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Purpose: The locus coeruleus (LC) is implicated as an early site of protein patho-
genesis in Alzheimer's disease (AD). Tau pathology is hypothesized to propagate 
in a prion-like manner along the LC-transentorhinal cortex (TEC) white matter 
(WM) pathway, leading to atrophy of the entorhinal cortex and adjacent cortical 
regions in a progressive and stereotypical manner. However, WM damage along 
the LC-TEC pathway may be an earlier observable change that can improve de-
tection of preclinical AD.
Theory and Methods: Diffusion-weighted MRI (dMRI) allows reconstruction 
of WM pathways in vivo, offering promising potential to examine this pathway 
and enhance our understanding of neural mechanisms underlying the preclinical 
phase of AD. However, standard dMRI analysis tools have generally been unable 
to reliably reconstruct this pathway. We apply a novel method, geometric-optics 
based entropy spectrum pathways (GO-ESP) and produce a new measure of con-
nectivity: the equilibrium probability (EP).
Results: We demonstrated reliable reconstruction of LC-TEC pathways in 50 
cognitively normal older adults and showed a negative association between LC-
TEC EP and cerebrospinal fluid tau. Using Human Connectome Project data, we 
demonstrated replicability of the method across acquisition schemes and scan-
ners. Finally, we compared our findings with the only other existing LC-TEC 
tractography template, and replicated their pathway as well as investigated the 
source of these discrepant findings.
Conclusions: AD-related tau pathology may be detectable within GO-ESP-
identified LC-TEC pathways. Furthermore, there may be multiple possible 
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1  |   INTRODUCTION

The locus coeruleus (LC) is a small brainstem nucleus con-
taining norepinephrine-synthesizing neurons that send 
diffuse projections throughout the central nervous system. 
LC neurons provide the sole source of norepinephrine—a 
neurotransmitter critical in arousal and neurocognitive 
functioning—to the neocortex, hippocampus, cerebellum, 
and most of the thalamus.1,2 It has been well-established 
that degeneration of LC neurons is a ubiquitous feature of 
Alzheimer's disease (AD),3–6 a debilitating, slowly progres-
sive neurodegenerative disorder that affects more than 50 
million people globally (a figure expected to increase to 
152 million by 20507). Furthermore, recent histochemis-
try8–10 and unbiased stereology11,12 studies have suggested 
that nonfibrillar abnormal tau in the LC may be one of the 
earliest detectable signs of AD-like neuropathology.

In particular, the white matter (WM) connecting the 
LC to the transentorhinal cortex (TEC) has gained inter-
est as a potential early predilection pathway of pathologic 
protein transmission and degeneration in AD.9,13 Indeed, 
Braak recently modified his original neurofibrillary tan-
gle staging system, which posited that AD tau pathology 
begins in the medial temporal cortex,14 to instead sug-
gest that the pathologic process may begin in the LC.9 
Subsequently, tau pre-tangles are thought to propagate 
along the LC WM pathway to the TEC in a prion-like man-
ner to initiate the stereotypical spread of tau pathology in 
AD, damaging neuronal tissue and resulting in reduced 
connectivity.9 Importantly, tau pathology in LC axonal 
projections do not appear to result in immediate cell 
death; rather, LC neurons are known to survive until the 
latest stages of the disease, albeit with reduced functional-
ity (see Braak and Del Tredici15 for a review on this topic). 
Thus, changes to the LC-TEC pathway may be observable 
before gray matter tissue loss in either LC or TEC, high-
lighting the important potential of the integrity of this 
pathway as an early, sensitive, and specific biomarker of 
preclinical AD. Establishing a method to examine the mi-
crostructural connectivity of this pathway in vivo would 
provide an opportunity to enhance our understanding of 
the role of the LC in AD pathogenesis, and potentially lead 
to the discovery of novel markers of AD risk that could aid 
in diagnostic assessments and inform our understanding 
of the preclinical period of the disease.

Diffusion-weighted MRI (dMRI), a powerful tool for 
characterizing the structural connectome of the brain 
in both healthy and disease states, offers promise to ful-
fill this goal. This technique allows for non-invasive and 
quantitative assessment of in vivo local tissue microstruc-
ture. In the case of cerebral WM, for example, dMRI can 
be used to estimate WM fiber coherence (the degree to 
which axons are co-aligned). Furthermore, by using es-
timates of fiber orientations, dMRI can reconstruct WM 
fiber pathways via a process called tractography.

Notably, standard dMRI analysis methods have had 
difficulty with successful reconstruction of WM pathways 
in regions with complex fiber orientations, such as the 
brainstem. For this reason, it has been especially chal-
lenging to use dMRI to assess the connectivity of the LC-
TEC pathway in humans. This difficulty is demonstrated 
by the fact that a reconstruction of this pathway has only 
very recently been reported for the first time (two reports 
from the same senior investigator16,17). Even so, these re-
construction approaches understandably used tight con-
straints in the form of groupwise consistency or assumed 
anatomical priors. Since there is currently no agreed 
upon ground-truth evidence for the spatial trajectory of 
this pathway in the human brain, particular care must be 
taken in applying methods with explicit (or implicit) con-
straints that may bias the construction of fiber pathways.

