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Background
Alzheimer’s disease (AD) is a heterogeneous neurodegenerative disorder characterized by diverse molecular and clinical presentations. While canonical biomarkers such as amyloid-β (Aβ) and tau provide key diagnostic insight, they do not fully capture the biological variability underlying disease progression.

Recent advances in high-dimensional proteomics enable the study of thousands of proteins simultaneously, offering a more comprehensive view of disease-related molecular processes.
Electroencephalography (EEG) is a non-invasive and cost-effective method for measuring brain activity, with potential for early detection of Alzheimer’s disease. Changes in neural oscillations and functional connectivity motivate the use of EEG-derived features for classifying neurological conditions.

In resting-state fMRI analysis, brain networks are represented as weighted graphs derived from functional connectivity. To analyze these structures, persistent homology has emerged as a powerful framework, capturing multi-scale brain network organization through persistence diagrams and Wasserstein distance metrics. Furthermore, modeling these features within a Markov progression framework allows for the characterization of stochastic transitions between disease states, providing a clear probabilistic timeline for clinical decline.


[image: ]
Quantifying Brain Network Changes with Bayesian Inference
Our research showed that using a Bayesian inference framework addresses some of the limitations of traditional statistical methods in detecting subtle brain network changes. This approach models functional brain networks as weighted graphs, using persistent graph homology to extract features and Markov Chain Monte Carlo sampling to generate complete posterior distributions. By computing Bayes Factors, the framework allows us to quantify the strength of evidence for group differences rather than relying on simple binary significance testing. When applied to Duke/UNC Alzheimer’s Disease Research Center fMRI data, our model successfully provided decisive evidence of early-stage amyloid-related network alterations that conventional permutation tests completely missed. Furthermore, the posterior distributions confirmed that tau pathology induces substantially larger network disruptions than amyloid accumulation, aligning with established neuroscience regarding Alzheimer's disease progression.
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Persistent Homology on Proteomic Data

Data used in the preparation of this article were obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). The ADNI was launched in 2003 as a public-private partnership, led by Principal Investigator Michael W. Weiner, MD. The primary goal of ADNI has been to test whether serial magnetic resonance imaging (MRI), positron emission tomography (PET), other biological markers, and clinical and neuropsychological assessment can be combined to measure the progression of mild cognitive impairment (MCI) and early Alzheimer’s disease (AD). For up-to-date information, see www.adni-info.org.  
Persistent homology is a method from topological data analysis that helps us understand the shape and structure of complex data without making strong assumptions. It works by identifying stable patterns (like clusters or loops) that persist across different scales, which makes it especially useful for detecting meaningful structure in noisy biological data.
In our analysis, we used persistent homology on proteomic data to uncover the intrinsic organization of Alzheimer’s disease. We found strong evidence for two dominant subtypes, which appear as stable connected components across the filtration.
Importantly, when we looked more closely at one of these subtypes, we identified three additional sub-subtypes, suggesting a more hierarchical structure rather than a simple flat classification. This indicates that Alzheimer’s disease may have layered heterogeneity, with finer-grained variation within major groups.
These subtypes were primarily distinguished by differences in canonical Alzheimer’s disease biomarkers and related molecular profiles. One subtype showed higher total tau and phosphorylated tau levels, together with increased APOE ε4 carrier frequency, consistent with a more tau-associated disease profile. The second subtype exhibited lower tau pathology and a comparatively milder molecular pattern. Within the dominant subtype, the identified sub-subtypes further separated individuals into groups with low, intermediate, and high tau burden. 
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Figure 2 Multi-scale Vietoris–Rips filtration visualizations of proteomic similarity structure across discovery cohort.
Top left: Vietoris–Rips filtration of the full discovery cohort at the PH-selected threshold (ε = 0.0335), illustrating the emergence of two dominant connected components (H_0), consistent with the primary subtype separation. Top right: Filtration restricted to the largest subtype, revealing three sub-subtypes at a finer scale (ε = 0.0209), corresponding to internal H₀ splits within the dominant cluster. In all panels, nodes represent patients, edges indicate pairwise similarity below ε, and filled triangles denote higher-order simplices (2-simplices), highlighting local geometric connectivity. The persistence of these structures across scales  supports a hierarchical organization of Alzheimer’s disease heterogeneity.


Markov Progression and Autoregressive Modeling for Disease Evolution
We will now look at modeling Alzheimer’s progression through a Markov framework. In a pure Markov model, the next state depends only on the current state, and not on any previous states. In disease progression, however, this is often not true, as time spent in a state plays a role in progression. We therefore modeled Alzheimer’s progression using a semi-Markov framework, taking into account the current state and time spent in the state.

