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Abstract

Early detection of disease related changes is crucial for understanding the progression of Alzheimer’s
disease (AD). The nucleus reuniens (Re) of the thalamus is a key hub in the memory network, yet its
structural connectivity remains understudied in human ageing and AD. This study investigated the
integrity of the reuniens-hippocampal white matter tract in individuals with amnestic mild cognitive
impairment (aMCI) compared to healthy controls, using advanced diffusion MRI tractography and
DTI and NODDI modeling techniques. We successfully reconstructed the reuniens-hippocampal tract
in all participants and extracted microstructural metrics using both standard voxel-based sampling and
a biologically informed SIFT2-weighted approach. While standard analysis showed elevated
fractional anisotropy (FA) in aMCI, SIFT2-weighted metrics revealed increased free water fraction
(FWF) and orientation dispersion index (ODI), as well as reduced fibre density—a pattern consistent
with neuroinflammation and axonal disorganisation. Volume reductions in the Re and hippocampus,
along with ventricular enlargement, further supported ongoing neurodegenerative processes. These
findings highlight the use of biologically weighted tractography methodology for detecting subtle
structural changes and suggest that the reuniens-hippocampal tract may serve as a promising target for

early biomarkers of Alzheimer’s disease.
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1 Background

1.1 Introduction

Alzheimer’s disease (AD) is the most common age-related neurodegenerative disorder, primarily
affecting learning and memory (Alzheimer et al., 1995; Braak & Braak, 1991c). It is clinically
characterised by progressive cognitive decline and gray matter pathology. In addition, AD has been
associated with disruptions in structural and functional connectivity across brain networks (Bokde et
al., 2009; Lo et al., 2010). These alterations often precede the onset of clinical symptoms, making

early detection challenging.

AD can be studied across multiple levels of neural organisation: at the cellular level, where pathology
includes [-amyloid plaques and tau-related neurofibrillary tangles (Braak & Braak, 1991c; Hardy &
Selkoe, 2002). At the regional level, where areas such as the hippocampus and entorhinal cortex show
early atrophy (Jack et al., 1997; Braak & Braak, 1991b). And at the network level, in which the disease

disrupts connectivity within and between memory-related circuits (Lo et al., 2010).

Diffusion MRI is a non-invasive tool to investigate AD across these levels. It enables inferences about
both the microstructural integrity of white matter and the network-level structural connectivity

(discussed further in Section 1.4).

Given that such structural changes often emerge before noticeable cognitive symptoms, diffusion
MRI is well-suited for studying early stages of Alzheimer’s disease, such as amnestic mild cognitive
impairment (aMCI). Mild cognitive impairment (MCI) is a heterogeneous condition that lies on a
spectrum between normal cognitive ageing and AD. One subtype, aMClI, specifically affects memory
and is widely regarded as a prodromal stage of AD (Gauthier et al., 2006; R. C. Petersen et al., 1999).
Individuals with aMCI convert to AD at a much higher rate (5-15% annually) than cognitively healthy
older individuals (Mitchell & Shiri-Feshki, 2009). Because of this elevated risk, aMCI is often used as
a target population for studying early biomarkers and neurodegenerative mechanisms (R. Petersen,

2007).

1.2 Nucleus reuniens

At the regional level of neural organisation, the nucleus reuniens (Re) stands out as a thalamic
structure affected early in Alzheimer’s disease. Although the thalamus was traditionally viewed as
only mildly affected in Alzheimer's disease, Braak & Braak (1991a) identified the Re as one of the few

thalamic nuclei with notable neurofibrillary tangle accumulation in post-mortem AD brains.

Recently, a longitudinal study (‘Back to Braak’) by Censi et al. (2024) extended this observation in
vivo by comparing stable MCI (sMCI) and converting (cMCI) patients. They found the strongest



volumetric reductions in the Re among 26 thalamic sub-nuclei in the cMCI group, suggesting it may

be a sensitive early marker of AD progression.

The Re has been extensively studied in rats, particularly by Robert Vertes and colleagues (Hoover &
Vertes, 2012; Varela et al., 2014; Vertes et al., 2007). These studies have shown that the Re is
reciprocally connected to the medial prefrontal cortex (mPFC) and several hippocampal subregions,
including CA1, subiculum, presubiculum, parasubiculum, entorhinal cortex, and perirhinal cortex.
Both the mPFC and hippocampus are critical for spatial working memory, episodic memory, and
navigation — cognitive functions known to decline in the early stages of Alzheimer's disease (Vertes

et al., 2022).

In humans, however, the Re is a small structure that is difficult to distinguish from neighbouring
thalamic nuclei in vivo. Although it is not a newly discovered structure, its limited visibility has
hindered research. With the development of a probabilistic atlas it has become possible to

automatically identify the Re in human imaging data (Iglesias et al., 2018).

1.3 Nucleus reuniens within the Papez circuit

At the network level, the nucleus reuniens is a key node in the limbic system and forms part of the
Papez circuit—one of the brain’s core memory pathways involved in consolidating episodic
memories. This circuit comprises the hippocampus, mammillary bodies, anterior thalamic nuclei, and
cingulate cortex, forming a loop that supports hippocampal-cortical communication (Bubb et al.,

2017; Papez, 1937).

In Alzheimer’s disease (AD), disruptions within the Papez Circuit are associated with anterograde
amnesia, reflecting difficulties in forming new memories (Hescham et al., 2020). Hypometabolism of
several Papez Circuit regions has also been reported in AD (Villain et al., 2008). Since the Re also
shows early signs of damage in AD, like tangles and shrinkage, it may play an important role in how

the disease affects this memory network.

Beyond the Papez Circuit, white matter degeneration is now recognised as a hallmark of early AD,
potentially preceding or occurring independently of gray matter atrophy (Agosta et al., 2011; Amlien
& Fjell, 2014; Fletcher et al., 2013). Tract-based analyses have identified early signs of demyelination
and axonal damage in AD (Li et al., 2020), and connectome-level studies suggest that changes in

structural connectivity may serve as early biomarkers of disease progression (J. Wang et al., 2012).

As AD disrupts memory networks early on, the connections of the Re, linking the hippocampus and

prefrontal cortex, might offer valuable insights into how the disease progresses.



1.4 Diffusion MRI

Currently, the only non-invasive technique to study white matter pathways connecting brain regions
in vivo is Diffusion Magnetic Resonance Imaging (dMRI). This method relies on the fact that water
diffusion in brain tissue is directionally restricted by structures like myelin, axonal membranes, and
cell boundaries, making diffusion anisotropic. For example, in healthy white matter, water moves
more easily along axons than across them, whereas in cerebrospinal fluid, diffusion is isotropic and

unrestricted.

DMRI measures signal attenuation caused by water displacement under magnetic field gradients. This
reflects the direction and extent of diffusion, allowing inference of microstructural features like axon
density and myelination, that restrict that diffusion. However, since the link is indirect, such

interpretations must be made with caution (Jones, 2008).

To address this ambiguity, best practice is to report multiple diffusion measures that capture different
aspects of anisotropic behaviour (Gilligan et al., 2019). Various toolboxes and biophysical models
have been developed to improve the interpretability of dMRI, and this study applies two models

chosen to match the resolution and quality of the acquired data.

1.5 Diffusion models

We use two complementary diffusion models to translate the raw diffusion signal into biologically
relevant measures. A classical model called DTI (Basser et al., 1994), that provides general estimates
of a sphere that represents directional water diffusion, including fractional anisotropy (FA) and mean
diffusivity (MD), axial diffusivity (AxD) and radial diffusivity (RD). These metrics are sensitive to
microstructural alterations but non-specific about their underlying cause. A more recent model called
NODDI (Zhang et al., 2012) separates the diffusion signal into intra-neurite, extra-neurite, and free
water compartments, allowing for more biologically interpretable metrics such as neurite density
(NDI), fibre orientation dispersion (ODI) and free water fraction (FWF). Together, these models offer

a multidimensional view of white matter structure.