Reducing such bias was one of the motivating factors 
in our development of a general principled probabilistic 
approach to simultaneously estimate both local diffusion 
characteristics (eg, anisotropy) and long-range structural 
connectivity that capitalizes on prior information within 
the data itself. This method combines geometrical optics 
and the theory of entropy spectrum pathways (ESP)18 
using a probabilistic formulation, and is called Geometric-
Optics Based Entropy Spectrum Pathways (GO-ESP).19

In this work, we demonstrate a unique approach to re-
constructing the LC-TEC fiber pathways by using a much 
more general, flexible, and less biased characterization of 
the underlying diffusion data. In this study we applied GO-
ESP to a sample of 50 dMRI scans from cognitively normal 
older adults to obtain a reliable and spatially consistent 
reconstruction of a LC-TEC WM pathway and examined 
relationships between connectivity in this pathway and ce-
rebrospinal fluid (CSF) measures of amyloid-beta and tau. 
We also took advantage of high-resolution data from the 

routes from LC to TEC, raising important questions for future research on the 
LC-TEC connectome and its role in AD pathogenesis.
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Human Connectome Project (HCP) and sought replica-
bility across acquisition schemes by applying GO-ESP to a 
sample of five datasets from the MGH HCP Adult Diffusion 
release.20 Finally, we compared our findings with those of 
Xia and Shi16 and Sun et al,17 who present an alternative 
spatial trajectory of the LC-TEC pathway. We interpret this 
observed discrepancy to suggest the presence of multiple 
possible routes from the LC to the TEC and raise important 
questions to be answered in future research on the LC-TEC 
connectome and its putative role in AD pathogenesis.

2  |   THEORY

2.1  |  Entropy Spectrum Pathways

GO-ESP takes a novel approach to estimate intravoxel dif-
fusion profiles and intervoxel connectivity, based funda-
mentally on probability theory and statistical mechanics. 
This process requires that the description of the data be as 
general and complete as possible. Toward this goal, rather 
than calculating a 3D displacement probability density dis-
tribution in each voxel, which is expensive in terms of data 
acquisition, we use spherical wave decomposition (SWD)21 
to decompose the signal in each voxel into the sum of 
spherical harmonics and spherical Bessel functions, rewrit-
ing the spin density function in terms of this SWD.

This approach provides a description of the intravoxel 
diffusion in terms of a clearly defined expansion order 
which we can use to fit a model of diffusion most opti-
mally. The next problem is how to incorporate the intra- 
and intervoxel information. Critically, GO-ESP does not 
estimate the diffusion profile in each voxel independently 
as if the voxels were structurally isolated from one an-
other; rather, the fundamental quantity that is estimated 
is the transition probability (TP) between voxels, which is 
influenced not only by the intravoxel diffusion properties, 
but also by the intervoxel relationships. This is accom-
plished using the theory of ESP.18

ESP expands upon the concept of a random walk, a 
process by which a randomly moving object (or walker) 
moves away from its starting position. This can also be 
thought of as a path made of a series of random steps on a 
lattice. In a generic random walk, a step from one point in 
any direction is equiprobable. However, consider the situ-
ation where some points on the lattice are less accessible 
than others (perhaps due to structural barriers), a biased 
random walk. In this case, a step from one point to any 
other is not equiprobable but is based on some probability 
distribution influenced by prior information about the re-
lationship between points. GO-ESP expands this concept 
to dMRI by using a type of biased random walk called the 
maximum entropy random walk. In this case, our “points” 

are dMRI voxels, and the prior information about the rela-
tionship between these voxels (ie, which voxels are more 
accessible and more likely to be physically connected) 
takes the form of a coupling matrix which characterizes 
the intervoxel interactions (in this work, these interac-
tions are computed as the inner product of the full dif-
fusion tensors). Once the coupling matrix is known, the 
probability of stepping from one voxel to another (the TP) 
can be calculated. Thus, the TP depends not only on the 
diffusion profile within each voxel, but the similarity of 
the diffusion profiles between voxels.

The TPs describe the probabilities of various pathways 
within the data, or trajectories that a random walker may 
follow. Over time, biased random walkers will tend to lo-
calize in more accessible regions, and this final distribu-
tion provides the novel dependent measure of GO-ESP, 
the equilibrium probability (EP). In other words, regions 
of higher EP represent locations that are more accessible, 
that is, there are a greater number of ways that these re-
gions can be reached (higher entropy).

2.2  |  Tractography using geometric 
optics guided by ESP

Tractography is the process of reconstructing WM tracts 
from dMRI data. In practice, a set of curves are generated that 
are mere proxies for actual WM tracts. Nevertheless, we refer 
to these curves as “tracts,” with this understanding in mind.