Next, we aim to predict disease worsening through an autoregressive model. The NACC UDS dataset is heavily imbalanced when it comes to progression, as patients stay in the same state between visits over 90% of the time. We therefore used a class-weighted autoregressive model, modifying the loss function to penalize rare class progression more heavily. The degree 2 autoregressive model conditions on the current state, previous state, and gap between visits. We used a train-test split to select a threshold of .675 that was the disease progression boundary, chosen by maximizing the F1 score on the training set. Next steps include adding more NACC variables with significant predictive ability, such as sex and age, to better model the relationship.
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EEG Brain Activity
We extended our multi-modal framework to electroencephalography (EEG), a non-invasive modality that captures brain activity with high temporal resolution. Unlike structural or molecular data, EEG reflects real-time neural dynamics, making it well-suited for identifying functional disruptions associated with neurological disease.
In our analysis, we extract spectral bandpower and functional connectivity features to characterize differences in brain activity across Alzheimer’s disease (AD), Frontotemporal Dementia (FTD), and control groups. These features are then used as input to classification models, allowing us to evaluate the extent to which EEG-derived signals can distinguish between clinical populations.
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From the Alpha & Theta power distribution, we see some visually distinct features between AD, FTD, and CN diagnoses. From the EEG Average Functional Connectivity analysis, we see that there are strong positive correlations across channels, similar structure across groups, and that the differences are subtle. Next steps would be to extract more informative features such as bandpower ratios (e.g., theta/alpha), time-frequency representations like STFT or wavelets, and advanced connectivity measures like coherence, along with using larger datasets and more refined graph-based approaches, which may help improve classification performance.
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Conclusion and Learning
Alzheimer’s is a deeply complex disorder requiring a multi-modal approach to capture early-stage network changes. By combining neuroinformatics with topological data analysis, we learned how molecular pathology translates into functional brain disruptions often missed by traditional methods. Navigating and interpreting real-world data from NACC, including the difficulty in modeling rare events, taught us the value of methodological flexibility in research. Furthermore, EEG functional connectivity and proteomic subtyping allowed us to see how these changes manifest in neural signatures. This collaborative effort spanned neuroscience, statistics, and computer science, teaching us the importance of a diverse team in uncovering insights from research.
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Electroencephalography (EEG) is a non-invasive and cost-effective method for measuring
brain activity, with potential for early detection of Alzheimer's disease. Changes in neural
oscillations and functional connectivity motivate the use of EEG-derived features for
classifying neurological conditions.

In resting-state fMRI analysis, brain networks are represented as weighted graphs derived
from functional connectivity. To analyze these structures, persistent homology has emerged
as a powerful framework, capturing multi-scale brain network organization through
persistence diagrams and Wasserstein distance metrics.

OBJECTIVES

* Identify data-driven proteomic subtypes of Alzheimer's disease

« Use diffusion geometry to capture nonlinear relationships between patients

« Apply persistent homology to detect intrinsic clustering structure

« Validate subtype robustness using independent replication cohort

« Assess biological relevance using CSF biomarkers (AB42, tau, p-tau)

« Detect subtle brain network changes using a sensitive Bayesian topological framework.

* Model AD progression using a Semi-markov framework, predicting state transitions
through an autoregressive model.

« Develop EEG-based features (bandpower and functional connectivity) to characterize
differences across AD, FTD, and control groups and evaluate machine learning models.

« Assess whether functional connectivity provides additional discriminatory power beyond
spectral features.

PERSISTENT HOMOLO

Topological data analysis (TDA) provides a framework for identifying robust, multi-scale structure
in complex datasets without imposing strong assumptions. In particular, persistent homology
enables detection of stable subgroup structure based on the geometry of the data. Topological
and geometric analyses revealed two dominant proteomic subtypes. The persistence diagram
(left) shows HO (connected components) and H1 (loops) features across the filtration, with a
prominent HO feature exhibiting extended lifetime, indicating a strong separation in the data.
The Betti-0 curve (right) tracks the number of connected components as the filtration parameter
increases and shows a dlear transition to a stable two-component regime, consistent with the
presence of two major proteomic subtypes.

Fig. 2. Topological and geometric evidence of two dominant proteomic subtypes

BAYESIAN INFERENCE BASED ON NETWORK ANALYSIS

Subtle alterations in brain network topology often evade detection by traditional statistical methods. To
address this limitation, we introduce a Bayesian inference framework for topological comparison of brain
networks that probabilistically models within- and between-group dissimilarities. The framework employs
Markov chain Monte Carlo sampling to estimate posterior distributions of test statistics and Bayes factors,
enabling graded evidence assessment beyond binary significance testing. Simulations confirmed statistical
consistency to permutation testing. Applied to MRI data from the Duke/UNC Alzheimer's Disease Research
Center, the framework detected topology-based network differences that conventional permutation tests
were unable to reveal, highlighting its enhanced sensitivity to early or subtle brain network alterations in
clinical neuroimaging.

