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Abstract

Tau tangles are a pathological hallmark of Alzheimer?s disease (AD) with strong correlations 

existing between tau aggregation and cognitive decline. Studies in mouse models have shown that 

the characteristic patterns of tau spatial spread associated with AD progression are determined by 

neural connectivity rather than physical proximity between different brain regions. We present 

here a network diffusion model for tau aggregation based on longitudinal tau measures from 

positron emission tomography (PET) and structural connectivity graphs from diffusion tensor 

imaging (DTI). White matter fiber bundles reconstructed via tractography from the DTI data were 

used to compute normalized graph Laplacians which served as graph diffusion kernels for tau 

spread. By linearizing this model and using sparse source localization, we were able to identify 

distinct patterns of propagative and generative buildup of tau at a population level. A gradient 

descent approach was used to solve the sparsity-constrained optimization problem. Model fitting 

was performed on subjects from the Harvard Aging Brain Study cohort. The fitted model 

parameters include a scalar factor controlling the network-based tau spread and a network-

independent seed vector representing seeding in different regions-of-interest. This parametric 

model was validated on an independent group of subjects from the same cohort. We were able to 

predict with reasonably high accuracy the tau buildup at a future time-point. The network diffusion 

model, therefore, successfully identifies two distinct mechanisms for tau buildup in the aging brain 

and offers a macroscopic perspective on tau spread.
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1 Introduction

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder which is the leading 

cause of dementia in the elderly. Extracellular amyloid-β (Aβ) plaques and intracellular tau 

neurofibrillary tangles, the two hallmark pathologies of this disease, are believed to play a 

key mechanistic role in AD [8]. Studies show that misfolded tau pathology in the medial 

temporal lobe is an important biomarker for neurodegeneration in preclinical AD [3]. Unlike 
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Aβ, tau exhibits an anatomically stereotypical propagation pattern in the brain. A growing 

body of evidence indicates that tau spreads through the brain from neurons to nearby 

neurons in a prion-like fashion [5,11–14]. Studies in mouse models have shown that the 

characteristic patterns of tau spatial spread associated with AD progression are determined 

by neural connectivity rather than physical proximity between different brain regions [1]. 

Comprehension of neurodegenerative pathogenesis requires the understanding of 

proliferation and accumulation mechanisms of tau [10]. Network diffusion models [7,17,18] 

have had reasonable success predicting dementia patterns and as well as modeling the 

relationship between structural and functional connectivity in the human brain. In this paper, 

we present a network diffusion model for tau propagation that seeks to characterize – at a 

macroscopic level – its relationship with the axonal pathway distributions captured by the 

brain’s structural connectivity network.

In recent years, a number of novel positron emission tomography (PET) radiotracers have 

enabled in vivo visualization of tau burden. Recent studies report that 18F-flortaucipir PET 

imaging of tau [20] allows in vivo Braak staging based on tracer uptake measures and that 

the spatial distribution patterns of the tracer mirror clinical and neuroanatomical variability 

in AD [9,15,19]. Here we use longitudinal 18F-flortaucipir tau PET data collected at two 

time-points for obtaining regional tau measures. White matter fiber bundles generated via 

diffusion tensor imaging (DTI) are used to compute the structural connectivity network 

graphs for each subject.

In section 2, we present the derivation and implementation of the network diffusion model. 

The data processing and analysis details are provided in section 3, while our main findings 

are reported in section 4. In section 5, we summarize this work, discuss its strengths and 

limitations, and present our envisioned future directions.

2 Theory

2.1 Network Diffusion Model

We model the accumulation of tau as a diffusion process on a brain network graph defined as 

𝒢 = (𝒱, ℰ) where the ith node, νi ∈ 𝒱, represents the ith gray matter parcellation or region-

of-interest (ROI), |𝒱 | = N is the number of ROIs, and ∊ij ∊ ε represents fiber connectivity 

between node νi and node Vj. The regional tau burden is a time-varying signal defined on 

the graph G and can be represented as a vector x(t) = x νi, t , νi ∈ 𝒱 , x(t) ∈ ℝN. x(t) is the 

solution to a first order partial differential equation, usually referred to as the network 
diffusion equation:

∂x(t)
∂t = − βLx(t), (1)

where L ∈ ℝN × N is the static graph Laplacian matrix based on DTI, which captures the 

structural connectivity of an individual subject’s brain. Solutions to (1) are of the form:
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x(t) = e
−βL t − t0 x t0 , (2)

where x(t0) is the initial tau burden at time t0. To model proteopathic tau seeding [6] in 

addition to network-dependent spread, we add a source term s(t) to (1) as follows:

∂x(t)
∂t = − βLx(t) + s(t) . (3)

For s(t) = αδ t − t0
+ , an impulsive source at t = t0

+, the solution to this equation

x(t) = e
−βL t − t0 x0 + e

−βL t − t0
+

αu t − t0
+ , (4)

where u t − t0
+  is the unit step function at t0

+. In subsequent analyses, we replace t0
+ with t0 

in the second term.