As mentioned previously, the local diffusion profiles 
and long-range connectivity are mathematically coupled 
through the entropy; this is done by modeling the evo-
lution of probabilities with the Fokker-Planck equation 
where the path entropy plays the role of an external poten-
tial that influences the evolution of probabilities.18 This is 
accomplished by recharacterizing the spatial-temporal 
characteristics of the probability density in terms of the 
conservation of probability:

where the flux, JI, consists of diffusive (Jd = −D∇P) and con-
vective (Jc = − LP∇S) components. S is the entropy, where 
S (x) = klnW (x), with x representing spatial location, and 
W (x) representing the density of states. L is the product of k and 
D, where k is the Onsanger coefficient and D is the diffusion 
tensor. By combining these relationships, we can represent the 
relationship between the local and long-range structure:

This Fokker-Planck equation describes information 
flow in terms of both diffusion and convection, and a geo-
metric optics-like approach is taken to perform ray tracing 

�tP +∇JI = 0

�tP +∇ ∙ (LP∇S) = ∇ ∙ D∇P
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through the convective modes. This ray tracing takes the 
place of traditional tract propagation.19

2.3  |  Eigenmode Imaging

After calculating EP maps, tractography is performed at the 
level of the whole-brain (Figure 1) or individual pathways 
(Figure 2), depending on the distribution of seeds, which is 
decided by the user. Either way, the result is a set of tracts. 
GO-ESP takes an additional, novel step to calculate path-
ways of high probability based on these tracts, a technique 
we call EigenMode Imaging (EMI). Briefly, this method in-
volves calculating the eigensystem of the connectivity matrix 
constructed from the tracts. The resulting eigenvectors rep-
resent the spatial distribution of probability corresponding 
to the most likely pathways within the entire set of all tracts 
in a volume of interest. Intuitively, if fiber tracts connecting 

two endpoints A and B are nearly adjacent throughout their 
trajectories and, therefore, form a tight bundle between 
these points, the resulting eigenvector will be the volume 
that surrounds the bundle trajectory. For example, in the 
idealized case that the fibers were packed tightly into a per-
fect flexible cylinder that curved from point A to point B, the 
eigenmode would just be that cylindrical volume or “tube.” 
These probability pathways are called tract (or connectivity) 
eigenmodes and are ranked in decreasing order according 
to their associated eigenvalues. The eigenvector associated 
with the largest eigenvalue (the principal eigenvector) cor-
responds to the most probable probability pathway. While 
multiple eigenmodes provide interesting information about 
the structure at different spatial scales in the brain (ie, po-
tential substructures revealing significant connectivity in-
formation), in the present paper we are concerned only with 
the principal eigenvector, since it represents the major com-
munication pathway between two regions.

F I G U R E  1   Whole-brain tract 
vs. eigenmode images. Left, Whole-
brain tractography tract results. Right, 
Eigenmode of connectivity matrix. Top, 
View from right side of brain. Middle, 
Mid-sagittal sections. Bottom, Coronal 
sections
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The computation of tract eigenmodes involves the fol-
lowing steps. The tracts generated from the GO-ESP trac-
tography process are used to generate the connectivity 
matrix, which is of dimensions that are the square of the 
dimensions of the diffusion dataset. The connectivity ma-
trix records the number of connections from every voxel 
i to every voxel j where i and j are of dimensions N = nx-
*ny*nz. This matrix is symmetric, so only N*N/2 elements 
are needed to store it in full dense form. Even so, the matrix 
is very large, so we use a sparse representation to store it 
in the so-called Yale sparse format. The eigenvector/eigen-
value decomposition of the matrix is then performed using 
the ARPACK package22 that uses the Arnoldi algorithm, 
which can efficiently calculate a subset of eigenvectors. 
The decomposition of the tractography connectivity matrix 
into connectivity eigenmodes elucidates and ranks neural 
connections at multiple spatial scales from the highly com-
plex tractography in a well-defined quantitative, and repro-
ducible procedure.

A visualization of whole-brain tractography and subse-
quent principle EMI can be seen in Figure 1. An example 
reconstruction of a specific and well-studied pathway, the 
inferior longitudinal fasciculus, and its resulting principle 
EMI can be seen in Figure 2.

3  |   METHODS

3.1  |  Participants

This study included data from 53 cognitively normal older 
adults as part of an ongoing study of quantitative neuroim-
aging metrics of LC connectivity in AD pathogenesis and 
progression. This study was approved by the University of 

California, San Diego (UCSD) Institutional Review Board, 
with written informed consent obtained on all participants.

3.2  |  MRI acquisition

Scans were performed on a 3T GE Discovery MR750 
scanner at the UCSD Center for Functional MRI using a 
32-channel head coil (Nova Medical Inc, Wilmington MA).

