probabilistic Corpus Callosum Connection Maps
	Subregional Connection Probability of Age Groups
	Curve Fitting of Age-Related Diffusion Indices Changes of Corpus Callosum Subregions
	Statistical Analysis

	Results
	Demographics
	Population-Based Probabilistic Corpus Callosum Connection Maps
	Differences in Diffusion Indices Between Corpus Callosum Subregions
	Subregional Connection Probability Differences Between Age Groups
	Curve Fitting of Age-Related Diffusion Indices Changes of Corpus Callosum Subregions

	Discussion
	Conclusion
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Funding
	Acknowledgments
	Supplementary Material
	References