In this study, we use both DTI and NODDI to assess the structural integrity of the Reuniens—
hippocampal tract and detect early microstructural alterations in aMCI (see section 2.9). Our approach
is guided by previous findings showing that aMCI and early Alzheimer’s disease are typically
associated with reduced FA and NDI, and elevated MD, RD, ODI, and FWF—patterns indicative of
axonal loss, demyelination, and increased extracellular water content (Racin et al., 2014; Zhong et al.,
2023). These prior results provide a basis for our hypotheses regarding white matter degeneration in

this critical memory pathway.



1.6 Tractography

To isolate the white matter tracts connecting the nucleus reuniens to hippocampal subregions, we use
multi-shell, multi-tissue constrained spherical deconvolution (MSMT-CSD) to estimate the directions
in which bundles of nerve fibres run within each voxel. This step is crucial because in many brain
areas, fibres cross or fan out in different directions, and accurately modelling these patterns helps

prevent incorrect reconstruction of tracts (MSMT; Jeurissen et al., 2014; CSD; Tournier et al., 2004).

Using this fibre orientation information, we generate streamlines in MRTrix3.0 (Tournier et al., 2019).
Streamlines are virtual paths that approximate the likely routes of white matter pathways. We apply
anatomically constrained tractography to ensure these streamlines start and end in biologically
plausible regions, based on individual brain anatomy (ACT; R. E. Smith et al., 2012). Specifically, we
create subject-specific masks of the Re and hippocampal subregions (CA1, subiculum, entorhinal, and
perirhinal cortex) using high-resolution anatomical scans and probabilistic atlases (Iglesias et al.,
2015, 2018). These masks define the start and end points of each streamline, helping us trace the

pathway that links these memory-related regions.

To quantify microstructural properties along these tracts, we use two complementary voxel-based
approaches. First, we apply a conventional method that samples diffusion metrics from all voxels
intersected by the streamlines, assuming equal contribution (F. Zhang et al., 2021). This may not hold
in regions with poor reconstruction or anatomical variability. To address this, we apply a second
SIFT2-weighted approach, which assigns biologically informed weights to each streamline based on
its agreement with the underlying fibre orientation distributions (R. E. Smith, Tourner, et al., 2015).
This weighting reduces the influence of implausible or noisy streamlines and emphasises
anatomically plausible trajectories. Using both methods allows us to compare conventional voxel-
based estimates with a biologically weighted alternative and assess whether SIFT2 improves

sensitivity to early microstructural changes in aMCI.

In addition to microstructural metrics, we compute a connectivity strength measure; the total SIFT2-
weighted fibre density of the tract. This quantifies the overall strength of the Re—hippocampus tract

and enables comparison between aMCI and control participants (F. Zhang et al., 2021).

Together, these tract-specific methods allow us to examine a subcortical pathway that may show early

microstructural alterations in Alzheimer’s disease.

1.7 Aim and hypothesis

This study investigates whether our methodology can capture the (micro)structural integrity of the
reuniens—hippocampal white matter pathway, and whether this tract shows alterations in individuals

with amnestic mild cognitive impairment (aMCI) compared to healthy controls.



We quantify diffusion-based metrics (DTI: FA, MD, RD, AxD; NODDI: NDI, ODI, FWF) and mean
fibre density within this tract to assess whether these measures reflect early neurodegenerative

processes.

We hypothesise that the structural integrity of the reuniens—hippocampal white matter tract is reduced
in individuals with aMCI compared to healthy controls, reflecting early neurodegenerative processes.
Specifically, we expect: 1) Our tractography approach to successfully reconstruct the connection
between the nucleus reuniens and hippocampus; 2) Lower FA, AD, and NDI, and higher MD, RD,
ODI, and FWF in aMCI, consistent with reduced diffusion restriction due to neurodegeneration; and

3) Lower SIFT2-weighted fibre density in aMCI participants, indicating decreased tract connectivity.

To our knowledge, this is the first in vivo human dMRI study to focus on this specific tract. By doing
so, we aim to identify early connectivity disruptions in Alzheimer's disease and offer a methodological

framework for tracking small but functionally important tracts in future studies.

2. Methods

2.1 Participants

27 healthy controls and 48 aMCI participants were included in this study. Participants with aMCI were
recruited either via referral from their general practitioner, medical specialist, or a clinician affiliated
with the Auckland District Health Board, who identified concerns regarding the individual’s memory
and/or cognitive functioning. Additional recruitment occurred through other ongoing studies related
to cognitive and memory impairments. Control participants without MCI were recruited via the
Research Volunteer Register at the Centre for Brain Research and through community advertisements

in Auckland, New Zealand.

AMCI participant inclusion criteria required them to be over the age of 55, fluent in English, and
experiencing memory and/or cognitive difficulties. Exclusion criteria included a history of major head
trauma, cerebrovascular conditions, neurological disorders (excluding aMCI), substance abuse or
dependence, psychiatric illness, or long-term use of psychiatric medications. Control participants
were subject to the same criteria, with the added requirement that neither the participant, their

relatives, nor healthcare professionals reported any memory or cognitive concerns.

The study received ethical approval from the Auckland District Health Board, and all participants

gave written informed consent prior to participation.



2.2 Clinical assessment

Participants underwent an initial clinical session at the Dementia Research Clinic, part of the Clinical
Research Centre on the Grafton Campus of the University of Auckland. The session was 90-120
minutes in time and included structured interviews, lifestyle evaluations, and behavioural
assessments. Each participant was encouraged to bring an informant; someone familiar with their day-
to-day functioning. With consent from both parties, a medical specialist conducted an interview with

the informant to collect additional behavioural and clinical information.

To assess neuropsychiatric and functional symptoms, all participants completed standardised
questionnaires, including the Neuropsychiatric Inventory Questionnaire (NPI-Q), the Everyday

Cognition scale (ECog), and the Functional Activities Questionnaire (FAQ).

After this initial session, each participant was evaluated by a medical specialist together with a
neuropsychologist and research nurse. They used cognitive screening outcomes, functional
assessments, and medical history to classify individuals as either cognitively normal or as having

aMCIL

2.3 MRI acquisition

In a second session, participants underwent magnetic resonance imaging (MRI) at the Centre for
Advanced MRI (CAMRI) at the University of Auckland. The total scanning duration was

approximately 45 minutes, including 5 minutes for preparation.

Diffusion-weighted imaging (DWI) was performed on a Siemens 3 Tesla MAGNETOM Skyra
scanner (Erlangen, Germany) with a 70 cm bore and a 32-channel head coil. The diffusion sequence
used an echo-planar imaging protocol with the following parameters: TR = 3680 ms, TE = 101.6 ms,
flip angle = 78°, and slice thickness = 2 mm. Data were acquired at three diffusion weightings: b =0
s/mm? (5 volumes), b = 1000 s/mm? (50 volumes), and b = 2000 s/mm? (50 volumes). The DWI

sequence lasted approximately 6.37 minutes.
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GMWM Whole brain
boundary tractography

preprocessing

Mask Re & HC

Figure 1: Schematic flowchart of tract of interest filtering using tractography of diffusion weighted imaging and
parcellation of T1-weighted images. DWI = diffusion weighted imaging, TIW = T1 weighted images, FOD = Fibre
orientation distribution, GMWM = Grey Matter White Matter, Re = Nucleus Reuniens, HC = Hippocampus.

2.4 MRI data preprocessing

An overview of the data processing pipeline is presented in Figure 1.