Whole-brain dMRI scans were collected using a novel 
extended hybrid sense EPI acquisition23; data were simul-
taneously acquired with both polarities of the phase encod-
ing gradient to perform TOPUP gradient and eddy current 
distortion correction, which was done in offline special-
ized reconstruction routines that implemented the FMRIB 
Software Library’s (FSL) Eddy and TOPUP tools24–26 di-
rectly within the image reconstruction.23 Multiple diffusion-
weighted shells were collected at b-values of 1000, 2000, and 
3000 s/m2 with the number of directions being 30, 45, and 
60, respectively. The data acquisition parameters were: slice 
thickness = 2 mm, field of view (FOV) = 20 cm, echo time 
(TE) = 119 ms, repetition time (TR) = 4.0 s, matrix size = 
100 × 100 × 72. Using a SENSE factor of 4, the imaging time 
was approximately 13 min. This is a standard dMRI gradient 
sampling scheme. Therefore, findings generated from this 
study are a result of the analysis, not the acquisition, and 
should be replicable across datasets.

3.3  |  CSF biomarkers

A subset of our participants (n = 20) underwent lumbar 
punctures as part of participation in the UCSD Alzheimer’s 
Disease Research Center with standardization of procedures, 

F I G U R E  2   Pathway-specific tract vs. eigenmode images. View from the left side of the brain showing the left inferior longitudinal 
fasciculus tractography output (left) and corresponding eigenmode image (right)
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preanalytical preparation, and storage of CSF and plasma 
as previously described,27 and in accordance with recom-
mended best practices.28 In brief, CSF (15–25 mL) was col-
lected by routine lumbar puncture early in the morning after 
overnight fasting. Samples were processed, aliquoted into 
500 μL fractions in polypropylene microtubes, snap frozen, 
and stored at −80°C until assayed. All samples were ana-
lyzed locally using the automated Lumipulse platform using 
assays developed with established monoclonal antibodies 
(Fujirebio Inc).29 The majority of lumbar punctures were 
conducted within 1 y of the MRI visit (n = 11), although we 
included data collected within 2 (n = 2), 3 (n = 5), and 4 
(n = 2) y of the visit given research showing the stability of 
CSF biomarkers over several years30 in an effort to maximize 
our sample size. CSF measures of Aβ40, Aβ42, total tau, and 
phosphorylated tau (p-tau) were obtained.

3.4  |  Preprocessing and 
quality assessment

FSL (v.6.025) was used to correct for inter-volume head 
motion (eddy; b-vectors adjusted for correction26) and re-
move skull and other non-brain tissue (BET31). Data were 
resampled to a 1 mm3 resolution using our novel regis-
tration tool, Symplectomorphic Registration with Phase 
Space Regularization (SYMREG32).

Quality control consisted of visual inspection for slice-
wise signal dropout, image noise, and shifts of head place-
ment between diffusion volumes. Scans were excluded 
if they had single slices of signal dropout affecting 10 or 
more diffusion directions, multiple slices of signal drop-
out on 5 or more diffusion directions, color banding evi-
dent in the red/green/blue (RGB) display of the primary 
eigenvector image, visible nods or head shakes between 
diffusion directions, or visible image noise.

3.5  |  GO-ESP diffusion estimation and 
tractography

For each subject, GO-ESP was used to calculate EP maps, 
and FSL’s dtifit33 was used to calculate FA maps for com-
parison to a more commonly used metric. To reconstruct 
the LC-TEC WM connections, we used GO-ESP to gen-
erate tracts intersecting two regions of interest (ROIs): a 
publicly available LC map,34 and the anterior division of 
the parahippocampal gyrus, meant to approximate the 
TEC, extracted from the Harvard-Oxford cortical struc-
tural atlas in FSL (HarvardOxford-cort-maxprob-thr50-1 
mm). Only the most anterior lateral portion of the anterior 
parahippocampal gyrus ROI was used to maintain speci-
ficity of generated tracts (Figure 3, middle panel). As both 

ROIs were created in standard Montreal Neurological 
Institute (MNI) coordinate space, SYMREG32 was used to 
register each participant’s EP map to the “MNI152_T1_1 
mm_brain” map from the template in FSL. These regis-
trations were used to transform the ROIs from MNI coor-
dinate space into each subject’s native diffusion space, in 
which tractography was performed.

Tractography was performed in two ways. Seeds were 
first distributed within a boxed region encapsulating the 
portion of the brain most likely to contain the LC-TEC 
pathway, excluding only the top part of the cerebral cortex 
and the brain below the ROIs; this was done instead of dis-
tributing seeds throughout the entire brain for efficiency 
(xyz coordinates in MNI space 0–200, 0–200, 0–142; Figure 
3, top panel). Only tracts that intersected both ROIs were 
kept (Figure 3, middle panel). We refer to this strategy as 
“widely distributed” seeding. Next, to increase the spatial 
consistency of output between subjects, we took the princi-
ple eigenmode of a representative LC-TEC pathway recon-
struction using widely distributed seeds, and binarized and 
dilated this region to obtain a mask that could be used as a 
more “spatially weighted” seeding region (Figure 3, bottom 
panel). In this approach, seeds are still distributed through-
out the boxed region described above, but placement is 
weighted more heavily within the “spatially weighted” 
mask. As before, only tracts that intersected both ROIs were 
kept. For both analyses, two million starting seeds were ran-
domly distributed throughout the seed regions, and track-
ing was only permitted to pass through regions where the 
EP was at least 0.5 (this value corresponds reliably with the 
location of WM). For efficiency and consistency, we have 
restricted our analyses to the principle eigenmode of the 
resulting connectivity matrix for all datasets.

