
 Motivation: Mounting evidence have shown that neurodegenerative

diseases manifest network dysfunction much earlier before the onset

of clinical symptoms. Accurately discovering spreading pathways of

neuropathological events is critical to investigate the

pathophysiological mechanism of AD progression.

 Challenges: Since the network topology varies significantly across

individuals, it is of high necessity to quantify the spreading pathway

and interpret the propagation pattern of neuropathological burdens in

a common space. Designing a network-specific algebra to

characterize the associated propagation in a common brain network

space is still an open challenge.

 Contribution: We propose a Riemannian manifold algebra to discover

a set of region-adaptive harmonic wavelets presented in the critical

spreading pathways.

 Conclusion: Our proposed method achieved more powerful

performance on both simulated and real network data.

Discovering Spreading Pathways of Neuropathological
Events in Alzheimer's Disease Using Harmonic Wavelets

Summary: A plethora of neuroscience studies show that characterizing the spreading pathway of neuropathological events provides a new window to understand the pathophysiological
mechanism of Alzheimer’s disease (AD) progression. However, little attention has been paid to the intrinsic geometry associated with the spreading pathway of neuropathological events, which
indeed requires a network-specific algebra to quantify the associated propagation profile across individuals. Here, we propose a novel manifold harmonic approach to construct a set of region-
adaptive harmonic wavelets, which allow us to capture diverse local network geometry in the aging population. The learned common harmonic wavelets constitute the most representative
spreading pathways that can be used to characterize the local propagation patterns of neuropathology on an individual basis. We have evaluated the power of our novel harmonic wavelets in
identifying AD-related spreading pathways that lead to cognitive decline. The harmonic-based propagation patterns show much high sensitivity and specificity in stratifying cognitive normal
(CN), early-stage mild cognitive impairment (MCI), and late-stage MCI, compared with other popular empirical biomarkers.
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Fig. 1. (a) The global nature of whole-brain harmonics precludes the identification of
oscillation-like alterations that occurred at each brain region. Since we derive the region-
adaptive harmonic wavelets within the associated subnetwork (b), our harmonic wavelets
(c-d) depict the local network alterations, which allows us to capture spatial-harmonic
patterns in brain network inference.

Method
 Overview of our method

 Energy function

arg min
𝚽

 𝑡𝑟 𝚽 𝑳𝚽 𝜇 𝑡𝑟 𝚽 𝑑𝑖𝑎𝑔 1 𝒖 𝚽 𝜇 𝑡𝑟 𝚽 𝚿𝚿 𝚽

𝑠. 𝑡.𝚽 𝚽 𝑰

 Optimization

Experiments
 Evaluate the Representation Power on Harmonic Wavelets

Introduction

Fig. 2. (a) The simulated brain network and one example of data array along with the network
nodes. The reconstruction loss on simulated data by using global harmonic bases 𝜳 𝑃
20 , global harmonic bases 𝜳 𝑃 25 , and our harmonic wavelets 𝜱 𝑃 20,𝑄 5 . (e) The
reconstruction loss on amyloid data on the brain network with 148 nodes by global harmonic
bases 𝜳 𝑃 60 in red, global harmonic bases 𝜳 𝑃 70 in green, and our harmonic
wavelets 𝜱 𝑃 60,𝑄 10 in blue, where ‘*’ denote statistical significance (𝑝 0.01).

 Discover critical spreading pathways of neuropathological events

Fig. 3. The visualization of the top three significant local harmonic wavelets associated with
amyloid-PET in CM/EMCI (left), EMCI/LMCI (middle), and CN/LMCI (right) comparison. The
underlying center node of the harmonic wavelet is designated with a red dot. The up/down
oscillation pattern in each wavelet is displayed by red/blue arrows.

 Evaluate the Diagnostic Value of Harmonic Wavelet Fingerprint

Data Methods Accuracy Sensitivity Specificity F-score

CN vs EMCI
Amyloid SUVR 0.561 0.017 0.558 0.016 0.567 0.019 0.574 0.017

Amyloid HWF 𝟎.𝟓𝟖𝟔 𝟎.𝟎𝟏𝟒∗ 𝟎.𝟓𝟕𝟔 𝟎.𝟎𝟏𝟑∗ 𝟎.𝟔𝟎𝟓 𝟎.𝟎𝟏𝟗∗ 𝟎.𝟔𝟏𝟕 𝟎.𝟎𝟏𝟓∗

EMCI vs LMCI
Amyloid SUVR 0.550 0.021 0.550 0.022 0.554 0.023 0.558 0.023

Amyloid HWF 𝟎.𝟓𝟖𝟕 𝟎.𝟎𝟐𝟎∗ 𝟎.𝟓𝟖𝟐 𝟎.𝟎𝟐𝟎∗ 𝟎.𝟓𝟗𝟖 𝟎.𝟎𝟐𝟐∗ 𝟎.𝟔𝟎𝟏 𝟎.𝟎𝟐𝟏∗

CN vs LMCI
Amyloid SUVR 0.653 0.015 0.639 0.014 0.678 0.018 0.671 0.015

Amyloid HWF 𝟎.𝟔𝟔𝟏 𝟎.𝟎𝟏𝟒∗ 𝟎.𝟔𝟓𝟐 𝟎.𝟎𝟏𝟑∗ 𝟎.𝟔𝟕𝟗 𝟎.𝟎𝟏𝟖∗ 𝟎.𝟔𝟕𝟐 𝟎.𝟎𝟏𝟓∗

Table 1. CN/EMCI/LMCI classification results of using amyloid SUVR and amyloid HWF

where 𝑳 is the Laplacian matrix derived from the common adjacency
matrix 𝑾. The global common harmonic waves is represented as 𝚿,
and 𝚽 stands for region-adaptive harmonic wavelets for node 𝑣 . 𝒖
denotes a binary mask vector centered at 𝑣 to restrict the localization
of harmonic wavelets.

The optimization of our objective function is boiled down to the eigen-
decomposition of the matrix 𝚯 :

arg min
𝚽

 𝑡𝑟 𝚽 𝚯 𝚽       𝑠. 𝑡.𝚽 𝚽 𝑰

𝚯 𝑳 𝜇 𝑑𝑖𝑎𝑔 1 𝒖 𝜇 𝚿𝚿 .

The region-adaptive harmonic wavelets can be used to characterize
the frequency-like feature representations for each instance of
neuropathology measurements (such as amyloid) 𝒇 𝑓 𝑗 ,
where each element in the data array 𝒇 corresponds to the exact
node in the underlying brain network. Thus, the localized harmonic
power, called harmonic wavelet fingerprint (HWF in short) per node
𝑣 and per harmonic frequency 𝑞 is calculated by:

 Application

where

ℎ , 𝑓 𝑗 𝜑 , 𝑗
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