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Abstract

Background The cingulum bundle is a brain white matter fasciculus associated with the cingulate gyrus. It connects
areas from the temporal to the frontal lobe. It is composed of fibers with different terminations, lengths, and structural
properties, related to specific brain functions. We aimed to automatically reconstruct this fasciculus in patients with
Alzheimer disease (AD) and mild cognitive impairment (MCl) and to assess whether trajectories have different
microstructural properties in relation to dementia progression.

Methods Multi-shell high angular resolution diffusion imaging—HARDI image datasets from the "Alzheimer's Disease
Neuroimaging Initiative"—ADNI repository of 10 AD, 18 MCl, and 21 cognitive normal (CN) subjects were used to
reconstruct three subdivisions of the cingulum bundle, using a probabilistic approach, combined with measurements
of diffusion tensor and neurite orientation dispersion and density imaging metrics in each subdivision.

Results The subdivisions exhibit different pathways, terminations, and structural characteristics. We found differences
in almost all the diffusivity metrics among the subdivisions (p < 0.001 for all the metrics) and between AD versus CN
and MCI versus CN subjects for mean diffusivity (p = 0.007-0.038), radial diffusivity (p = 0.008-0.049) and neurite
dispersion index (p = 0.005-0.049).

Conclusion Results from tractography analysis of the subdivisions of the cingulum bundle showed an association in
the role of groups of fibers with their functions and the variance of their properties in relation to dementia
progression.

Relevance statement The cingulum bundle is a complex tract with several pathways and terminations related to
many cognitive functions. A probabilistic automatic approach is proposed to reconstruct its subdivisions, showing
different microstructural properties and variations. A larger sample of patients is needed to confirm results and
elucidate the role of diffusion parameters in characterizing alterations in brain function and progression to dementia.
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* The microstructure of the cingulum bundle is related to brain cognitive functions.
* A probabilistic automatic approach is proposed to reconstruct the subdivisions of the cingulum bundle by diffusion-

weighted images.

* The subdivisions showed different microstructural properties and variations in relation to the progression of dementia.

Keywords Alzheimer disease, Brain, Cognitive dysfunction, Diffusion magnetic resonance imaging, White matter

Graphical Abstract

The reconstruction of the cingulum bundle
is related to major brain functions.

3D rendering of the streamlines of the three subdivisions of the cingulum bundle:
subgenual (left), the retrosplenial (middle), and parahippocampal (right).

Its subdivisions exhibit different pathways,
terminations, and structural
characteristics.

There are differences in diffusivity metrics
among the subdivisions and also between
Alzheimer’s disease patients and control
subjects for some metrics.

The cingulum bundle is a complex tract with several
pathways and terminations related to many functions.
We propose a probabilistic automatic approach to
reconstruct its subdivisions, showing different
microstructural properties and variations with the

progression of dementia

Background
Diffusion-weighted magnetic resonance imaging (MRI)
tractography is a noninvasive method used to identify
anatomical connections in the brain by characterizing the
water motion within the tissue. This technique is very
sensitive to the presence and the orientation of fibers in
the brain. If the orientation is estimated, the connections
within the entire brain or between specific regions, a
priori supposed to be connected, can be reconstructed.
Several methods for the reconstruction of tracts have been
developed, classified as deterministic or probabilistic [1].
Deterministic tractography algorithms assume a unique
fiber orientation in each voxel and provide a single
pathway emanating from each seed point; however, this
approach is limited by the errors and uncertainty related
to the image estimate, which may incorrectly identify the
principal direction [2]. To overcome this limitation,
probabilistic tractography was introduced, where a large

distribution of possible trajectories is generated from each
seed [2]. Although computationally more costly, it takes
into account the fact that within the unit of spatial reso-
lution (the voxel), more than one axon is present, not
necessarily running parallel. Moreover, probabilistic
tractography considers the possible inaccuracy of the
model used for representing the diffusion signal and the
error that affects the experimental measures [3].

Whole brain tractography can be used to reconstruct
fiber bundles through seeding from all white matter
placed throughout the brain [4]. Nevertheless, if a specific
connection (a single tract) has to be reconstructed
because of an a priori hypothesis, the reconstruction
procedure can be performed with higher accuracy by
starting from a seed point that defines a specific region of
interest (ROI). Typically, these ROIs are defined either by
the user or can be defined by an atlas to reduce operator
dependence [5].
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Here, we consider the probabilistic tractography of the
cingulum bundle (CB), a highly complex tract whose
structure and functions are not yet fully identified. Initial
studies were conducted on rats and nonhuman primates
using axonal tracers [6, 7]. Located in the medial zone of
the brain, CB forms an arc connecting the para-
hippocampal cortex to the frontal lobe, passing through
the cingulate cortex [8—10]. It is composed of short fibers
within the cingulate cortex, medium-length fibers efferent
and afferent to the cingulate cortex, and long fibers
spanning the entire arc, each group connecting different
areas. Although they all belong to the CB, each is asso-
ciated with a diversity of functions [11], including emo-
tional, reward, and motivational processes, pain processes,
motor functions, conflict processes, and memory [11-13].
Tractography in humans rarely describes the complexity
of CB. In the literature, it is often depicted as a single
entity, uninterrupted from the temporal to the frontal
lobe [14]. Correlational studies between the bundle and its
associated functions are conducted by dividing the tract
into different segments [15]. This approach does not allow
the isolation of individual groups of fibers with common
terminations, which can explain which parts of the CB are
privileged for specific functions.