To generate masks for visualization and statistical anal-
yses, we applied a threshold to the tract EMIs. The EMIs 
generated from tractography are automatically normal-
ized so that the sum of all included voxels is equal to one, 
where higher values correspond with a higher probability. 
To exclude voxels with the lowest probability of belong-
ing to the pathway, we kept only those highest value vox-
els whose intensities sum to 0.9. This technique ensures 
a level of within-subject anatomical consistency. These 
thresholded EMIs were binarized and used for the statis-
tical analyses as well as visualization in Figures 5 and 8.

3.6  |  Statistical analysis

For each participant, we computed the average of left and 
right LC-TEC pathway EP and FA. To examine associations 
between average bilateral LC-TEC EP and FA with CSF 
measures of amyloid (Aβ42/Aβ40), total tau, and p-tau, we 
performed Pearson partial correlations controlling for age.
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3.7  |  Replication in HCP datasets

To examine replicability across datasets with different ac-
quisition parameters, we repeated our analysis technique 
on a sample of five randomly selected dMRI datasets from 
the HCP, which provides multi-shell dMRI at an isotropic 
resolution of 1.5 mm.35,36 We used data from the MGH HCP 
Adult Diffusion release of 35 young adults.20 These data were 
collected on a customized MGH Siemens 3T Connectome 
scanner, which has 300 mT/m maximum gradient strength 
for diffusion imaging. Multiple diffusion-weighted shells 
were collected at b-values of 1000, 2000, 3000, 5000, and 
10000 s/mm2 with the number of directions being 64, 64, 
128, 128, 128, respectively. The data acquisition parameters 

were: slice thickness = 1.5 mm, FOV = 210 × 210 mm, TR/
TE = 8800/57 ms, matrix size = 140 × 140. The total acquisi-
tion time was approximately 89 minutes.

The downloaded HCP data were already minimally 
preprocessed using tools from Freesurfer V5.3.037 and 
FSL V5.0.25 Scans were corrected for gradient nonlin-
earity, bulk head motion,38 and eddy current distortions 
(b-vectors adjusted for correction26). The only additional 
preprocessing steps we performed were removal of non-
brain tissue using FSL’s BET31 and resampling to a 1 mm3 
resolution using SYMREG32 to be consistent with our pro-
cessing scheme. We then applied tractography as before, 
using the spatially weighted seeding strategy described 
above (Figure 3, bottom).

F I G U R E  3   Regions of interest. 
Top, Clear region indicates the “widely 
distributed” seed region. Middle, 
Inclusion regions in MNI space. Locus 
coeruleus (blue) and transentorhinal 
cortex (red). Bottom, Spatially weighted 
seed regions (yellow). Left, View from 
back of brain. Right, View from right side 
of brain
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3.8  |  Comparison with previous LC-TEC 
tractography reports

Because a previous reconstruction of the LC-TEC pathway 
has been reported16,17 and differs in spatial trajectory from 

ours (see the Results section; we refer to this as the “me-
dial” pathway to distinguish from the GO-ESP generated 
pathway), the last stage of our analysis was an explora-
tory investigation into the source of this discrepancy. Sun 
et al17 used different diffusion estimation and tractography 

F I G U R E  4   Representative LC-TEC pathway reconstruction using the spatially weighted seeding strategy. The 3D output of principle 
eigenmode of the LC-TEC tractography connectivity matrix from a representative subject. Left, view from back of brain. Middle left, View of 
left side of brain. Middle right, View of right side of brain. Right, View from top of brain

F I G U R E  5   Groupwise spatial frequency map of LC-TEC pathway reconstruction. Top, Output generated using widely distributed 
seeds. Bottom, Output generated using spatially weighted seeds. Individual participants’ thresholded principle EMIs were registered to MNI 
space, binarized, and summed. The intensity represents the number of subjects that had output in each respective voxel
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algorithms (state-of-the-art spherical deconvolution and 
fiber orientation distribution [FOD] -based probabilistic 
tractography39), as well as a different, two-stage seeding 
approach. They first used an amygdala mask as a target 
ROI to track from the LC, along with a dilated thalamus 
inclusion ROI and a ventral tegmental area (VTA) exclu-
sion ROI. They then used this output as a mask to track 
toward the TEC, again using the thalamus inclusion 
and VTA exclusion ROIs. Thus, we aimed to investigate 
whether the spatial discrepancy was due to differences in 
the dMRI algorithms and/or seeding strategies.

To accomplish this, we first applied our spatially 
weighted seeding approach, but used the LC-TEC proba-
bilistic atlas generated from Sun et al17 as a seeding mask 
rather than the LC-TEC mask from our own data. Next, we 
applied their seeding strategy in GO-ESP. Then, we com-
pared GO-ESP with spherical deconvolution and FOD-
probabilistic tractography in MRtrix3,40 first replicating 
the approach of Sun et al,17 and then tracking simply from 
LC to TEC without additional ROI constraints. Finally, 
we explored whether we could use GO-ESP to extract 
the medial pathway within our data, first by examining 
lower-ranked eigenmodes within our previously gener-
ated tractography output, and then by experimenting with 
different seeding strategies.