All diffusion data was preprocessed with Mrtrix3 (Tournier et al., 2019), FMRIB Software Library
(FSL) (Jenkinson et al., 2012), Freesurfer (Fischl, 2012) and ANTS (Tustison et al., 2021). Quality
checks were performed in between steps by visually inspecting the derived scans. The following steps
were preformed to preprocess the data: converting to .mif format using mrconvert, denoising using
dwidenoise (Veraart et al., 2016), removing gibbs-ringing artefacts using mrdegibbs (Kellner et al.,
2016). Then bO-field inhomogeneity correction using topup, FSL (Andersson et al., 2003; S. M.
Smith et al., 2004a), brain mask estimation using BET, FSL (S. M. Smith, 2002) and eddy- current and
movement distortion correction using eddy, FSL (Andersson & Sotiropoulos, 2016). B1 bias field was
corrected twice based on the mean b=0 image using the N4 algorithm to improve brain mask

estimation using dwiZmask (Tustison et al., 2010).

2.5 Fibre orientation distribution

Multi-shell multi-tissue constrained constrained spherical deconvolution (MSMT; (CSD; is
performed as follows: response functions were estimated using dwiZ2response and the dhollander
algorithm (Dhollander et al., 2016). Using the response functions for 3 tissue types, per voxel the
orientation of all fibres crossing that voxel is estimated, resulting in the fibre orientation distribution

(FOD) with dwi2fod msmt_csd (Jeurissen et al., 2014; Tournier et al., 2004, 2007). Last, the data is

11



corrected for global intensity differences using mtnormalise (Dhollander et al., 2021; Raffelt et al.,

2017).

2.6 Whole brain tractography

Anatomically constrained tractography (ACT; R. E. Smith et al., 2012) was performed, using the T1-
weighted image for segmentation into 5 different tissue types (5tt) (cortical and subcortical gray
matter (GM), white matter (WM), cerebral spinal fluid (CSF) and pathological tissue) using 5ttgen fsl
-sgm_amyg_hipp (Patanaude et al., 2011; S. M. Smith, 2002; S. M. Smith et al., 2004b; Y. Zhang et al.,
2001). To create the transformation matrix, the GM (volume 0) was extracted from the 5tt using fslroi.
The meab b0 of diffusion space was co-registered to this volume 0 using flirt -interp nearestneighbour
-dof 6. The matrix output was then converted to MRtrix format using transformconvert flirtimport. To
define where the streamlines should not end, such as the CSF, and where they should start, such as the
gray matter white matter (GM/WM) boundary, a mask of the GM/WM boundary was created using
5tt2gmwmi. Thereafter, probabilistic fibre tractography was performed using tckgen -act -backtrack
-seed_gmwm -minlength 5 -maxlength 250 — cutoff 0.06 -angle 45 -select 10000000. This command
used ACT and the second order integration over fibre orientation distributions (iFOD2) algorithm
(Tournier et al., 2010), which enables the tracking of curved and crossing fibres by integrating over
uncertainty at each step, rather than always choosing the dominant direction, see Figure 2. 10 million
streamlines per participant were selected, based on the normalised fibre orientations of WM. Finally,
SIFT2 was applied to assign a weight to each streamline based on how well it fits the underlying
FODs. These weights, estimated using tcksift2 -act -fd_thresh 0.02 (R. E. Smith, Tourner, et al., 2015),
are proportional to the local fibre density derived from spherical deconvolution, allowing for a more

biologically accurate quantification of white matter connectivity.

Figure 2: Schematic figure of probabilistic fibre tracking using fibre orientation distribution estimates per voxel. Left:
Example (Daducci et al., 2012) of fibre orientation distributions (FODs) visualised as coloured lobe shapes,
representing multiple fibre populations within each voxel. The yellow lines show possible streamlines generated . Right:
schematic (from Tournier et al., 2010) of probabilistic sampling strategy in iFOD2 algorithm, integrating over
uncertainty at each step, rather than always choosing the dominant direction.

12



2.7 Segmentation & mask creation

Structural T1-weighted images were processed using the recon-all pipeline from FreeSurfer v7.3.2
including brain extraction and skull stripping (Segonne et al., 2004), estimating Total Intracranial
Volume (eTIV) — later used in analysis - (Buckner et al., 2004), subcortical segmentation (Fischl et al.,
2002), perirhinal labelling (Augustinack et al., 2013) and the rest of automated anatomical labelling,
was based on the Desikan-Killiany atlas (Desikan et al., 2006). The perirhinal and entorhinal labels

were converted to volumes using mri_label2vol.

For thalamic nuclei segmentation the atlas by (Iglesias et al., 2018) was used, and for hippocampal
subfield segmentation the atlas by (Iglesias et al., 2015). Voxels labelled 8116 and 8216 were
extracted for the left and right Re, respectively, using mrcalc. Hippocampal masks included regions
labeled 203 (parasubiculum), 233 (presubiculum-head), 234 (presubiculum-body), 235 (subiculum-
head), 236 (subiculum-body) and 238 (CA1-body). Segmentations were visually inspected to ensure
the extracted regions approximately corresponded to the expected locations. The voxel counts of these
segmentations were used in later analysis. These hippocampal subfields were merged to form a
composite ‘expanded CA1’ mask, using mrcalc, reflecting the Re’s known connectivity targets in
rodent studies (Section 1.2). Because of the upcoming conversion to DWI space, which has a lower
resolution, a small area or surface like the Re/CA1 can easily get lost. To ensure that these voxels did
not vanish, the outsides of the Re and expanded CA1 part were dilated by 2 voxels in T1 space, using
maskfilter -npass 2. Then, the masks were regridded to T1 space to make sure they all share the same
coordinates, using mrgrid -interp nearest. The expanded CA1, entorhinal and perirhinal masks were
merged into a hippocampal part and was binarised at 0.3 and all voxels were assigned the value of 2.
The Re part was too binarised at 0.3 and these voxels got the value of 1. These two again were merged
into one complete mask per hemisphere, that was transformed to dwi space using mrtransform -linear
“transformation matrix” -inverse -template “dwi_image” -interp nearest. The outputs of this

masking pipeline is henceforth called regions of interest (ROIs).

2.8 Tract of interest

Using tck2connectome -symmetric the ROIs were assigned to 2 nodes in the parcellation scheme,
according to the voxel values: the Re part to node 1 and hippocampal part to node 2. By using the
reverse connectomeZtck -nodes 1,2 -exclusive -files single, streamlines are selected that terminate
within a 2mm radius of the node, a technique called ‘local search’ (R. E. Smith, Tournier, et al., 2015).
This is a more inclusive approach that makes the exact edges of the masks less influential for selection
of streamlines. Then, streamlines were filtered based on a maximum length threshold: max = mean
length +1.6 * SD (standard deviation). All along, weights corresponding with the streamlines were

selected. Using tckmap -contrast tdi (Calamante et al., 2010), a mask was created covering the

13



selected streamlines, henceforth referred to as the tract of interest (TOI). Last, that mask was then

binarised returning every non-zero voxel as a value of 1, to make sure every voxel is included.

2.9 Metrics
To quantify the microstructural properties of the TOI, we computed voxel wise parametric maps from
DTT and NODDI models. All maps were registered to the subject-native diffusion space, and values

for each metric were sampled within the TOI mask for each subject and hemisphere.

DTI models diffusion as a single tensor (spherical 3D vector) per voxel. DTIT metrics were computed
using dwi2tensor and tensor2metric in MRtrix (see Figure 3): Fractional anisotropy (FA): reflects the
degree of directional preference of water diffusion. Mean diffusivity (MD): captures the average
diffusivity in all directions. Axial diffusivity (AxD): reflects diffusivity along the principal axis of the
tensor. And radial diffusivity (RD): reflects diffusivity perpendicular to the principal axis.