Recently, some attempts have been made to reconstruct
different subdivisions [16], in one case having the refer-
ence standard of human brain dissections and using fiber
tracking based on a high directional sampling of diffusion
imaging space to achieve increased resolution of under-
lying white matter geometry [17]. Each subdivision is
composed of fibers sharing common terminations.
Moreover, the various subdivisions have different paths,
but their surfaces overlap in some regions of the CB.
Tractography studies have observed significant differ-
ences in microstructural properties among the various
fiber populations of the different subdivisions. These
differences could be attributed to the distinct functions
that these subdivisions need to optimize [18, 19].

To capture these differences, a probabilistic tracto-
graphy approach is better than a deterministic one since
the latter has many limitations such as the inability to
resolve Kkissing/crossing fibers. For a highly resolved
reconstruction of tracts, a “high angular resolution diffu-
sion imaging” (HARDI) acquisition protocol [20] allows
the use of innovative high-order crossing fiber models,
such as constrained spherical deconvolution [21] and
multi-shell multi-tissue constrained spherical deconvolu-
tion [22]. Recent literature has proposed a probabilistic
constrained-spherical deconvolution tractography to
provide a white matter atlas of tracts, including the CB
reconstruction into two subdivisions [23]. Multi-shell
HARDI acquisition protocols allow the calculation of
additional quantitative metrics to the standard diffusion
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tensor imaging (DTI) model, quantifying the deviation
from the Gaussian behavior assumed in the DTI model.
The “neurite orientation dispersion and density imaging”
(NODDI) model proposed by Zhang et al [24] is a clini-
cally feasible technique to estimate in vivo neurite orien-
tation dispersion and density imaging evaluation. The
technique combines a three-compartment tissue model
with at least two-shell HARDI protocol, which calculates
neurite density and orientation dispersion that can resolve
two factors contributing to fractional anisotropy (FA).

The role of the CB can be of particular interest in neu-
rodegenerative diseases whose symptoms are related to a
deficit of memory, visuospatial abilities and attention, and
executive functions. Among them, mild forms of dementia,
like mild cognitive impairment (MCI) that can progress
into Alzheimer disease (AD), present behavioral dis-
turbances, which are considered due to dysconnectivity of
specific white matter tracts [25, 26]. There is a concerted
effort to find biomarkers that can predict the progression
from MCI toward AD as they could be targets for possible
therapies. The CB is potentially involved in the process of
white matter disconnections associated with behavioral
impairment in dementia. Few studies have specifically
explored dysconnectivity [27—29] with DTT data from local
hospitals or free databases, with the number of diffusion
gradients directions from 12 to 41 using an ROI- or voxel-
based approach and without attempting a specific CB
reconstruction. Microscopic white matter changes with
aging, and AD can be probed using advanced diffusion MRI
methods [30, 31], in particular DTI or NODDI metrics.

The "Alzheimer's Disease Neuroimaging Initiative"
(ADNI) repository (http://adni.loni.usc.edu/) has a small
group of data in the ADNI3 repository, acquired with a
multi-shell HARDI protocol in MCI, AD, and cognitively
normal (CN) subjects. This is the only dataset known in
literature with these technically and clinically advanced
characteristics.

Our primary aim was to define an automated protocol
that identifies three subdivisions of the CB and to verify
the presence of fiber populations with different micro-
structural properties using a probabilistic tractography
MRI technique. In the current literature, no study has
analyzed the CB by determining its anatomical subdivi-
sions using a multi-shell HARDI protocol, allowing the
modeling of three tissue compartments (gray matter,
white matter, and cerebrospinal fluid) with different dif-
fusion characteristics to better reconstruct tracts using
only the white matter compartment data. A second aim
was to assess whether the CB in its subdivisions, once
automatically reconstructed, has different microstructural
properties in CN subjects, MCI, and AD patients. Overall,
this work aimed to give a robust instrument to evaluate
brain connectivity involving the CB, which can be used for
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the evaluation of microstructural changes in the pro-
gression of dementia.

