Interpretable Graph Neural Network Integration of Multimodal
Biomarkers for Alzheimer’s Disease Classification
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Alzheimer’s disease (AD) is characterized by the progressive A. Graph Construction ARis'lE( Factors m Full multimodal
: : : POE, Age, Sex
effects of protein pathology, regional neurodegeneration, and Each brain is modeled as a graph G = (V, E, X). + 0.94 + 0.04 083+009 0.82 +0.09 0.63 + 0.04
network-level functional disruption across the brain. Multimodal Each node corresponds to one of the 112 brain T T BalAcc 0.87 + 0.05 079+006 074+0.11 0.54 + 0.04
: : : . : : - ultimodal Features T ST R .
neuroimaging captures complementary disease aspects: || regions defined by the Desikan-Killiany atlas [2]. F1-score 0.73£0.09  059+0.08 051+016  0.17 £0.11
positron emission tomography (PET) quantifies molecular Functional connectivity derived from rs-fMRI was used { i :]Ngl o J Sensitivity 0.82 + 0.12 071+011 0634023  013+010
. . . . . . 112%x19 rap ructure ' - ' - ' -
burden,  structural magnetic resonance imaging (sMRI) | [ to construct the weighted adjacency matrix AeR Specificity =~ 0.92%0.06  0.86+0.05 0.85+0.08  0.95+0.05
measures regional atrophy, and functional MRI (fMRI) reveals computed using Fisher Z-transformed Pearson \ _ _
. . . . . . . . . Table 1: Feature-set ablation analysis. Values denote mean + s.d.
connectivity alterations [1]. While evidence shows that correlation coefficients between regional time series. sMRI PET o . .
- . fiole dat dalit i i 4 _ _ _ _ across 5-fold cross-validation. All models build upon a baseline
ntegrating muitiple - data modalllies may Tesult -in improve Each node contains a 19-dimensional multimodal ¢ configuration using fMRI-derived graph topology and demographic
diagnostic performance, most existing approaches combine || feature vector xeR''**" integrating demographic variables (age, sex, APOE). Additional modalities were
biomarkers  within  black-box frameworks with limited variables, APOE genotype, PET-derived pathology progressively added to quantify their contribution to classification
explainability. Objective: Develop an interpretable graph-based indicators, and sMRI measures. This graph formulation \ performance. The full multimodal configuration achieved the highest
framework that integrates multimodal biomarkers to classify || enables the GNN to jointly model regional biological overall performance, showing the complementary diagnostic value
cognitively normal (CN) vs. Alzheimer's disease (AD) and to attributes and large-scale network interactions oflntegratlng _molecul_ar pathology gr_1d structural ngurodegeneratlon
. . . . . . _ _ _ biomarkers with functional connectivity representations.
identify the brain regions and biomarkers that drive predictions. associated with AD. ¢
Modality Contribution Figure 4: Modality contribution
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Amyloid Tau degeneration Network Cognitive 5 performance. Results support
accumulation propagation disruptions decline : Q
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® + molecular pathology, and
&/ .- ofeeg | — network-level dysfunction in AD
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2. Multimodal biomarker representation B. Model architecture associated with
_ _ _ _ _  FAS cognitive decline.
“Amyloid PET) ( TauPET )( sMRI \{ MRl ) (Genetics and) The GCN architecture [3] consisted of three graph convolutional layers with hidden 4
(18-F-AV-45) 1| (18-F-AVI4ST) | | (TT-weighted) | (BOLD signal) | | demographics dimensions (160, 160, 80). Each layer was followed by batch normalization, RelLU A jé '8
- activation, and dropout. Subject-level graph embeddings were generated using global t‘* fy' o
. . . ] > S ; ,_.:
mean pooling, with seven-network pooling for network-level representations, and passed \ﬁ W liopocampus
to a final linear classification head for CN vs. AD prediction. Entorhinal Cortex o1l momory netork Stractural degeneration with
Consistent with tau dysfunction (AD higher-order visual association cortex.
- . related degeneration  characteristic).
Quantifies Measures Assesses Evaluates Encodes C. Interpretablllty Framework & disease progression. 3
cortical amyloid regional tau regional brain functional genetic risk A T { )
plague burden | | deposition and atrophy and connectivity (APOE _ x - - - - : : \ e
and amyloid o eated structural and network || £2/3/e4), age, Feature-level a_ttrlbutlon | Regional A.ttrll_)utlon Modality Ablatlo.n b ey temporciparletagl k |
positivity pathology || degeneration. || disruption. || sex and other Integrated Gradients (IG) quantify  Feature attributions are Feature-set ablation e e Y -
spread demographics . : . - e : AD progression. "
& )L JAN ) )\ ”) the contribution of each |qut aggregateq gcross quanfuﬁeg, modality | | | ateral Orbitofrontal Cote
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Figure 1:- AD Multimodal Biomarker Representation measuring the Change in OUtpUt ROI to obtain a performance Changes socioemotional processing networks AD-related network dysfunction
along a path from a baseline input region-level after removing multimodal

, . . Figure 5. Integrated-gradient regional attribution analysis
2. Dataset (x) to the actual input (x) |mportancFe Score feature groups. demonstrating the spatial distribution of multimodal feature
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560 sessions from the Alzheimer’s Disease Neuroimaging 1Gi(x) = (z; — =)) /O e +(90;Ex ) RT=Z|IGW| SAVCn = AV G = AVC, l:rgg’?rlrﬁr’:ﬁlz Ieraeg]iiﬂsbyirfglidperoi?ssgcgﬁggl neeunr’i:rf?iit;\llorl;.osl_ltgr?cl))l/‘
Initiative were included, with cognitively normal and AD j=1 where AUCyy is the cingulate, temporal, parietal, and limbic strljctures conéistent with
participants aged 55-90 years (mean age = 73.2). Inclusion where F is the GNN prediction, x is where R, is the performance of the full KNOWN A,\Izheimer’s,, diseas,e neurodegenerative ’ pathways and
required sMRI, fMRI, temporally matched amyloid and tau the actual input, x'is the baseline  importance of region r multimodal model and AUC,, default mode network disruption. Attribution values were aggregated
PET, APOE genotype, and demographic data. Unmatched or iInput (zeros), and / indexes a and F is the number of is the performance when the across participant-level cross-va.lidation folds
quality-control-failed sessions were excluded. feature. features per ROI. modality m is removed. '
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