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Clinical Motivation
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▶ Late diagnosis limits intervention effectiveness [1]

▶ Single-modality models underperform [2,3]

▶ Multi-Hub Sheaf-ML extends our earlier study Sheaf-ML with multiple topology-aware hubs for richer
cross-modal fusion [4].

Key Insight

▶ Capture latent cross-modality dependencies.

▶ Improve robustness under missing or incomplete data, and different datasets.

▶ Provide interpretable patient-level and population-level subtypes.

▶ Multi-Hub Sheaf-ML transforms heterogeneous multimodal data into interpretable patient- and
population-level insights for personalized early risk assessment.

Datasets

Cohort Samples Features Modalities

ADNI [8] 11,149 44 Demographics (3): age, sex, education years

Cognition (15): MMSE, MoCA, CDR-SB, ADAS11/13, FAQ, RAVLT measures

Imaging (12): hippocampus, whole brain, ventricles, entorhinal, fusiform, FDG, PIB, AV45

Biomarkers (6): Aβ, tau, p-tau, CSF availability, amyloid/tau pathology scores

Pathology (1): overall disease burden

Clinical Scores (2): neurodegeneration score, modality completeness score

GLENDA [9] 302 33 Demographics (2): image width, image height

Color & Texture (8): RGB statistics, entropy, contrast, homogeneity, energy

Lesion Morphology (9): lesion count, area, eccentricity, solidity, perimeter, circularity

Pathology (10): fibrosis, inflammation, structural distortion, disease burden, organ involvement

Clinical Scores (3): inflammatory activity index, anatomical complexity score, endometriosis probability

Figure: Summary of multimodal cohorts used for evaluating the Multi-Hub Sheaf-ML model. Feature counts correspond to the variables used as model inputs after

preprocessing and modality organization.

Method Overview (Multi-Hub Sheaf-ML Model)

Formal Construction of the PBI
Let the set of domain-specific indices be:

I = {Ifluid, Igen, Iimg, Icog, Iinf}
The PBI is defined as a global latent variable:

ZPBI = argmin
z

∑
k∈I

|ϕk(Ik)− z |2 + λΩ(z)

where: ϕk denotes a learned sheaf morphism mapping index Ik into the global disease-burden space, Ω(z) enforces temporal smoothness, biological plausibility, and robustness to
missing modalities, λ controls the trade-off between cross-domain agreement and regularization.

Model Architecture

Explicit representation of the Primary Burden Index (PBI) within the Sheaf-ML model [4]. Raw fluid biomarkers first
integrate into the Fluid Biomarker Index (FBI), a domain-specific biological hub. The PBI is a higher-order latent
variable that emerges from consistency constraints across all domain indices, including molecular (FBI), genetic,
imaging, cognitive, and infection (IBI)-related burden. This structure enables robust detection of pre-symptomatic
AD/ADRD by amplifying weak but concordant cross-domain signals.
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Results

Sheaf Multi-Hub Graph and Modality Contributions [4]

Figure: ADNI Modality Sheaf Network Figure: ADNI Top Drivers

Figure: GLENDA Modality Sheaf Network Figure: GLENDA Top Drivers

Figure: Robustness check applying to different datasets

▶ Sheaf-ML extends feature concatenation by learning restriction morphisms between modalities and enforcing
cross-modal consistency during integration graph construction. [2,3,4]

▶ Learned restriction morphisms explicitly encode cross-domain compatibility, linking biologically related signals
within a unified sheaf approach. [4,5,6,10]

▶ The integration graph extends beyond correlation by encoding compatibility constraints through restriction
morphisms, enabling structured cross-modal coupling. [4]

▶ Critical note: Higher modality contribution does not imply biological dominance. Sheaf consistency-based
edge weighting emphasizes cross-modal agreement, preventing high-dimensional modalities from
disproportionately influencing the inferred biological network.

Patient-to-Population Subtypes

Figure: ADNI Patient-Level Subtype Figure: GLENDA Patient-Level Subtype

Figure: ADNI Population-Level Subtype Figure: GLENDA Population-Level Subtype

Figure: Patient-to-Population Level Subtype Graphs

Patient-Level Context Networks: Patients are visualized within neighborhoods of biologically similar individuals
derived from multimodal data. [4] Node color indicates predicted disease burden, highlighting stable versus
heterogeneous disease profiles.
Population-Level Networks: Global sheaf networks uncover disease phenotypes, progression gradients, and
atypical cases across the cohort, linking individual predictions to broader population structure.

Clinical Interpretability

Figure: Early AD Detection Figure: Early Endometriosis Detection

Early Warning Stratification: Patients are stratified using a multimodal risk score derived from integrated
clinical, imaging, and biomarker information. Individuals exceeding the warning threshold (red) exhibit profiles
associated with elevated disease burden or potential progression. Patients exceeding the 80th percentile are flagged
as early-warning cases, corresponding to approximately 20% of the cohort. [4]

▶ Patient context: High-warning patients are interpreted against neighborhoods of biologically similar
individuals, linking risk alerts to stable or heterogeneous disease profiles. [4]

▶ Population context: Cohort-level structure helps distinguish subtype-consistent risk, transitional states,
and atypical presentations for targeted clinical assessment. [4,7]

▶ Robustness context: The GLENDA panel tests whether the warning-stratification view remains interpretable
in a histopathology-based imaging–pathology dataset. [9]

Conclusion

Population Structure → Patient Context → Early Warning → Clinical Decision Support

▶ Multi-Hub Sheaf-ML unifies heterogeneous biomedical modalities into a clinically interpretable disease
representation. [4,5,6]

▶ The model links individual patient risk to broader population structure through patient-context and global
similarity networks. [4,7]

▶ Early-warning stratification highlights patients with elevated multi-hub disease burden, supporting proactive
clinical assessment.

▶ Validation on ADNI and GLENDA demonstrates the feasibility of translating multi-hub network intelligence
into personalized early risk assessment and decision support. [8,9]

Take-home: Multi-Hub Sheaf-ML transforms heterogeneous multimodal data into interpretable patient- and
population-level insights for personalized early Alzheimer’s detection for early interventions and optimal clinical
trial design leading to promising therapeutics.
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