Methods

Subjects and MRI protocol

The inclusion criterion was a multi-shell HARDI acqui-
sition protocol for DTI with at least 60 gradient directions
for the maximum b-value. We included 49 participants: 5
middle-aged CN subjects, aged 54.6 + 2.6 years (mean +
standard deviation), 2 males and 3 females; 16 older CN
subjects, aged 74.4y + 8.4 years, 6 males and 10 females,
18 MCI patients, aged 75.8 + 5.4 years, 7 males and 11
females; and 10 AD, aged 76.1 £ 7.9 years, 4 males and 6
females from the ADNI database. Subjects completed the
Mini-Mental State Exam (MMSE) and Montreal cognitive
assessment (MoCA) [32, 33]. The characteristics of CN,
MCI, and AD subjects are shown in detail in Table 1.
Sagittal 3D T1-weighted anatomical images were
acquired. Details on technical parameters are provided in
Supplementary materials, Methods).

DTI processing and image registration
DTI data were preprocessed using a self-developed auto-
mated workflow based on software packages freely available
as part of the Oxford Functional Magnetic Resonance
Imaging Software Library (FSL) [34] version 6, MRtrix3
version 3.0.2 [35, 36] and using a recent tool Synb0-DISCO
[37, 38] (see Supplementary materials, Methods).
Microstructural properties of the brain tissue were
characterized by estimating voxel FA, mean diffusivity
(MD), and radial diffusivity (RD) using FSL. The imple-
mentation of the Bingham-NODDI model was performed
by using the Diffusion Microstructure Imaging in Python
(Dmipy) package [39] to calculate the NODDI metrics:
tissue volume fraction, S-fraction, neurite dispersion
index (NDI), and orientation dispersion index (ODI) (see
Supplementary materials, Methods).
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The image alignments to the diffusion space and to the
T1 space have been performed by FSL registration tools
both for linear and nonlinear registration (see Supple-
mentary materials, Methods).

CB tract reconstruction: methods

Tractography was performed by tckgen which generates
streamlines using a first-order integration over fiber
orientation distributions (iFOD2) approach [40].

Firstly, the CB reconstruction was performed in the
middle-aged CN group to identify the ROIs for the
automatic reconstruction, to understand the feasibility of
the method, and to explore the robustness of the
approach. Then, the methodology was applied to the three
groups of subjects. Streamline integration utilized the
iFOD2 algorithm starting from two-dimensional ROlIs.
“Include” and “exclude” ROIs were used. For each hemi-
sphere, we reconstructed three different subdivisions of
the CB as Jones et al described in their work [16]. We
named the three tracts as follows: subgenual cingulum
(SGC); retrosplenial cingulum (RSC); and para-
hippocampal cingulum (PHC).

Details about the reconstruction of the subdivisions in
the middle-aged CN group are reported in Supplementary
material, Methods—Supplemental Fig. S1, Table S1,
Fig S2.

Cingulum bundle tract reconstruction: application to
subjects’ groups

Once the ROIs and the masks were defined in the
MNI space (see Supplemetal material, Methods), the
methods for the CB reconstructions were applied to
the subdivisions, across subjects. For new subjects,
the ROIs and the masks were registered from the
MNI space in their own diffusion space, and streamlines
were constructed for each of the three subdivisions of
the CB.

Table 1 Subjects and cognitive scores characteristics

Number (females) Age, years (mean * standard deviation) MMSE? MoCAP
Cognitively normal (CN) 16 (10) 744+84 284+14 252420
Mild cognitive impairment (MCI) 18 (11) 758+54 272+19 21.1+42
Alzheimer disease (AD) 10 (6) 761+79 237+48 160+ 3.8
¥ (p-value) 0.992
ANOVA (p-value) 0.801 0.001 <0.001
Tukey HSD (post hoc test)
AD < CN (adjusted p-value) <0.001 <0.001
AD < MCI (adjusted p-value) 0.015 0.009
MCI < CN (adjusted p-value) 0453 0.006

MMSE Mini-Mental State Exam, MoCA Montreal cognitive assessment
@ MMSE was available for 9 out of 10 AD, for 16 out of 19 MCl
® MoCA was available for 7 out of 10 AD, for 15 out of 19 MCI
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The alignment of the ROIs in the diffusion space was
checked and in no case we had to re-define them. The
resulting streamlines were then trimmed according to the
boundaries defined by the mask, which was binarized and
multiplied for the corresponding reconstructed tract,
following a method already validated [5, 41].

Statistical analysis

An ANOVA was used to control groups’ age, with
p =0.050 as a cutoff for significance. The sex distribution
in the subjects’ groups was tested using a y* test. Tracts
were reconstructed for all 49 participants. The mean
values within each tract subdivision of DTI and NODDI
metrics were then compared and analyzed. Firstly, the
normality and homogeneity of variances of the distribu-
tions of FA, MD, RD, tissue volume fraction, S-fraction,
NDI, and ODI values for each group and each subdivision
were tested using the Shapiro-Wilks and Levene’s tests.
Then, the distributions of microstructural values were
compared among groups, tract subdivisions of the same
type but located in different hemispheres (side), as well as
the distributions of values for different tracts. This com-
patibility test was performed using the three-way factor
ANOVA test. In these cases, the post hoc test, Tukey’s
honestly significant difference (HSD) test, was employed.
Post hoc tests control the family-wise error rate by the
Benjamini—Hochberg step-up procedure [42]. A Pearson
correlation analysis was performed for the mean values
within each tract subdivision of all the diffusion metrics
and MoCA and MMSE scores. Python libraries were used
for statistical analysis (Python 3.11.9).