2.2 Longitudinal Two Time-Point Model

For longitudinal two time-point tau PET datasets, t0 represents the time-point at which a 

baseline tau PET scan is performed and t represents a second time-point at which either a 

follow-up tau PET scan is performed or at which the tau burden is to be predicted using the 

network diffusion model. For simplicity, we denote the tau buildup at t0 and t by x0 and xt 

respectively and the time gap as Δt = t − t0. For preclinical AD, tau accumulation occurs at a 

slow rate. Using this rationale, we linearize (4) via the relationship:

e
−βL t − t0 ≃ I − βL t − t0 . (5)

Accordingly, the solution can be approximated as:

xt = [I − βLΔt] x0 + α . (6)

For ease of notation, we denote:

H(β) = I − βLΔt . (7)

We can estimate the parameters α and β by minimizing the data fidelity cost function:
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min
β, α

1
2 H(β) x0 + α − xt 2

2 . (8)

The unknowns in this model are α and β. For group-level prediction, we extend (8), which is 

an individual model, to a jointly fitted model for the entire cohort where, k = 1, 2,… M, M 
being the number of subjects. We modify (7) to incorporate the index k as follows:

H(k)(β) = I − βL(k)Δt(k) . (9)

The new group-level data fidelity cost function is as follows:

ΦDF(α, β) = ∑
k

1
2 H(k)(β) x0

(k) + α − xt
(k)‖2

2 . (10)

To ensure a spatially sparse distribution of tau seeds, we introduce an L1 penalty on α. To 

ensure small values of β, which is the basis of linearization, we introduce an L2 penalty on 

β. The penalty terms are grouped together as a combined regularization function given by:

ΦR(α, β) = λ1 |α | + 1
2λ2β2, (11)

where λ1 and λ2 are regularization parameters.

2.3 Implementation

We use an alternating gradient descent strategy to solve the associated constrained 

optimization problem:

(α, β) = arg min
α ≥ 0, β ≥ 0

Φ(α, β), (12)

Φ(α, β) = ΦDF(α, β) + ΦR(α, β) . (13)

The partial derivatives with respect to β are computed as follows:

∂ΦDF
∂β = ∑

k
−Δt(k)L(k) x0

(k) + α T H(k)(β) x0
(k) + α − xt

(k) , (14)
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∂ΦR
∂β = λ2β . (15)

The partial gradients with respect to α are computed as follows:

∇αΦDF = ∑
k

H(k) T H(k)(β) x0
(k) + α − xt

(k) , (16)

∇αΦR = λ11, (17)

where 1 represents a vector with all entries equal to the number 1. In deriving (17), we rely 

on the fact that our constrained optimization algorithm restricts the solution for α to the non-

negative orthant where the L1 norm is differentiable.

3 Experiments

3.1 Data Description

All experiments relied on data from the Harvard Aging Brain Study (HABS) [4], which is an 

ongoing longitudinal study aimed at revealing the differences between normal aging and 

preclinical AD. Datasets available from this study include longitudinal data of 

neuropsychological scores as well as multimodality neuroimaging data.

3.2 Subject Information

We applied the model to 62 subjects (75.85 ±6.18 years, 37 females) from HABS with Tl-

weighted high-resolution anatomical MR images, diffusion MR images, and two time-point 
18F-flortaucipir PET scans for tau.

3.3 Data Acquisition and Processing

The overall data preprocessing workflow is depicted in Fig. 1. All MR imaging was 

performed on a Siemens Tim Trio 3T MR scanner with a 12-channel phased-array head coil. 

High-resolution, T1-weighted MR images were obtained using an MPRAGE pulse 

sequence.

DTI Processing—Diffusion MRI data preprocessing comprised correction of subject 

motion, eddy current distortion correction, and tensor model estimation. The first two steps 

were performed using FSL [2] while the last step was processed in MedINRIA [21]. We also 

enabled the embedded feature of automatic brain extraction during tensor model estimation. 

Diffusion tensor maps of fractional anisotropy (FA), mean diffusivity, axial diffusivity, and 

radial diffusivity were computed. After DTI data preprocessing, deterministic tractography 

was performed using MedINRIA. Tractography comprises seeding, propagation, and 

termination of streamlines indicative of fiber pathways. The seeding and termination of these 
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pathways is determined by the starting and stopping FA threshold values, which were set at 

0.07 and 0.1 respectively in accordance with literature-suggested numbers for the adult 

brain. The minimum length for a streamline to be considered a valid representation of a fiber 

pathway was set to 10 mm.

To adjust for linear shifts in head position and scale within the same subject, each T1-

weighted scan was registered to the corresponding diffusion MR scans using FSL with 9-

parameter registration based on a mutual information cost function. We retained only the 

tracts starting and ending at the 112 FreeSurfer-defined cortical and subcortical ROIs. The 

reconstructed streamlines or tracts were counted for each pair of ROIs leading to pairwise 

connection strengths used to construct a 112 × 112 adjacency matrix.

PET Acquisition and Processing—PET images were acquired on a Siemens 

(Knoxville, TN) ECAT HR+ scanner (3D mode, 63 image planes, 15.2-cm axial field of 

view, 5.6-mm transaxial resolution, and 2.4-mm slice interval). 18F-flortaucipir scans were 

performed 80 – 100 min after a 9.0 – 11.0 mCi bolus injection in four 5-minute frames.