Isotropic Diffusion Anisotropic Diffusion
Apparent Diffusion Coefficient (ADC) Fractional Anisotropy (FA) Axial Diffusion
r1=primary longitudinal
eigenvector, flow parallel
to the axons; reflects
organization

Radial Diffusion

(22 + 1.3)/2 = average of secondary
and tertiary eigenvectors, flow
perpendicular to axons; reflects
myelination

Figure 3: Diffusion tensor imaging (DTI) metrics.

Hllustration of isotropic (ADC/MD) and anisotropic diffusion. Axial diffusivity (AD) reflects diffusion along
fibres; radial diffusivity (RD) reflects diffusion perpendicular to fibres; fractional anisotropy (FA) captures
overall directionality. Adapted under CC BY-ND 4.0 license.

NODDI distinguishes the contribution of 3 compartments to the diffusion signal. NODDI metrics
were computed using the AMICO toolbox (version 2.1.0) (Daducci et al., 2015) in MATLAB (see
Figure 4): Neurite density index (NDI) (also called FICVF): reflects the volume fraction of axons and
dendrites (intra-neurite space). The orientation dispersion index (ODI): quantifies the variability in
neurite orientation, enabling differentiation between coherent and dispersed fibre configurations. And
the free water fraction (FWF) (also called FISO): Estimates the fraction of isotropically diffusing
water, such as CSF, in each voxel. This metric enables correction for partial volume contamination,

especially relevant near ventricular boundaries.
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Figure 4: NODDI model components

Shows how the NODDI model separates the diffusion signal into free water (FW), intra-neurite, and extra-neurite
compartments. Derived metrics include free water fraction (FWF), neurite density index (NDI), and orientation
dispersion index (ODI), which reflects angular variation of neurites.Adapted under CC BY-ND 4.0 license.

2.10 Methods for calculating tract-average

An overview of the data processing pipeline is presented in Figure 5. As mentioned, two methods for

calculating the tract-average metric are used:
Method 1: full voxel based

For each subject and hemisphere, the mean diffusion value within the TOI was calculated by

averaging the metric values across all voxels included in the mask, using MRtrix’s mrstats:

Mean; = i Z By

¢ yeTOL
Where X;, is the diffusion metric value in voxel v of subject i, and N; is the total number of voxels in
the TOI mask for that subject and hemisphere. This unweighted method provides a straightforward

voxel-based summary of tract microstructure.
Method 2: weighted mean using SIFT2

To obtain biologically meaningful estimates of tract microstructure, we computed streamline-level
weighted means using SIFT2. This method incorporates both voxel-level diffusion values and the
anatomical plausibility of each streamline. Importantly, voxels may be sampled multiple times if

traversed by multiple streamlines, making this a streamline-based (not purely voxel-based) approach.

For each subject and hemisphere, mean microstructural metrics along the streamlines were extracted
using MRtrix’s tcksample. Each value was paired with a SIFT2-derived weight, representing its
contribution to cross-sectional fibre density based on the underlying FOD (R. E. Smith, Tourner, et al.,

2015). To correct for inter-subject differences in absolute weight magnitudes—typically higher in
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healthy controls—we normalised weights by dividing each by the participant’s mean SIFT2 weight.

This yielded relative within-subject weights, ensuring comparability across participants.

Weighted means of the TOI were computed as:

> Wij * T

Weighted Mean, = ————
> Wij

where Xj; is the diffusion value for streamline j in subject i, and w;; the normalised SIFT2 weight for
streamline j in subject i. These streamline-weighted means include more information and were used

for group comparisons of microstructural integrity in the reuniens—hippocampus tract.

DTI
Intra-
Neurite .*
! NODDI

. .- Extra-
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Figure 5: Schematic flowchart of 2 methods and multivariate analysis of the tract of interest. SIFT2 = spherical
informed filtering of tactogram 2, FW = Free Water, DTI = Diffusion Tensor Imaging, NODDI = Neurite
Orientation Dispersion and Density Imaging, brms = Bayesian regression modeling using Stan, aMCI = amnestic
Mild Cognitive Impairment.

2.11 Fibre density

To quantify structural connectivity, we computed SIFT2-weighted fibre density maps and integrated

them with voxel-level DTI and NODDI metrics.
Fibre Density Computation

For each subject and hemisphere, streamlines were projected into voxel space using tckmap with
-tck_weights_in and -precise options, applying SIFT2-derived weights. This yielded a voxel-wise
map of weighted fibre density, approximating apparent fibre density or the total cross-sectional area of
fibres per voxel (R. E. Smith, Tourner, et al., 2015). Apparent fibre density values were restricted to

TOI binary mask, and mean fibre density per subject and hemisphere was extracted using mrstats.
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Integration with Diffusion Metrics

To visualise tract-level microstructural profiles, apparent fibre density maps were voxel-wise
multiplied with DTI (FA, AD, RD) and NODDI (NDI, ODI, FWF) maps using mrcalc, after
resampling and converting all inputs to .mif format. These fibre density x metric maps were rendered
in streamline space to explore local variation across individuals and groups. Importantly, these
visualisations were for illustrative purposes only; group-level statistical analyses used separately

computed tract-level summary values.

2.12 Statistics

The primary goal of the statistical analysis is to investigate whether the seven diffusion metrics, after
accounting for confounding factors such as age, gender, hemisphere, and estimated total intracranial
volume (eTIV), contain information about neurodegeneration, an unobserved latent variable. We
formalise through a directed acyclic graph (DAG), which depicts assumed causal relations among the
observed and unobserved variables involved in the analysis (McElreath, 2020). The DAG of this

research is shown in Figure 6.

ND
gender
age ROI classification
subject
eTlV
hemisphere Metric

Figure 6: Directed Acyclic Graph (DAG) depicting hypothesized relationships among variables influencing
microstructural metrics. ND = Neurodegeneration, ROI = Region Of Interest, eTIV = estimated Total Intracranial
Volume.

Basic demographic data is tested on group differences using the Bayesian chi-square test for gender (a
dichotomous variable) and Bayesian independent samples t-test for the other continuous variables,

performed in JASP (version 0.19.3: https:/jasp-stats.org/) (van Doorn et al., 2021).
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Bayes factors (BF,,) were used to quantify the strength of evidence for group differences. The BF,,
expresses how much more likely the data are under the alternative hypothesis (H;) compared to the
null hypothesis (H,); values above 1 indicate support for H,, while values below 1 indicate support for
H,. Interpretation followed conventional thresholds (e.g., BF,, 1-3 = anecdotal evidence, 3-10 =
moderate evidence, 10-30 = strong evidence, 30-100 = very strong evidence, > 100 = extreme

evidence (Lee & Wagemakers, 2015)).

All other statistical analyses were performed in Rstudio (version 2024.12.1+563) and therefore used
R (version 4.4.2, http://cran.r-project.org/). Bayesian regression models using stan (brms) was used
(Burkner, 2017, 2018; Carpenter et al., 2017) to test evidence for group differences in white matter
between aMCI and control. Two multivariate hierarchical models were fitted to the data, the first
expressed the four DTI metrics (FA, ADC, RD, AD) and the second modelled the three NODDI
metrics (FICVF, ODI, FISO), while accounting for hemisphere, age, gender and estimated intracranial
volume (eTIV) and adding a random intercept per participant. The metrics, age, ROI size and eTIV
were standardised (z-transformed) and used in the model that ran 4 Markov chains Monte Carlo
(warmup = 1000, iterations = 4000, seed = 666). The Bayesian multilevel models overcome
inefficiencies and over-penalties in current univariate models and corrects for multiple testing (Chen

et al., 2019).