Results
The code of the pipeline, the MNI ROIs and masks have
been shared in a Github repository (https://github.com/
MattRicchi/Cingulum_Bundle_tractography.git).

The three groups—CN, MCI, and AD—did not differ
significantly in age (ANOVA, p =0.801) or gender (%,
p=0.992) but did differ in MMSE (ANOVA: p =0.001)
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and in MoCA (ANOVA, p < 0.001). The post hoc analysis
showed that there is a significant difference between AD
and CN and between AD and MCI for the MMSE score as
well as between all the pairs of subjects’ groups for the
MoCa score. Demographic results are shown in Table 1.

The use of Synb0-DISCO was successfully applied to all
the diffusion-weighted images and results were evaluated
as optimal after performing the image difference between
pre- and post-correction, and visually assessing that the
regions affected by distortions were those corrected by the
algorithm (Supplemental Fig. S3).

Tracts were reconstructed for all the subjects except for
one hemispherical SGC subdivision in one patient of the
AD group. This failure was thought to be due to highly
enlarged ventricles and specifically with a substantial
asymmetry in the compartments. An example of the
reconstruction of the three subdivisions for one middle-
aged CN case is shown in Fig. 1.

Tractography

The SGC subdivision starts anteriorly from the lateral
orbitofrontal cortex, medial orbitofrontal cortex, and
rostral cingulate cortex. It extends superiorly to the cor-
pus callosum, slightly shifting towards the sagittal plane.
The terminations of the bundle are around the posterior
cingulate cortex and near the ventral precuneus area. The
RSC also originates from the rostral cingulate cortex, but
in a more superior position, at the level of the most
anterior point of the corpus callosum. The bundle then
extends above the corpus callosum and terminates in the
isthmus of the cingulate gyrus. The PHC subdivision
connects the hippocampal and parahippocampal areas up
to the region of the cortex between the precuneus and the
isthmus of the cingulate gyrus (Fig. 2).

Microstructural values

Figures 3 and 4 show the boxplots of the distributions of
FA, MD, and RD values and for the NODDI metrics
respectively for the three subdivisions and the three

Fig. 1 Three-dimensional rendering of the streamlines of the three subdivisions of the cingulum bundle for one middle-aged cognitive normal case
(female, 53-y.0): a the subgenual subdivision without the application of the mask; b the retrosplenial subdivision without the application of the mask;
¢ the parahippocampal subdivision without the application of the mask (streamlines that may be false-positive findings are visible as isolated fibers)
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Fig. 2 Orthogonal view of the three subdivisions of the CB reconstructed for one middle-aged cognitive normal case (female, 53-y.0.) aligned to the
Montreal Neurological Institute atlas. The signal (fiber orientation distribution function) is normalized between 0 and 100. a The SGC subdivision shows this
portion of the CB going from the orbitofrontal cortex to the rostral cingulate cortex, extending above the corpus callosum. The terminations of the
bundle are around the posterior cingulate cortex and near the ventral precuneus area. b The RSC originates from the rostral cingulate cortex, the level of
the most anterior point of the corpus callosum extending above the corpus callosum and terminating in the isthmus of the cingulate gyrus. ¢, d The PHC
subdivision connects the hippocampal and parahippocampal areas (d) up to the region of the cortex between the precuneus and the isthmus of the
cingulate gyrus (c). CB, Cingulum bundle; PHC, Parahippocampal cingulum; RSC, Retrosplenial cingulum; SGC, Subgenual cingulum

groups of subjects. The normality and homogeneity of A three-way ANOVA test was performed for FA, MD,
variances tests suggested that the data for each group of and RD (Table 2). A significant effect was found on all the
patients did not significantly deviate from a normal dis- DTI metrics for the subdivisions and groups: FA sub-
tribution (p=0.116 for AD, p=0.699 for MCI, and division effect, F=90.58, p<0.001; FA group effect,
p =0.246 for CN). F=11.83; p<0.001; MD subdivision effect, F=61.34,
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p<0.001; MD group effect, F=31.25 p<0.001; RD
subdivision effect, F=93.09, p<0.001; and RD group
effect, F=25.96, p < 0.001.