Each attenuation-corrected PET image frame was verified for adequacy of counts and 

absence of head motion during imaging. For anatomical reference, the 18F-flortaucipir PET 

image from each subject was rigidly co-registered with the corresponding T1-weighted MR 

image using SPM8 [16]. FreeSurfer ROIs were mapped into the PET native space.We 

calculate the standardized uptake value ratio (SUVR) for each of the 112 ROIs using 

FreeSurfer’s cerebellar gray ROI mean as the reference.

4 Results

4.1 Parameter Estimation

The model parameters α and β were computed from two time-point data for the 62-subject 

cohort described in section 3.2. Fig. 2 shows the differential aggregation of tau across the 

two time-points averaged over the cohort and split into propagative and generative 

components. Tau aggregation in disparate regions of the brain is differently impacted by the 

diffusive spread vs. generative buildup. Consistent with our understanding of early AD, 

some of the strongest seeding effects were observed in several medial temporal areas such as 

the inferior temporal lobe, fusiform gyrus, entorhinal cortex, and the parahippocampal 

gyrus. Several limbic and subcortical regions also exhibited prominent roles in tau seeding.

4.2 Model Validation

Model parameters estimated for the 62-subject-group were validated using an independent 

group of 10 subjects. This validation dataset contained 18F-flortaucipir PET scans at three 

distinct time-points (t1, t2, t3). α and β computed from the 62-subject dataset were used to 

predict tau at t2 from tau at t1 and tau at t3 from tau at t2 for the 10-subject dataset. Fig. 3 

shows predicted vs. observed scatter plots for time-point combinations (t1, t2) and (t2, t3). 

Table 1 shows goodness-of-fit measures for the predicted vs. observed data, including the 

sum of squares due to error (SSE), R2, adjusted R2, and root-mean-square error (RMSE). 

Our results indicate high prediction accuracy for (t1, t2) and diminished accuracy for (t2, t3).
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5 Conclusion

We presented here a macroscopic model of tau spread and seeding based on structural 

networks derived from DTI and longitudinal tau measures based on 18F-flortaucipir PET. 

The model relies on a linearized solution to the network diffusion equation and incorporates 

a spatially sparse source term capturing network-independent seeding. The model 

parameters were computed using data from 62 HABS subjects with diffusion MR data and 

two time-point 18F-flortaucipir PET data. The fitted model parameters were validated on an 

independent group of 10 subjects with longitudinal 18F-flortaucipir PET available at three 

time-points. The parametric model identified strong network-independent seeding in several 

anatomical areas believed to play prominent roles in preclinical AD.

One key limitation of the existing implementation is that it is based on a linear 

approximation motivated by the availability of only two temporal samples in the longitudinal 

tau PET study. Since the model parameters were estimated for an early cross-section of the 

preclinical AD population, the model’s accuracy is expected to diminish for later disease 

stages. The model exhibited higher accuracy when applied to data from the first two time-

points of the validation dataset. As expected, the accuracy was lower for data from the 

second and third time-points. It is understandable that, for these cases, the approximate 

linear model exhibits a greater divergence relative to the original exponential model.

We have demonstrated the effectiveness of a network diffusion approach to model and 

predict tau aggregation based on structural connectivity. Our model identified distinct 

patterns of network-based propagative and network-independent generative buildup of tau in 

an elderly cohort. Our future work would involve extending this implementation to fit a 

piecewise linear model to three time-point datasets as they gradually become available in 

greater numbers for the HABS cohort.
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Fig. 1. 
Sample 18F-flortaucipir PET, diffusion MR, and Tl-weighted MR images, the FreeSurfer 

atlas, and a sample weighted adjacency matrix. White matter fiber tracts were reconstructed 

from the diffusion MR images via tractography (step A) using the software MedlNRIA. The 

T1-weighted anatomical reference images were segmented by means of deformable 

registration to match the FreeSurfer atlas (step B). Fiber counting was performed on the 

segmented diffusion image volumes to derive pairwise inter-region connection strengths 

thereby yielding an adjacency matrix (steps C and D). The mean 18F-flortaucipir specific 

binding was computed for the FreeSurfer ROIs.
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Fig. 2. 
Tau seeding and spread at different ROIs. (a) Spatially sparse sources (localized seeds) 

identified by the network diffusion model sorted in descending order of strength. (b) The 

corresponding relative extents of tau buildup in different anatomical ROIs via spread alone 

(propagative buildup) and seeding-induced spread (generative buildup).
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Fig. 3. 
Scatter plots showing predicted vs. observed ROI mean tau values. (a) Tau at time-point t2 

predicted from tau at time-point t1. (b) Tau at time-point t3 predicted from tau at time-point 

t2. Linear regression lines are shown in blue.
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Table 1.

Model validation: Goodness-of-fit between predicted and observed tau

Time-points SSE R2 Adjusted R2 RMSE

(t1, t2) 5.449 0.8803 0.8802 0.0698

(t2, t3) 19.24 0.6207 0.6204 0.1312
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