To compare the potential ability to detect AD-related 
pathology within this medial pathway versus the GO-ESP 
generated pathway, we registered the medial pathway pro-
vided in the publicly available atlas17 to each subject’s na-
tive diffusion space, extracted the average EP within this 
region, and performed additional correlations with CSF 
biomarkers.

4  |   RESULTS

4.1  |  Sample characteristics

The initial pool of data consisted of 53 dMRI scans from 
cognitively normal older adults. Three scans were excluded 
during quality inspection. The remaining 50 participants 
were predominantly women (n = 38), with an average age 
of 73.92 y (range: 62–85; SD = 6.02). Our sample had an 
average of 15.96 y of education (range: 12–20; SD = 2.11), 
and was mostly white (n = 44) and non-Hispanic/Latino 
(n = 45) (see Supporting Information Table S1, which is 
available online).

4.2  |  Reconstruction of LC-TEC tracts

Diffusion estimation and tractography were performed 
using both seeding strategies described above (“widely 

distributed” and “spatially weighted”). Of these, 49 were 
initially successful (see Figure 4 for example from a rep-
resentative subject using the spatially weighted seeding 
strategy); one participant had failed tractography on the 
right side. Further inspection revealed a cranial nerve 
that appeared very bright on the EP map and appeared 
to connect the brainstem with the medial temporal lobe, 
resulting in tracts that incorrectly crossed over before the 
temporal lobe connects with the midbrain. This nerve was 
manually removed from the EP map, and the tractography 
was re-run successfully.

Slice-wise maps demonstrating inter-subject spatial 
consistency of the principal LC-TEC EMIs generated from 
GO-ESP are shown in Figure 5. The thresholded EMIs for 
all participants were registered to standard MNI space, 
binarized, and summed to create the inter-subject spatial 
consistency maps (Figure 5). Importantly, no threshold 
was set for the number of participants having overlapping 
output in a given voxel, so these maps do not represent a 
best-case scenario but reveal the full extent of EMI output 
across participants. While the overall spatial trajectories of 
the pathways generated using the two seeding strategies 
were very similar, using a more spatially weighted seeding 
strategy resulted in more anatomical consistency between 
subjects (Figure 5).

4.3  |  Associations between LC-TEC 
pathway EP and CSF biomarkers

Twenty of our participants had CSF biomarker data avail-
able. Averages and ranges of CSF biomarker data can be 
found in Supporting Information Table S1. Average bilat-
eral LC-TEC EP was significantly negatively associated 
with CSF p-tau (r = −0.538; p = 0.018), and was posi-
tively, but not significantly, associated with Aβ42/Aβ40 
(r = 0.416; p = 0.076). Average bilateral LC-TEC FA was 
significantly negatively correlated with CSF total tau (r = 
−0.645; p = 0.003) and p-tau (r = −0.479; p = 0.038), but 
not Aβ42/Aβ40 (r = 0.037; p = 0.882). Average EP within 
the bilateral medial pathway was not associated with any 
CSF biomarkers (Figure 6).

4.4  |  Replication in HCP datasets

Diffusion estimation and tractography were performed 
using an identical processing pipeline as above for five 
sample HCP subjects, using the spatially weighted seed-
ing strategy that provided the most consistent output in 
our data. The reconstructions were anatomically consist-
ent among all subjects (Figure 7). Furthermore, the spatial 
trajectory of these reconstructions resembled the output 
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generated from our data (Figure 4). Figures 4 and 7 pro-
vide 3D representations of the spatial trajectory of the LC-
TEC pathway as shown in the slice-wise group frequency 
maps in Figure 5. Together, these results demonstrate 
consistency between both individual datasets, as well as 
between different participant characteristics (ie, age), ac-
quisition schemes, and MRI machines (GE vs. Siemens).

4.5  |  Comparison with previous LC-TEC 
tractography reports

Because reconstruction of the LC-TEC pathway has been 
reported previously,16,17 we investigated the spatial simi-
larity of these previous results to our own. Strikingly, our 
results differ significantly in terms of spatial trajectory. 
While the LC-TEC map generated by Xia and Shi16 and 
Sun et al17 stays medial and proximal to the thalamus 
before turning into the TEC, our LC-TEC map makes 
the turn from the brainstem into the TEC much sooner 
(Figure 8). This notable difference prompted us to inves-
tigate whether this discrepancy was due to differences in 
analysis algorithms and/or seeding strategies.