In addition, the same test was performed for tissue
volume fraction, 5-fraction, NDI, and ODI (Table S2). A
significant effect for subdivision was found on all the
NODDI metrics. In addition, a significant group effect was
found for tissue volume fraction and NDI: tissue volume
fraction subdivision effect, F=187.01, p <0.001; tissue
volume fraction group effect, F=3.72, p = 0.026; f3-frac-
tion subdivision effect, F=75.80, p <0.001; NDI sub-
division effect, F=39.74, p<0.001; NDI group effect,
F=25.86, p<0.001; and ODI subdivision effect,
F=74.15, p <0.001. A side effect (and a causal interaction
effect between side and subdivisions) was found for -
fraction (F=8.46, p<0.004). Being the only diffusion
metric sensitive to the side effect, it was not taken into
account in this study, deserving further investigation. For
this reason, microstructural parameters were then aver-
aged between left and right.

Post hoc analyses were performed independently for the
group effect and for the subdivision effect given the
results of ANOVA. The Tukey’s HSD test was performed
applying the Benjamini-Hochberg correction. Table 3

and Supplemental Table S3 show the results for group
post hoc comparison for the DTI and NODDI metrics,
respectively. Table 3 and Supplemental Table S3 show
that the lowest effect size relative to the AD versus MCl is
FA in the RSC subdivision (effect size = 0.11).

The post hoc analysis showed that FA and tissue volume
fraction were not significantly different for the group
effect. MD, RD, and NDI showed a significant effect for
the comparison AD versus CN in almost all the subdivi-
sions and for the comparison MCI versus CN in the RSC
subdivision.

The same post-hoc analysis was performed considering
the subdivisions for the DTI and NODDI metrics
respectively (Table 4 and Supplemental Table S4). Almost
all the diffusion metrics were significant for the subdivi-
sion effect. Only for the comparisons of RSC versus SGC
(in each group), diffusion metrics result in less sensitive.

Correlation analysis between diffusion metrics and
MoCA scores for each tract subdivision showed no sta-
tistically significant results after the correction for mul-
tiple comparisons. Nevertheless, the MD and NDI values
for the PHC subdivision correlated with MoCA score with
an uncorrected p =0.030 and p = 0.049, respectively; for
the same subdivision RD had p=0.041. The RSC
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Table 2 Three-way ANOVA results for the three metrics: fractional anisotropy, mean diffusivity, and radial diffusivity

Fractional anisotropy Mean diffusivity

Radial diffusivity

Effect F p-value  Effect F p-value  Effect F p-value
Subdivision (SGC, RSC, PHC) 9058 < 0.001  Subdivision (SGC, RSC, PHC) 6134  <0.001  Subdivision (SGC, RSC, PHC)  93.09 < 0.001
Side (left, right) 0.30 0579 Side (left, right) 0.96 0329  Side (left, right) 0.03 0.864
Group (AD, MCI, CN) 1183  <0.001  Group (AD, MCl, CN) 3125 <0.001  Group (AD, MCl, CN) 2596 <0.001
Subdivision : Group 0.17 0953  Subdivision : Group 042 0.792  Subdivision : Group 0.26 0.901
Subdivision : Side 1.20 0.301 Subdivision : Side 1.70 0.184  Subdivision : Side 149 0.226
Side : Group 0.66 0.513  Side : Group 0.24 0.789  Side : Group 0.38 0.685
Subdivision : Tract : Side 0.05 0995  Subdivision : Tract : Side 0.01 0999  Subdivision : Tract : Side 0.02 0.999

AD Alzheimer disease, CN Cognitively normal, MCI Mild cognitive impairment, PHC Parahippocampal cingulum, RSC Retrosplenial cingulum, SGC Subgenual cingulum

In bold the significant adjusted p-values (< 0.05)

subdivision MD was significant with an uncorrected p-
value of 0.047.

Correlation analysis between diffusion metrics and
MMSE scores was explored even if the Tukey HSD post
hoc test did not reach significant results for the MCI
versus CN comparison. Results were not statistically sig-
nificant after the correction for multiple comparisons.
Nevertheless, the MD and NDI values for the PHC sub-
division correlated with the MMSE score with an uncor-
rected p =0.027 and p = 0.034, respectively.

Discussion

We have proposed an automatic protocol to explore the
connectivity of the CB, retracing the steps reported by
Jones et al [16] suitable to reconstruct the three subdivi-
sions: SGC, RSC, and PHC. Differently from these
authors, we used a probabilistic approach ensuring a more
robust, comprehensive, and reliable representation of the
fibers. Successive research both in humans and macaques
[17, 43] has compared CB reconstruction with brain dis-
section, which, even if not wholly safe from false findings,
is the reference standard for tractography. Hailbronner
and Haber [43] grouped the fibers of CB into four zones
based on their specific connections: subgenual, rostral
dorsal, caudal dorsal, and temporal.