Bayesian inference is expressed in terms of the whole posterior distribution of each effect of interest.
Instead of standard significance testing, we inferred credibility of evidence from posterior
distributions by a positive posterior probability (P+). This is the probability that the posterior is greater
than zero. By computing classification contrast posteriors, this generates a P+ to test group
differences. Moderate evidence is indicated by a positive posterior probability (P+) of <0.10 or >0.90,
strong evidence by a P+ of <0.05 or >0.95, and very strong evidence by a P+ of <0.025 or >0.975
(Chen et al., 2019).

3 Results

Table 1: Demographical and clinical information of the participants

Descriptor Control aMCI BF,, (aMCI vs Control) Error %
N =27 N =48

per participant

Age (years) + SD 66.4 + 9.3 69.0 £ 7.7 0.85 0.02

Gender (female) + SD 22 (81.5%) 26 (54.2%) 332.91 0

ACE Score + SD 94.96 + 4.34 87.58 + 6.64 5527.91 5.273x10-6

eTIV (mm3) + SD 150500.0 + 1481666.7 + 1.19 0.01
13228.8 7637.6

Bold indicates moderate or greater evidence. Control = healthy control; aMCI = amnestic mild cognitive impairment;
SD = standard deviation; ACE = Addenbrook’s Cognitive Examination; eTIV = estimated total intracranial volume,
BF;y = Bayes factor H1 over HO.
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3.1 AMCI and control groups differ in gender and cognitive scores

A total of 27 control and 48 aMCI classified participants were enrolled in the present study. See Table
1 for all demographics. Extreme evidence is found for a difference in ACE scores (BF,,=5529.91,
5.273x%10-6), which contributed to group assignment, and for gender (BF,,=332.91, 0), where the
control group comprised 22 females (81.5%), while the aMCI group included 26 females (54.2%). No
evidence was found for a difference in age (BF,,=0.85, 0.02) or eTIV (BF,,=1.19, 0.01) between the

groups.

3.2 Reuniens—hippocampal tract successfully reconstructed

Figure 7 shows streamlines that connect the reuniens region with the hippocampal subregions, for
both an aMCI and control subject. Most streamlines take a posterior route. However, in some cases
(more so in the aMCI group compared to the control group) streamlines take an anterior route, see
Figure 7, right panels which shows all subjects warped together. All panels show a combined mask,

where voxels shared by more participants have brighter colours.

Sub-73, Control

All sub (n:/Z'}‘)_‘_CpntroI

.

N

Dorsal Rostral Rostral-Sagittal Dorsal

Figure 7: Streamlines connecting reuniens and hippocampal regions. Left 6 panels are single subject, top: subject 73,
bottom: subject 128. streamline colour represents direction. green = anterior posterior, red = lateral medial, blue = rostral
caudal. green mask = control, orange mask = aMCI, amnestic mild cognitive impaired. colour intensity = shared voxel
position of mask. Right two panels: all subjects warped to MNI space, streamlines in low density areas filtered out. Top =
control, bottom = aMCI. streamline colours represent endpoints. sub = subject, n = number.
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3.3 Smaller Re and hippocampus volumes and enlarged ventricles in aMCI

Table 2: Neuroanatomical descriptives

Descriptor Control aMCI BF,, (aMCI vs Control) Error %

per hemisphere N =54 N =96

HCmm3+ SD 2816.7+76.4 2591.7 £ 38.2 178.71 1.232x10-8
Remm3 + SD 1250.0 + 50.0 950.0 £ 50.0  9244.74 7.686x10-11
N Streamlines +  460.0 + 10.0 400.0 + 10.0  2.57 0.01

SD

lat_vent_rel 10.01 0
third_vent_rel 14.2 2.190x10-7

Bold indicates moderate or greater evidence. aMCI = amnestic Mild Cognitive Impairment, HC = Hippocampus, Re =
Reuniens, N = Number, SD = standard deviation, lat_vent_rel = lateral ventricle relative size, third_vent_rel = third
ventricle relative size.

Compared to controls, the aMCI group showed fewer voxels in both the hippocampus (Mean (M) =
2591.7 vs. 2816.7; BF ,, = 178.71) and nucleus reuniens (M = 950.0 vs. 1250.0; BF,, = 9244.74), both
with extreme evidence. The number of reconstructed streamlines connecting Re and hippocampus
showed anecdotal evidence for being reduced in aMCI (M = 400.0 vs. 460.0; BF,, = 2.57). Strong
evidence was found for lateral ventricle volume relative to intracranial volume being higher in aMCI
(BF,,=10.01), and for enlarged third ventricle size (BF,, = 14.2). Descriptives are shown in Table 2.

Group comparisons for both ventricle volumes are shown in Figure 8 (first and third panel).
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Figure 8: Lateral and third ventricle volumes by diagnostic group and gender. Boxplots show the distribution of
lateral (left panels) and third ventricle (right panels) volumes across aMCI and control participants, with additional
stratification by gender, pink = male, blue = female. AMCI = amnestic mild cognitive impaired. Individual data
points are overlaid to illustrate within-group variability. Volumes are reported in mm3.

Gender-stratified post hoc inspection of third ventricle volume (Figure 8, second and fourth panel,
caution; colours are counter-intuitive) suggests that males tended to have larger third ventricles, than
females in both groups. Given the unequal gender distribution across groups—particularly the over
representation of females in the control group—these volumetric findings should be interpreted with

caution. This is further discussed in Section 4.6.

3.4 Unweighted increase in FA, SIFT2-weighted increase in FWF and ODI in aMCI

We assessed classification effects (aMCI vs. control) across both non-weighted and SIFT2-weighted
voxel- based diffusion metrics using Bayesian multilevel modelling. Posterior distributions of the

effect sizes are visualised in Figure 9, where the y-axis is ordered on effect size.

In the non-weighted model (Figure 9, top), moderate evidence was observed for higher FA in aMCI
compared to controls (P* = 0.9375). Anecdotal evidence is found for ADC (P* = 0.1768) and ODI (P*
= 0.1596), and RD showed weak-to-moderate evidence for being lower in aMCI compared to control
(P* = 0.1054). All other metrics (NDI, AxD, FWF) showed insufficient evidence for a group
difference (all P*: [0.7147, 0.3609]). In contrast, the SIFT2-weighted model (Figure 9, bottom)
revealed moderate evidence for higher FWF (P* = 0.9235) and ODI (P* = 0.9213) in aMCI. For
weighted NDI, AxD, RD, ADC, and FA, the posterior distributions were centred around zero with no
evidence for group differences (P*: [0.7948, 0.3563]).
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Figure 9: Posterior Distribuitons of Classification Effect (aMCI vs Control) on Diffusion Metrics. Displaying posterior
distributions for the effect of classification of diffusion MRI metrics extracted from the tract. Panel 1 (top): shows
unweighted (standard voxel-averaged) approach. Panel 2 (bottom): shows SIFT2-weighted approach. Green midline =
no difference, right shift means increased values in aMCI vs controls. P+ = posterior positive probability, w =
weighted, z = z-scored, ADC = apparent diffusion coefficient, AD = axial diffusivity, FA = fractional anisotropy, FWF
= free water fraction, NDI = neurite density index, ODI = orientation dispersion index, RD = radial diffusivity.
Ranked based on effect size. * = moderate evidence.
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3.5 AMCI tracts more anterior and fragmented; SIFT2 enhances anatomical specificity