First, we used GO-ESP and applied our spatially weighted 
seeding approach, but used the LC-TEC probabilistic atlas 
generated from Sun et al17 as a seeding mask rather than 
the LC-TEC mask from our own data. Interestingly, the re-
sulting EMIs resembled the pathway we consistently see 
with our approach rather than the medial pathway (Figure 
9A). Next, we used GO-ESP but applied the seeding strat-
egy from Sun et al.17 Again, the resulting EMIs resembled 
that of our own findings rather than the medial pathway 
(Figure 9B). Next, we replicated the approach of Sun et al17 
and used the spherical deconvolution and FOD tractogra-
phy tools in MRtrix3, along with their two-stage seeding 
approach, and unsurprisingly replicated their medial path-
way (Figure 9C). Interestingly, when we used MRtrix3 to 
track from the LC seed ROI with only the TEC as an inclu-
sion ROI, the resulting pathway resembled the medial tract 
from Sun et al17 (Figure 9D). Taken together, these compar-
ative results suggest that the difference in spatial trajectory 
between our pathway and that of Sun et al17 looked to be 
due to the different dMRI analysis algorithms rather than 
choice of ROIs and seeding strategies.

Finally, we explored whether we could extract the me-
dial pathway using GO-ESP. We examined some of the 

F I G U R E  6   Associations between LC-TEC connectivity metrics and CSF biomarkers. Pearson partial correlations were used, controlling 
for age. Average bilateral LC-TEC EP is significantly negatively correlated with CSF p-tau (r = −0.538; p = 0.018; bottom left). Average 
bilateral LC-TEC FA is significantly negatively correlated with CSF total tau (r = −0.645; p = 0.003; middle middle) and p-tau (r = −0.479; p 
= 0.038; bottom middle). Average bilateral medial (MRtrix) path EP is not significantly correlated with any CSF biomarkers
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lower-ranked eigenmodes from our tractography results, 
wherein we markedly observed a similar pathway from 
output generated using the widely distributed seeding 
strategy in one HCP subject (Figure 10A). However, this 
finding appeared to be sporadic, so we next tried differ-
ent seeding approaches to more reliably extract the me-
dial path. First, we used the most anterior-medial portion 
of an amygdala ROI as an additional seeding region. This 
consistently resulted in EMIs closer to the midline, but 
still not quite resembling that of Sun et al17 (Figure 10B). 
We then tried using 2D disc-shaped ROIs right along the 
midline, encompassing the most anterior-medial portion 
of the LC-TEC atlas generated by Sun et al.17 This consis-
tently resulted in EMIs more closely resembling the me-
dial pathway (Figure 10C).

5  |   DISCUSSION

Diffusion-weighted MRI is the best available tool for in 
vivo examination of WM pathways in the human brain. 
Despite significant progress in dMRI acquisition and 
analysis techniques, there remain significant limitations 
in standard analysis methodologies that ultimately limit 
its clinical utility. The application to tractography in the 
LC-TEC complex discussed in this paper, a crucial path-
way for its putative role in the initiation and progression 
of AD pathologic changes, highlights the central issue: the 
difficulty in accurately reconstructing pathways passing 
through regions with complex fiber orientation distribu-
tions. GO-ESP was developed with a motivation to im-
prove upon some of these difficulties, and takes a novel 

F I G U R E  7   3D LC-TEC principle EMIs for 5 HCP participants using the spatially weighted seeding strategy. Left, View from back of 
brain. Middle left, View of left side of brain. Middle right, View of right side of brain. Right, View from top of brain. HCP subject identifiers 
are indicated on the left of each row
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mathematical approach to the problem based fundamen-
tally on probability theory.18,19 We have applied this tech-
nique to reconstruct the LC-TEC pathway in a sample of 
cognitively normal older adults, and a subsample with 
varying degrees of underlying AD biomarkers, to provide 
feasibility of in vivo examination of this important tract in 
the pathophysiology of AD.

Interestingly, our results show moderate to large neg-
ative associations between both LC-TEC pathway EP and 
FA with CSF measures of p-tau protein accumulation. This 
relationship is consistent with the assumption that higher 
CSF tau signifies neurodegeneration, as it is thought that 
tau-mediated neurofibrillary tangles leak out of dying 
neurons and diffuse into the CSF. We did not see signifi-
cant associations between LC-TEC pathway EP or FA with 
CSF amyloid, although the effect size for the positive asso-
ciation between EP and amyloid was moderate, while that 
for the FA-amyloid relationship was weak. Thus far, these 
findings suggest that FA and EP may have similar ability to 
detect microstructural tau pathology, although EP might 
have additional sensitivity to detect amyloid pathology. 
Of course, further investigations with much larger sample 
sizes are needed to support these hypotheses. Notably, EP 
computation depends on parameters such as length sen-
sitivity, so it is possible that the calculation can be further 
optimized to be more sensitive to particular pathology, 
a worthy avenue of future research. Furthermore, while 
our results apply only to cognitively normal older individ-
uals, given the evidence for feasibility of LC-TEC track-
ing in our study and other studies, future investigations 
will assess the integrity of this pathway in the context of 
AD, including associations with cognitive decline or other 
AD biomarkers. Such findings would have implications 
for an improved understanding of the earliest pathologic 

changes in AD and may highlight future treatment targets 
to prevent the spread of pathology prior to the clinical 
manifestation of dementia.