The presence of fibers that do not originate or terminate
in the cingulate cortex, has reshaped the understanding of
the CB. It is not seen solely as fibers associated with the
cingulate gyrus, but it is a multilayered network of con-
nection with short, medium, and long-length fibers that
share different patterns of connection. Wu et al [17]
performed a deterministic tractography compared with
brain dissections. According to this work, the CB should
be divided into five components: CB-I to CB-V briefly are
analogous to our SGC, RSC, and PHC; CB-II and CB-III
corresponding to our RSC; CB-1V, a minor subcomponent
from the superior parietal lobule and precuneus to the
supplementary and premotor areas in the frontal region of

the brain has not an exact correspondence to our sub-
divisions. Our approach was not suitable for reproducing
these five subdivisions even though the three subdivisions
—SGC, RSC, and PHC—can be associated with compo-
sitions of the five subdivisions obtained through dissec-
tion reported by Wu et al [17]. Nevertheless, our approach
relies on a multishell HARDI protocol, which, combined
with a multi-tissue probabilistic approach, has been
demonstrated to be more robust in the reconstruction of
kissing and crossing fibers [2, 40, 44]. Moreover, we have
applied a multi-compartment model to calculate diffusion
microstructural properties measuring the NODDI
metrics.

Our workflow allowed us to reconstruct the CB sub-
divisions for all the subjects with the exception of one
subdivision out of 294 (3 subdivisions, both for the left
and right hemispheres and for 49 subjects) due to high
asymmetrical enlargement of ventricles. We selected a
homogeneous set of data for which the CB reconstruction
is clinically relevant and with acquisition parameters of
the DTI sequence corresponding to a multi-shell HARDI
protocol. The limit of this dataset due to the lack of
specific sequences for distortion correction has been
successfully overcome by using the Synb0-DISCO tool
[38] (Supplemental Fig. S3). This tool opens the oppor-
tunity to use many other public data repositories for
brain connectivity research, even if the quality of
diffusion-weighed images is not optimal for tractography
reconstruction.

The workflow can be easily reproduced using the set of
ROIs explicitly drawn and registered in the MNI space to
make the procedure automatic (Supplemental Fig. S1 and
Supplemental Table S1). A definition of a mask (Supple-
mental Fig. S2) to trim the streamlines for each subdivi-
sion has been demonstrated to work efficiently to reduce
the few false positives (Fig. 1).

The spatial disposition of the subdivisions is different
for each of them. The subgenual subdivision is the most
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Table 3 Post hoc analyses for group differences performed by the Tukey's HSD test applying the Benjamini-Hochberg correction for the adjusted p-values

Radial diffusivity

Mean diffusivity

Fractional anisotropy

Adjusted p-value  Effect size

Group Subdivision

Adjusted p-value  Effect size

Group Subdivision

Effect size

Adjusted p-value

Subdivision

Group

0.94
0.24
0.82
0.89
0.14
0.86
133
0.28
1.01

0.049
0.833

SGC
SGC

AD > CN

08
40

1.

0.019
0622

SGC
SGC

AD>CN

1

0.7

0.169
0926
0.185
0.347
0.963
0.138
0.077

SGC
SGC

AD <CN

AD > Ml

0.

AD > MCl

AD < Ml

0.070

SGC
RSC
RSC
RSC
P

MCl>CN

AD>CN

0.83

0.062

SGC
RSC

MCI>CN
AD>CN

0.65
0.5

SGC
RSC
RSC

RSC

MCl < CN
AD <CN

0.052

0.009
0.603

1

0.941

AD > MCl

041
0.89

1.

RSC
RSC

AD > MCl

0.1

AD <Ml

0.047

MCI > CN
AD > CN

0.038
0.007
0.691

MCI>CN
AD>CN

68
88

0.

MCI < CN
AD <CN

0.008
0.737

HC

35

PHC
PHC
PHC

0.

PHC
PHC
PHC

PHC

AD > MCl

1

03

AD > MCl

0.19
0.75

0.880
0.109

AD <Ml

0.018

PHC

MCl>CN

0.99

0.018

MCI > CN

MCI < CN

AD Alzheimer disease, CN Cognitively normal, MCI Mild cognitive impairment, PHC Parahippocampal cingulum, RSC Retrosplenial cingulum, SGC Subgenual cingulum

0.5; large: 0.8

In bold the significant adjusted p-values (< 0.05). Effect size computed as “Cohen’s d” (small = 0.2; medium

Page 9 of 13

medial and frontal one; it starts from the lateral-medial
orbital cortex and continues above the corpus callosum to
the caudal limit of the posterior cingulate cortex and near
the ventral precuneus area (Fig. 1a). It can be associated
with CB-I described by Wu et al [17]. Due to its position,
as suggested by Wu et al, this bundle could be linked to
emotional responses to painful stimuli [45], cognitive
functions, and verbal memory performance [46]. Its ter-
mination inside the precuneus may have a fundamental
role in the default mode network, according to Skanda-
lakis et al [47]. Finally, it may be related to the executive
function: Bubb et al [15] reviewed the literature reporting
correlations between FA and MD and working memory,
attention, and executive functions and found that sig-
nificant results exist only for the anterior and posterior
portion of the CB in healthy elderly subjects [48], so
precisely the terminations covered by this subdivision.