Our methodology primarily consists of three steps: First, we model functional brain networks as weighted
graphs, apply persistent graph homology to extract features, and quantify network dissimilarities using the
Wasserstein distance. Second, rather than relying on point estimates, we construct a Bayesian inference
model by assuming normal distributions for within- and between-group distances alongside weakly
informative priors. Finally, we employ Markov Chain Monte Carlo (MCMC) sampling to generate complete
posterior distributions for test statistics (ratio and difference), and compute Bayes Factors via leave-one-out
cross-validation to rigorously quantify the strength of evidence for topological group differences

T Betwees

Bayesian Model

Within-group Distance: dy ~ Gammal(y, o3)

up Distance: d; ~ Gamma(u, o)

Prior Distribution
i, ~ LogNormal(—

at, 0% ~ InverseGamma(0.01,0.01)

- Infernce
Framerork

Test Statistics
Relutve dillrence: f = i/ e
Group separation: ~

Bayes Factor
BE = p(dlH,)/ p(dlily)

Our results demonstrate that the proposed
Bayesian framework offers superior sensitivity
compared to Lraditional permutation testing.
Specifically, while permutation tests failed to
detect significant topological differences in the
e~ e early-stage Amyloid group, the Bayesian approach
provided decisive evidence of these alterations.
Furthermore, the posterior distributions clearly
quantify thal Tau pathology induces substantially
larger network disruptions than Amyloid
accumulation, a finding that perfectly aligns with
established neuroscience literature regarding,
Alzheimer's disease progression.
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MARKOV PROGRESSION

AD progression as defined by clinical diagnosis i often
modeled as Markov (the next cognitive stage depends only on
the current one. Because time spent in a stage can change
short-term risk, we used 2 semi-Markov framing and justified it
with transition probability analysis by duration in state (NACC
ups)

We then applied autoregressive conditioning on prior stage,

current stage, and inter-visit gap. Multiclass next-state models

canlook accurate overall yet miss rare worsening. We

therefore fit a class-weighted binary model for == = "
Psi01 > 8¢ | 801, 80, 83p)

We then chose the decision threshold on training data to

maximize F1, and report precision, recall, and F1.on held-out

subjects in the figure.

EEG-BASED CLASSIFICATION

Electroencephalography (EEG) provides a non-invasive way to study brain activity and has been widely
used o investigate neurological disorders such as Alzheimer’s disease (AD) and Frontotemporal
Dementia (FTD). These conditions are associated with changes in brain rhythms and connectivity
patterns. The goal of this project is to analyze resting-state EEG recordings and evaluate whether
simple features, such as bandpower and functional connectivity, can be used to distinguish between
AD, FTD, and healthy control (CN) subjects.

Methods

EEG data were obtained from the publicly available OpenNeuro dataset ds004504, which includes
resting-state, eyes-closed recordings from 88 subjects across three groups: Alzheimer’s disease (AD),
Frontotemporal Dementia (FTD), and healthy controls (CN).

Feature Extraction Connectivity Analysis
Bandpower features were computed
for each EEG channel using Welch's
method. Four frequency bands were
extracted

« Delta (054 Hz)

- Theta (4-8 Hz)

« Alpha (8-13 Ha)

« Beta (13-30 Ha)
This resulted in 76 features per subject
(19 channels x 4 bands),

Functional connectivity was computed using pairwise Pearson
correlation between EEG channels, resulting in a 19x19
connectivity matrix for each subject

Models

Three classification models were
evaluated:
« Logistic Regression (baseline)
« Randorm Forest.

‘Conneciity matices show broadly imilar patterns of posiive correlation scross
rain reg ons for bath AD and contral subjects, icicating the cfferences in
connacivity are subtle

* Support Vector Machine (SVM) Model TrainAccuracy  Test Accuracy
Logistic Regression 083 o5

Features were standardized before a gd s e N 5 oas

training, and data was splitinto training " oo™ FOre

(80%) and testing (20%) sets svm on 044

Logistic regression achieved the best test accuracy (-50%), outperforming more complex models,
Random Forest showed clear overfitting, while SVM underperformed, suggesting limited separability of
the data

Histograms of bandpower
features show substantial
overlap between diagnostic
groups. While some differences
in distribution and variability

. are observed, no single feature
- : clearly separates AD, FD, and
control subjects.

Results

This study demonstrates that EEG-based classification of neuralogical conditions is challenging due to
high variability and overlapping feature distributions. While simple models achieve modest
performance, more advanced feature engineering or larger datasets may be required to improve
classification accuracy. These results suggest that EEG contains underlying structure that is not fully
captured by simple features, and future work using advanced techniques such as graph neural networks
or time-frequency analysis may reveal more discriminative patterns. Next steps would also include
looking at demographic features like age and gender to observe patterns within them.
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Fig. 1. A+ vs A- comparison. Top: Permutation test null
distribution (blue) with observed ¢ (red dashed line). Bot-
tom left: Posterior distribution for atiog (red) with posterior
‘mean (dark red line). Bottom right: Posterior distribution for
difference A (green) with posterior mean (dark green linc).
Despite non-significant permutation result, Bayesian meth-
‘ods provides decisive evidence for topological differences be-
tween groups.
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Vietoris—Rips filtration visualization at ¢ = 0.0335