Tractography of the reuniens-hippocampal tract for a representative sample of 6 subjects from each
group as viewed from below, is shown in Figure 10. Most streamlines show a symmetric curvature
from the midline thalamic region posteriorly and laterally into the hippocampus on each side. In the
control group, this structure is more complete and densely bundled, whereas in many aMCI
participants, the arcs appear fragmented, sparser and more streamlines follow anterior routes. Visual
inspection of the colouring based on heat maps of the FA (top rows), show that high FA is also
rewarded to less plausible fibres, while multiplying FA by SIFT2 weighted fibre density maps (middle
rows) highlights more anatomically robust streamlines. When multiplying the fibre density map with
the FWF map (bottom rows), streamlines that align ventricles (those on the hind side of the

streamlines) show increased FWF.
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Figure 10: Tractography reconstructions of the Re—hippocampal tract are shown for 6 representative participants from
each group, top: Control; bottom: aMCI = amnestic mild cognitive impaired.. Each column displays streamlines from
one subject, colour-coded by three microstructural indices: top rows: FA , middle rows: FA x FD, bottom rows: FWF.
Warmer colours indicate higher values (red/yellow), while cooler tones represent lower values (blue/purple). Age and
gender are indicated above each column (M: male, F: female). In select cases, semi-transparent rendering was used to
emphasise the core structure of the tract.
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3.6 Reduced fibre density of reuniens-hippocampal tract in aMCI

Figure 11 displays the group-level distribution of mean fibre density (Control vs. aMCl), separated by
hemisphere. The aMCI group shows very strong evidence for lower fibre density values compared to

the control group. (P+ = 0.0199).
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Figure 11: Boxplot of SIFT2-weighted mean fibre density per tract, separated by classification. aMCI = amnestic mild
cognitive impairment, FD = fibre density, SIFT2 = spherically informed filtering of tractogram 2, P+ = positive
posterior probability. *** = very strong evidence.

4. Discussion
4.1 Summary and interpretation of findings

Differences in white matter integrity of the nucleus reuniens—hippocampus tract were examined in
aMCI patients compared to healthy controls. Using tract-specific DTT and NODDI dMRI metrics and
SIFT2-weighted connectivity measures, the main findings of the study were: 1) the method
successfully selected streamlines connecting the reuniens and hippocampal area; 2) mean fractional
anisotropy was increased in aMCI in the unweighted voxel-based method, while mean free water
fraction and orientation dispersion index were increased in the SIFT2-informed method; 3) the SIFT2-
informed mean fibre density of the tract was reduced in aMCI compared to controls; and 4) reuniens
and hippocampal segmented areas were smaller and ventricles were enlarged in the aMCI group, but

differences could be attributed to gender.

4.2 Tract anatomy and reconstruction

Tractography successfully identified streamlines between the reuniens and hippocampal subregions
in all participants. Compared to controls, the aMCI group showed weak evidence for a reduced
number of streamlines, strong evidence for enlarged lateral and third ventricle volumes and very

strong evidence for smaller ROI volumes in both the hippocampus and Re. Visually, streamlines in the
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aMCI group appeared more fragmented and more often followed an anterior path. It is important to
note that an incomplete or fragmented tractography reconstruction does not mean that the biological
pathway is entirely absent or severed. More often it reflects reduced anisotropy in that region—
commonly due to age- or disease-related microstructural changes—which causes the tracking
algorithm to stop. This is relevant in conditions like aMCI, where subtle degeneration may lower FA
values below the threshold for tract continuation. Similar patterns were observed by (Shaikh et al.,
2022), who reported more dispersed and less coherent tractography in the fornix of aMCI patients,

likely reflecting early but incomplete tract disruption.

The main trajectory of the reconstructed tract showed a characteristic posterior curvature similar to
the path of the fornix; a C-shaped white matter bundle connecting the hippocampus to subcortical
structures, arching over the thalamus and along the lateral ventricle, see Figure 12. The fornix is a key
component of the limbic system and plays a critical role in memory; damage to this structure is
associated with severe episodic memory deficit (Aggleton et al., 2000; Vann et al., 2008). It is thus

highly plausible that the reuniens—hippocampal tract follows this route.

However, the emergence of anteriorly deviating streamlines is less straightforward. No anterior Re—
hippocampal tract has been described in anatomical studies to date. One hypothesis is that these
streamlines may reflect geometric alterations in white matter orientation due to ventricular
enlargement. In Alzheimer’s disease, lateral ventricle dilation is common and has been associated
with local changes in white matter geometry (Zhao et al., 2021). Although these effects are more
subtle in aMCI, minor orientation changes near the ventricular wall could theoretically shift
trajectories. In the context of compensatory plasticity (Torrealba et al., 2023), it is conceivable that
the brain might attempt to reroute information flow along alternative paths. However, given that
diffusion MRI reflects structural, not functional, connectivity—and that only minor geometric

changes were observed in aMCI—this interpretation remains speculative.

A more plausible explanation involves methodological limitations due to the small — and in aMCI
reduced — Re volume. As the Re shrinks in aMCI, segmentation becomes less precise, particularly
since segmentations were derived from high-resolution T1-weighted images (1 mm?3), while
tractography was performed on lower-resolution DWI data (2 mm?3). This resolution mismatch
increases the likelihood of partial volume effects, whereby voxels may contain signal from adjacent

thalamic nuclei or white matter bundles.

Moreover, our selection criteria may have further contributed to the selection of false positive
streamlines. Specifically, the Re segmentation was dilated by two voxels in T1 space to prevent the
spatial information being lost in the trasform to DWI space. In addition, streamlines were included if

their endpoints lay within a 2 mm radius of the resulting mask, i.e. the ‘local search’ method. While
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this approach increases sensitivity, it also elevates the risk of incorporating fibres not originating or

terminating in the Re.

While no thalamic nuclei projections have been described following an anterior lateral path, a
structure just anterior of the thalamus is the anterior commissure, a midline fibre bundle with lateral
projections to subcortical regions including the entorhinal cortex (Guenot, 1998; Rayboud, 2010),
Since the entorhinal cortex was included in our hippocampal area mask, streamlines from this region
may be mistakenly assigned as connecting to Re. This could result in anatomically plausible but
unintended anterior routes, particularly when the Re becomes too small or imprecisely segmented to
attract streamlines. Thus, while these anterior deviations probably do not indicate a novel anatomical

pathway, they may reflect tractography artifacts due to regional atrophy and registration mismatch.
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Figure 12: Diagrammatic representation of the location of the fornix and its divisions from (Aggleton et al., 2010). The
dashed arrows show fornical connections that are solely efferent from the hippocampal formation, the narrow, solid
arrows show fornical connections that are solely afferent to the hippocampal formation, and the wide, solid arrows
show reciprocal connections within the fornix. Abbreviations: AC, anterior commissure; ATN, anterior thalamic nuclei;
HYPOTH, hypothalamus; LC, locus coeruleus; LD, thalamic nucleus lateralis dorsalis; MB, mammillary bodies; RE,
nucleus reuniens; SUM, supramammillary nucleus

4.3 Group differences in diffusion metrics: unweighted analysis

In the standard voxel-averaged analysis of the TOI, moderate evidence was found for increased FA,
weak evidence for reduced RD and anecdotal evidence for reduced ADC and ODI in aMCI
participants. Moreover, no consistent group differences were observed for AxD, NDI, FWF. This
deviates from our initial hypothesis, which predicted reduced FA and NDI alongside elevated RD,
OD], and FWF in aMCI.
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FA is commonly interpreted as a marker sensitive to axonal integrity, with reduced values suggesting
axonal degeneration. RD is thought to reflect myelin integrity and axonal packing, while ADC is more
broadly sensitive to changes in tissue composition such as necrosis (Alexander et al., 2011; Racin et
al., 2014). An elevated FA could therefore be interpreted as preserved axonal structure, a reduced RD
as more axonal density and a reduced ADC as less necrotic tissue. However, Alzheimer’s disease is
associated with white matter damage, including demyelination and axonal degeneration (Nasrabady

et al., 2018; Wen et al., 2021). Therefore, the observed FA increase may instead reflect something else.