The RSC subdivision, which wraps around the corpus
callosum in a semicircle, is positioned more laterally than
the SGC subdivision and can be associated with CB-II and
CB-1II [15] (Fig. 1b). Due to its connections, this tract
could be associated with the response conflict [49] and the
motor function [11]. Referring to the study of Fox et al
[50], this tract may play a significant role in the perfor-
mance of demanding cognitive tasks or the integration
pathways [50, 51].

The PHC subdivision starts from the precuneus area
and the isthmus cingulate cortex, terminating in the
temporal lobe near the parahippocampal cortex. It is
slightly more lateral than the RSC subdivision (Fig. 1c).
This subdivision can be associated with CB-V described
by Wu et al [17]. The CB-V is believed to function as a
regulating route that facilitates various cognitive abilities,
encompassing the transmission of visuospatial, facial, and
memory cues from the medial temporal region to the
precuneus [47].

In this work, we have shown that the two hemispheres
had no statistically significant difference in tensor and
NODDI metrics with the exception of S-fraction for all
the subdivisions, while for each of the diffusion metrics,
there are differences between subdivisions and groups of
patients (Table 2 and Supplemental Table S2). The sig-
nificance of the S-fraction has been neglected in the
analysis, deserving a deeper analysis in a larger cohort of
healthy subjects.

The three subdivisions have shown highly significant
differences for almost all the pair comparisons of FA, RD,
tissue volume fraction, and ODI and in the two pair
comparisons involving the PHC subdivision of the MD
(Table 4 and Supplemental Table S4). FA and tissue
volume fraction showed the lowest value for the PHC
subdivision, possibly for the high curvature of the tract
and for the closeness to the fourth ventricles (Fig. 2c and
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Table 4 Post hoc analyses for subdivision differences performed by the Tukey’s HSD test applying the Benjamini-Hochberg correction

for the adjusted p-value

Fractional anisotropy Mean diffusivity

Radial diffusivity

Subdivision Group Adjusted p-value Subdivision Group Adjusted p-value Subdivision Group Adjusted p-value
RSC > PHC CN <0.001 RSC < PHC CN <0.001 RSC < PHC CN <0.001
SGC > PHC CN 0.035 SGC < PHC CN 0.019 SGC < PHC CN 0.008
RSC > SGC CN 0.003 RSC < SGC CN 0418 RSC < SGC CN 0.044
RSC > PHC AD <0.001 RSC < PHC AD 0.003 RSC < PHC AD <0.001
SGC > PHC AD 0.202 SGC < PHC AD 0.019 SGC < PHC AD 0.019
RSC > PHC AD 0.021 RSC < SGC AD 0.781 RSC < SGC AD 0.238
RSC > PHC Mcl <0.001 RSC < PHC Mcl <0.001 RSC < PHC Mcl <0.001
SGC > PHC MCl 0.009 SGC < PHC MClI <0.001 SGC < PHC Ml <0.001
RSC > SGC Mmcl <0.001 RSC < SGC Mcl 0510 RSC < SGC Mcl 0.047

AD Alzheimer disease, CN Cognitively normal, MCI Mild cognitive impairment, PHC Parahippocampal cingulum, RSC Retrosplenial cingulum, SGC Subgenual cingulum

In bold the significant adjusted p-values (< 0.05)

Fig. 4a, respectively). The RSC subdivision showed the
highest FA values, possibly due to the high orientation/
low spread of this portion of the CB, and a lower tissue
volume fraction with respect to the SGC subdivision,
possibly because the RSC is closer to the lateral ventricles.
These trends are inversely reflected in the MD and RD
trends. Thus, the effort made to reconstruct the CB
representing a multilayered network of short, medium,
and long-length fibers that share different patterns of
connection is useful to characterize the specific micro-
structural properties of each of them. These results
are consistent with findings described by Beckmann et al
[11], indicating that each subdivision of the same type
identifies populations of fibers with different structural
characteristics.

Concerning differences between groups (Table 3 and
Supplemental Table S3), we found that FA and tissue
volume fraction were not significantly sensitive to CB
neurodegeneration for all the subdivisions in this data set.
The adjusted p-value was close to the significance
threshold and corresponds to the comparison of AD
versus CN for the parahippocampal subdivision. The PHC
subdivision was the most impaired in terms of MD RD
and NDI for both the comparisons of AD and MCI with
CN. The comparisons between AD and CN of MD and
NDI values showed significant differences also for SGC
and RSC.

Overall, MD, RD, and NDI were the most affected
metrics reflecting possible early axonal degeneration.
Moreover, the PHC subdivision is the most sensitive to
degeneration due to the AD, also considering the trend of
correlation between the MoCA and MMSE score and
MD, RD, and NDI in this subdivision. This is in line with
the fact that the PHC subdivision has its term in the
parahippocampal and hippocampal gray matter regions

that are the most affected by degeneration in AD patients
[52].