As noted above, only one other group has published 
a tractography reconstruction of the LC-TEC pathway 
in two different reports.16,17 Xia and Shi16 reconstructed 
the right LC-TEC pathway, which required ad hoc tract-
filtering depending on group-wise consistency, which, 
while helping to generate more consistent and anatomi-
cally feasible tracts in this case, has the potential to com-
promise the ability to capture individual or between-group 
differences in WM structure and may overall reduce the 
sensitivity of the analysis. In addition, Sun et al17 used a 
tract-filtering algorithm based on topographic regularity,41 
which produced spatially consistent output between data-
sets without making assumptions about inter-individual 
consistency, but used strict anatomical priors in order to 
obtain a clean and reliable reconstruction. GO-ESP makes 
minimal assumptions about the data and no assumptions 
about the fiber structure.

Interestingly, our results differed in terms of spatial 
trajectory. We performed several iterations of testing to 
demonstrate that this discrepancy arose from inherent 
differences in the choice of dMRI analysis algorithms 
rather than from the choice of ROIs and seeding strategies 
(Figure 9). Indeed, even when using minimal seeding and 
inclusion ROIs (only LC and TEC) with the state-of-the-art 
MRtrix3 tools, we still obtained a pathway resembling that 
of Sun et al,17 whereas using the more restrictive seeding 
strategy (LC, amygdala, thalamus, VTA, and TEC) with 
GO-ESP still resulted in a more lateral pathway (Figure 5).

A major limitation of all of these studies, includ-
ing our own, is that the true anatomy of the human 
LC-TEC pathway is not well described as post-mortem 

F I G U R E  8   Comparison of our results using the spatially weighted seeding strategy (in red) with LC-TEC pathway probabilistic atlas 
from Sun et al. (2020) (in blue)
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mapping of the posited projections from brainstem LC 
nuclei have proven quite difficult. While the pathway 
has been characterized using anatomical tracing meth-
ods in rodents,42,43 we have no evidence from which to 
base the spatial trajectory of this pathway in humans. 
Braak and Del Tredici15 further note that the LC-TEC 
pathway takes its greatest form only in higher primates, 
so rodent anatomical work specifying the LC-TEC path-
way trajectory may have a paucity of connectivity and 
be relatively unhelpful. Sun et al17 state in their report 
that they are currently collecting high-resolution dMRI 
of post-mortem human brain tissue and plan to compare 
with expert delineations on slices of the same tissue to 
assess the accuracy of the reconstruction. This will be 
a critical next step to determine what anatomical con-
straints may or may not be appropriate for accurate re-
construction of the LC-TEC pathway(s). Thus, without a 
ground truth knowledge of the true anatomy of LC-TEC 
connections, we posit that both of these pathways could 
potentially be true. Indeed, it is possible that the two 
pathways represent alternative routes from the LC to the 

TEC, as having all projections from the LC to the TEC 
pass through the amygdala could be problematic from a 
functional standpoint. In the interim, we believe the op-
tion of imposing the fewest assumptions and constraints 
onto the analyses is a more conservative strategy, and 
our conservative approach offers an alternative option 
for an LC-TEC pathway. Indeed, the fact that we are 
able to detect associations between EP and AD-related 
CSF biomarkers within the GO-ESP generated pathway 
and not the medial pathway supports the efficacy of our 
approach.

In summary, GO-ESP and EMI provide a unique op-
portunity to obtain more general, less biased descrip-
tions of putative neural fiber tracts from data acquired 
using standard dMRI acquisition schemes by coupling 
local diffusion and long-range connectivity information. 
Using these tools, we have demonstrated consistent 
tractography of a pathway within a highly complex neu-
roanatomical region where the limitations of standard 
analysis methods become the most apparent. This work 
was carried out in the context of a wider research focus 

F I G U R E  9   Comparison of GO-ESP with state-of-the-art approach. A, The 3D view of GO-ESP generated pathways from the back 
of brain. Left, Principal EMI generated using our spatially weighted seeding region (gray outline). Right, Principal EMI generated using 
dilated mask of medial pathway from Sun et al. (2020) as seeding region (grey outline). B, Red, Principal EMI generated from GO-ESP using 
LC, amygdala, and dilated thalamus as inclusion regions and VTA as an exclusion region. Blue, Medial track from Sun et al. (2020). C, 
Replication of medial pathway in MRtrix using seeding approach from Sun et al. (2020). D, Generation of medial pathway in MRtrix seeding 
from LC and using the TEC as the only inclusion region
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on AD, as the LC-TEC pathway has been implicated as 
an early region of disease-related pathologic transmis-
sion.9 Indeed, we have shown that AD-related pathology 
may be detectable within GO-ESP derived LC-TEC WM 
pathways. This study serves as a proof-of-concept that 
we can reliably reconstruct this pathway and paves the 
way for future efforts to apply these techniques to a clin-
ical sample with the goals of exploring how microstruc-
tural characteristics of the LC-TEC pathway differ along 

the aging-AD continuum and how they relate to other 
markers of AD pathology.
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