One explanation could be a neuroinflammatory response caused by the disease. In particular, glial
activation in early AD stages can restrict water diffusion by increasing cellularity and decreasing
extracellular space, resulting in artificially elevated FA values (Benitez et al., 2022). Supporting this,
other studies have documented a non-linear relationship between amyloid load and diffusion
measures: initial amyloid deposition may increase FA and reduce diffusivity, whereas later-stage
pathology reverses this pattern (Collij et al., 2021; Racin et al., 2014; Wolf et al., 2015).Thus, our
findings may capture an early-stage, gliosis/amyloid-associated phase of microstructural remodelling,

potentially preceding later white matter loss.

A complementary explanation is a survivorship bias. The iFOD2 algorithm (see Figure 2) used in this
study favours pathways with high directional certainty. In aMCI participants, where white matter
integrity may already be compromised, this results in preferential reconstruction of only the most
coherent fibre segments—those with higher FA. The less coherent or damaged regions with low FA
are less likely to be traversed. As a consequence, damaged or ambiguous tract regions may be
excluded from the TOI, artificially inflating the mean FA. This survivorship bias means that
reconstructed tracts in aMCI may represent only a preserved subset of the pathway, skewing group-

level comparisons toward higher integrity.

This bias may be further amplified by anatomical differences: in this study, the hippocampal ROI was
smaller in the aMCI group compared to controls, which could reduce the number of streamlines
terminating in the target region. Since streamlines that do not reach the ROI are excluded from the
TOI, the reconstructed tract in aMCI may represent only a fraction of the original bundle—Ilikely
those that are more structurally preserved. Thus, since the streamlines already underwent a different
selection process per classification, the remaining TOI could give an illusion of higher FA and tract

coherence in aMCI than truly exists.
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4.4 Group differences in SIFT2-weighted metrics

Interestingly, the pattern of results shifted after applying SIFT2 informed weights. This second
analysis revealed moderate evidence for increased FWF and ODI in participants with aMCI and no
evidence for a difference between groups in the other metrics. These findings better align with our

initial hypothesis.

FWEF reflects the proportion of isotropic diffusion, mainly CSF, but freely diffusing water molecules
are also increased by myelin damage in neurodegenerative disorders (S. S. Wang et al., 2018). While a
high FWF may simply reflect anatomical proximity to CSF-filled spaces, it can also signal
pathological processes such as inflammation, edema, or tissue loss. Animal models of AD have shown
that changes in FWF correspond to the evolution of neuroinflammatory responses (Fick et al., 2016).
Also, elevated FWF has been reported in aMCI before (Fu et al., 2023). These findings support the

interpretation of increased FWF in aMCI as a marker of early pathological processes.

ODI reflects the angular variability of fibre orientations and is often used to infer microstructural
features such as axonal disorganisation. Gozdas et al., (2021) found that an increase in ODI indicates
axonal damage and demyelination and a meta-analysis by Zhong et al,. (2023) showed increased
white matter ODI values in patients with MCI and AD, all supporting our hypothesis and current

findings in the reuniens-hippocampal tract.

SIFT2 weighting uses the underlying FOD to assign biologically informed weights to streamlines,
allowing more plausible fibres to contribute more strongly to the metric estimation. By including
these weights in our model, streamlines traversing noisy or implausible FOD regions—those
responsible for high but anatomically questionable FA—are down weighted. Meanwhile, streamlines
passing through denser and more biologically plausible white matter pathways are upweighted. The
result is a tract profile that better reflects the “core” structural connection between the nucleus
reuniens and hippocampus (see Figure 10) and that aligns more closely with expected microstructural

changes in aMCI.

This improved anatomical specificity is further supported by our finding of reduced SIFT2-informed
fibre density in the aMCI group. Very strong Bayesian evidence indicated that fibre density, calculated
from the summed SIFT2 weights of streamlines within the tract, was lower in aMCI participants
compared to controls. As this measure serves as a proxy for structural connectivity strength, it may
reflect true anatomical disconnection or axonal degeneration within the Re—hippocampal tract. This
interpretation is in line with previous studies documenting reduced fibre density the fornix in AD
(Mito et al., 2018). Nevertheless, it is important to note that fibre density remains a model-based

estimate and should be interpreted alongside conventional metrics and anatomical constraints.
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Taken together, the SIFT2-weighted approach yielded diffusion profiles that better matched the
expected pathological changes, by downweighting anatomically implausible streamlines and
emphasising those aligned with local FODs. Although histological validation is lacking, these
findings suggest that FOD-informed weighting schemes can enhance sensitivity to group differences,
particularly in clinical or ageing populations. Compared to unweighted analyses, this approach likely

provides a more biologically meaningful estimate of microstructural differences.

4.5 Methodological considerations

A
It is important to consider several methodological limitations . e .
when using diffusion MRI. Metrics derived from DTTI are — —— —
. . ° ° [}
inherently relative and can be affected by numerous other \ \ \ \

factors. This may help explain why no robust group

th

ty
differences were found in the SIFT2 weighted DTI metrics Increased FA

between aMCI participants and controls. As illustrated in
Figure 13, changes in FA do not always reflect actual tissue
loss: when crossing fibres degrade asymmetrically, FA can B

paradoxically increase (Figure 13A); and when all fibre

e Tissue Damage
S

— >

populations are equally affected, FA may remain stable

despite tissue damage (Figure 13B). Such examples \ \
underscore that FA may be insensitive to subtle or local
neurodegeneration, as is likely the case in early-stage aMCI ——

(see also Figley et al., (2022)).
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Another key limitation of DTI is its susceptibility to partial ~ Figure 13: Cartoon by Figley et al., (2022) is a
) o . _representation of how tissue loss in regions with
volume effects, particularly contamination from cerebrospinalcrossing fibres can alter diffusion tensor

fluid (CSF), which is common in periventricular regions like Zf;;t‘:ﬂ?f;: ’EJ;:; Z;) Zﬁl(gg;sg)t.nzg})j gfg;en

fibre loss leads to a dominant direction and

increased FA, despite overall tissue loss. (B)

microstructural parameters (e.g., FA, MD) are confounded, ~ Uniform degradation across fibre populations
leads to unchanged FA. The figure illustrates

leading to potential underestimation or overestimation of how FA can misrepresent underlying pathology
in complex fibre configurations.

the fornix. In voxels partially occupied by CSF, the

diffusion properties (Pierpaoli & Basser, 1996). This issue is

relevant in our study, where the SIFT2-weighted analysis revealed increased FWF in aMCI
participants. To address this issue, Pasternak et al. (2009) proposed a free water (FW) elimination
model, FW-DTI which estimates and removes the extracellular free water signal to improve the

specificity of DTI-derived measures.

Beyond DTI, NODDI modelling provides a more biologically informed framework by separately

estimating tissue compartments. Importantly, the NDI and ODI are designed to be insensitive to CSF
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contamination, offering improved robustness in regions affected by ventricular enlargement.
However, this does not make NODDI immune to partial volume effects. As shown by Parker et al.
(2021), computing mean NDI or ODI values across an ROI, without accounting for the variable tissue
fraction (after removal of CSF) per voxel, can lead to biased estimates. This is particularly
problematic in ROIs with substantial CSF intrusion, such as the periventricular white matter tracts
bordering the lateral ventricles—precisely where degeneration and atrophy are prominent in
Alzheimer’s disease (Iglesias et al., 2018). To solve this issue, voxel-wise modelling with explicit

CSF correction has been proposed by (Bergamino et al., 2021).

The FWF estimated by NODDI is often interpreted as a proxy for extracellular CSF content, simply
reflecting proximity to CSF-filled spaces, or reflecting pathological processes such as inflammation,
edema, or tissue loss (see Section 4.4). This dual interpretation complicates the use of FWF as a clean

measure of pathology, especially in patient populations with enlarged ventricles.