Some limitations can be considered, essentially related
to the small number of MCI and AD patients. In fact,
although ADNI is the most extensive data repository for
neuroimages in dementia, the type of data we have chosen
is the best to apply a multi-shell multi-tissue analysis of
diffusion-weighted images, but they were few. This may
have conditioned the nonsignificant differences between
MCI and AD for both the DTI and NODDI metrics. As
shown in Table 3, if we consider at least a small effect size
of 0.2, a power analysis assesses that a minimum number
of 26 MCI versus 26 AD patients is needed to detect a
statistically significant difference of FA in this compar-
ison. This number would ensure a small effect size for
almost all the other metrics comparisons.

An extensive neuropsychological battery of tests to
assess a wide range of cognitive functions would be
necessary for patients affected with dementia to evaluate
which subdivision is primarily sensitive to one specific
cognitive impairment and if this evaluation predicts the
progression of dementia. Future work will be devoted to
applying the presented methodology to datasets with
multi-shell HARDI protocol which is already used in the
clinical presurgical setting [53, 54].

In conclusion, this study contributes to aligning the CB
representation with its anatomical and biological under-
standing. We have developed a probabilistic tractography
protocol using high-resolution diffusion-weighted images
for the automatic determination of the three subdivisions
of the CB. They exhibited different terminations and
pathways with distinct structural characteristics. The
overall result plays in favor of future correlational studies
in the realm of functions and analyzes specific markers for
certain pathologies: the subgenual tract for executive
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functions and the default mode network; the retrosplenial
tract for motor functions and conflict response processes
as well as demanding cognitive tasks or integration
pathways; the parahippocampal tract for the transmission
of visuospatial, facial, and memory cues.

Abbreviations

AD Alzheimer disease

ADNI Alzheimer Disease Neuroimaging Initiative

@3] Cingulum bundle

CN Cognitively normal

DTl Diffusion tensor imaging

FA Fractional anisotropy

FSL Oxford Functional Magnetic Resonance Imaging Software
Library

HARDI High angular resolution diffusion imaging

HSD Honestly significant difference

McCl Mild cognitive impairment

MD Mean diffusivity

MMSE Mini-Mental State Exam

MNI Montreal Neurological Institute

MoCA Montreal cognitive assessment

MRI Magnetic resonance imaging

NDI Neurite dispersion index

NODDI Neurite orientation dispersion and density index

oDl Orientation dispersion index

PHC Parahippocampal cingulum

RSC Retrosplenial cingulum

RD Radial diffusivity

ROI Region of interest

SGC Subgenual cingulum
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Additional file 1: Fig. S1. Three-dimensional rendering of the ROIs used
to reconstruct the three subdivisions of the cingulum bundle
superimposed in the Montreal Neurological Institute space represented as
a surface. ROI 1 (violet) and ROI 2 (teal) were used for the reconstruction of
the subgenual subdivision as seed and “include” mode, respectively; ROl 3
(red) and ROI 4 (green) were used for the reconstruction of the
retrosplenial subdivision as seed and “include” mode, respectively; ROl 5
(blue), ROI 6 (pink for the left hemisphere and yellow for the right
hemisphere), and ROI 4 were used to reconstruct the parahippocampal
subdivision as seed, “exclude”, and “include” mode, respectively. RO/
Region of interest. Fig. S2. Orthogonal view of the thresholded (at 1%)
overlap of the subdivisions of the cingulum bundle for the five middle-
aged cognitive normal case (average representation): subgenual in cyan-
blue color map (a); retrosplenial in red-yellow color map (b); and
parahippocampal in light-dark green color map (c). The intensity scales are
percentages associated to the minimum and maximum of the subjects
represented by the overlap of the tracts. Fig. S3. (@) Example of axial views
of diffusion-weighted images (b = 0 s/mm?) before distortion correction;
distortions are evident especially in the frontal part of the brain. (b) The
same axial view after Synb0-DISCO application and distortions correction,
showing the frontal part of the brain restored. (c) The difference between
a and b showing at a first glance, regions were the Synb0-DISCO have
mostly corrected the distortions. Table S1. Coordinates of the center of
gravity of the six ROIs and the midsagittal ROl used to reconstruct the
subgenual, retrosplenial, parahippocampal subdivision of the cingulum
bundle are reported in standard Montreal Neurological Institute space for
both hemispheres. Table S2. Three-way ANOVA results for four NODDI
metrics: tissue volume fraction, B-fraction, neurite dispersion index, and
orientation dispersion index. Table S3. Post hoc analyses for group
differences performed by the Tukey’s HSD test applying the
Benjamini-Hochberg correction for the adjusted p-values. Table S4. Post
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hoc analyses for subdivision differences performed by the Tukey's HSD test
applying the Benjamini—-Hochberg correction for the adjusted p-values.
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