From a statistical standpoint, a better practice would be to incorporate streamline-level information
directly into the Bayesian model, as this retains more of the original data structure and variability.
Although such an approach would ideally allow each streamline’s metric and SIFT2-derived weight to
contribute proportionally, we were unable to implement this in our current Bayesian framework.
Therefore, we opted to summarise tract profiles as weighted means per subject and hemisphere. While
this approach allows for group-level comparisons, future models that include streamline-wise inputs

could more accurately reflect the richness and variability of the underlying tract data.

In summary, interpreting diffusion metrics in periventricular tracts like the Re—hippocampal pathway
requires caution due to several methodological constraints. DTI-based measures such as FA and MD
are relative, non-specific, and susceptible to partial volume effects. In our study, elevated FWF
underscores the evidence this last bias, which could reflect either extracellular CSF accumulation or
early pathological processes. While NODDI offers improved specificity by modelling distinct tissue
compartments, it is sensitive to voxel-wise CSF proportions unless corrected. Recent methods like
FW-DTTI and CSF-corrected NODDI provide promising solutions, though they come with added
complexity. We mitigated these challenges through the use of ACT, automated ROI segmentation, and
biologically informed SIFT2 weighting. Still, residual confounds persist, especially in regions
bordering the third and lateral ventricles. Despite these limitations, the observed increases in FWF and
ODI likely reflect early-stage microstructural changes, supporting the Re—hippocampal tract as a

sensitive marker of prodromal Alzheimer’s disease

4.6 Gender-related confounding effects

The unequal gender distribution between the aMCI and control groups, with a higher proportion of

females in the control group, may have introduced confounding effects. Anatomical and clinical sex
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differences are well documented: women typically have smaller lateral ventricles than men, even
when accounting for intracranial volume (Kaye et al., 1992). Clinically, sex also moderates disease
progression—female patients with MCI tend to exhibit faster cognitive and functional decline than
their male counterparts (Lin et al., 2015). In our gender-stratified post hoc analysis, third ventricle
volume differences appeared to reflect both gender and diagnostic classification. Future studies
should therefore aim to match groups by sex or include the interaction effect of sex to avoid potential

confounding effects.

4.7 Integration with Alzheimer’s pathophysiology

The observed changes span multiple levels of pathology: increased free water and orientation
dispersion at the cellular level; reduced Re and hippocampal volumes and ventricular enlargement at
the regional level; and reduced fibre density at the network level. Together, these alterations are
consistent with early features of Alzheimer’s disease and support the interpretation that tract
degeneration may be an early marker of disease progression. Moreover, because the Re links the
medial prefrontal cortex and hippocampus—two key hubs within the memory-supporting Papez
circuit (see Section 1.3)—its disruption may contribute directly to the episodic memory impairments

observed in aMCI.

Importantly, the reuniens-hippocampal tract is not only structurally altered but is also functionally
relevant to Alzheimer’s symptoms. Rodent studies have shown that projections from the mPFC to the
Re and perirhinal cortex support distinct memory retrieval strategies (Jayachandran et al., 2019), and
that silencing mPFC - Re pathways impairs sequence memory. Moreover, optogenetic stimulation of
Re neurons modulates memory specificity and generalisation (Xu & Sudhof, 2013), while lesions or
inhibition of the Re disrupt associative learning (Eleore et al., 2011). These findings highlight the

involvement of the Re in memory, making it a plausible target of early AD-related disruption.

The altered tract profile observed by the weighted analysis—marked by elevated FWF and ODI—
aligns with pathological processes such as inflammation, dendritic disorganisation, and axonal
demyelination, all of which have been implicated in early Alzheimer’s disease (Bartzokis, 2011;
Heneka et al., 2015; Spires-Jones & Hyman, 2014). These results suggest that biologically informed

weighting approaches can enhance sensitivity to early microstructural changes.

Finally, this approach may help identify structural disconnection in the reuniens—hippocampal tract
even before gray matter atrophy becomes apparent. Although the present study did reveal reduced
segmentation volumes in both the reuniens and hippocampus, it cannot distinguish between true
atrophy and displacement due to ventricular expansion, nor can it provide histological validation.
Notably, Censi et al. (2024) have already reported reuniens atrophy at the aMCI stage, supporting the

view that this structure is affected early in the disease process. However, this also means we cannot
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determine whether gray matter atrophy preceded white matter degeneration in this pathway, or vice
versa. Longitudinal studies are therefore needed to clarify the temporal sequence of microstructural
and morphological changes. Nonetheless, the convergence of diffusion- and volume-based alterations
in this pathway supports the hypothesis that reuniens—hippocampal tract alterations are early features

of aMCI and may serve as a promising target for further investigation.

4.8 Future directions

Strength of this research are combing the most advanced tractography tools in subject-specific space
to accurately isolate the reuniens-hippocampal tract, an understudied but functionally critical
connection in memory networks. By comparing conventional voxel-based metrics with SIFT2-
weighted alternatives, we offer a biologically informed method that improves sensitivity to early
microstructural changes. The use of both DTI and NODDI further strengthens interpretability by
disentangling diffusion changes related to axonal damage, dispersion, and free water. Together, these

choices increase anatomical precision and relevance to Alzheimer’s pathology.

This study has several limitations. The control group was predominantly female, introducing potential
gender-related bias. Only one tractography algorithm with fixed parameters was used, limiting
methodological generalisability. Atlas-based segmentation of small nuclei like the reuniens may be
imprecise, particularly in ageing brains with structural variability. The cross-sectional design offers
only a single snapshot in time, limiting causal inference about disease progression. Lastly, although
the NODDI model reduces CSF contamination, partial volume effects may still influence diffusion

estimates and complicate interpretation in periventricular tracts.

Future directions can expand on the current findings. First, combining tractography with functional
measures, such as correlating fibre metrics with BOLD signals, could illuminate functional—-structural
coupling in the Re-hippocampal tract. High-resolution imaging (e.g., 7Tesla MRI or multi-band
acquisition) may improve delineation of small nuclei and minimise partial volume effects.
Longitudinal studies tracking Re—hippocampal tract properties over time, especially in individuals
converting from aMCI to Alzheimer’s, would offer stronger insights into disease progression. Finally,
methodological refinements such as dual-seed tractography (e.g., including the anterior commissure)
could enhance biological specificity. Future work could also examine differential Re connectivity to

hippocampal subfields (e.g., CA1 vs. subiculum), as these may show distinct patterns of vulnerability.

4.9 Conclusion

This study provides novel evidence that the reuniens—hippocampal tract is structurally altered in

individuals with aMCI, a condition considered prodromal to Alzheimer’s disease. Using anatomically
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constrained tractography, we were able to successfully reconstruct this tract in all participants,

demonstrating the feasibility of studying this under explored connection in vivo.

By combining standard and SIFT2-weighted diffusion models, we captured subtle microstructural
changes that might otherwise be obscured. Our multimodal approach, integrating DTI and NODDI,

allowed us to disentangle axonal damage, orientation dispersion, and free water accumulation.

The findings spread across multiple levels. At the cellular level, increased FWF and ODI suggest
inflammation-related and dispersion-driven changes. At the regional level, reduced reuniens and
hippocampal segmented volumes and ventricular expansion reflect anatomical changes. At the
network level, decreased fibre density in the SIFT2-weighted analysis indicates structural

disconnection within the memory-critical Papez circuit.

Interestingly, FA was elevated in the unweighted analysis, a counter-intuitive finding that may reflect
early gliosis or. More plausibly, survivorship bias in streamline reconstruction. This highlights the

importance of weighted models for generating more biologically meaningful tract profiles.

Together, these results support the hypothesis that white matter degeneration in the Re—hippocampal
tract may be an early and sensitive marker of AD-related pathology. While histological validation and
longitudinal imaging remain essential, this tract shows promise as a target for early detection and

monitoring of disease progression.
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