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data reveals coordinated alterations in inflammatory pathways 1 '" I“
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Background

Neuroinflammation has been implicated in the progression of Parkinson's disease (PD) by contributing to dopaminergic neuron loss', but the specific molecular pathways
involved remain largely unknown. We applied statistical and machine learning (ML) analyses to cross-sectional and longitudinal transcriptomics data from PD patients and
controls, examining both gene level changes and aggregated functional representations, such as pathway-, cell compartment- and protein complex-level features.

ay Vethods

Higher level functional (pathway, cellular location and protein complex)
representations of transcriptomic data from the PPMI cohort? (whole blood) were
generated using aggregation statistics (mean, median, sd) and low-dimensional
representations using PCA and principal curves3 (Pathifier software).
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Differential expression analyses accounting for the confounders age and
gender, and time correlation analyses (A) were applied to PD case/control data
for both gene and functional level representations. Next, we evaluated ML
models using a nested cross-validation including the feature selection and
parameter optimization for PD versus control sample classification,
assessing the performance of pathway-level aggregation statistics and
single-level features. A SHAP value analysis was conducted to identify the GOBP, GOCC, CORUM Aggregation statistics, PCA
most informative predictive features. Database Mappings & Principal curves

Inflammation pathways displayed PD-specific positive correlation with time (A). Re S u Its

Features reflecting the variance of aggregated expression at protein complex level (CORUM) provided higher cross-validated performance (AUC) than other types of aggregations and in comparison to the original gene
features for PD vs. control sample classification. Logistic regression provided an area under the curve (AUC) of 0.67+0.06 in this setting (B).
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In these ML models, multiple pathways, cellular locations and protein complexes involved in (neuro)inflammation were included among the most relevant predictive features (C).

A SHAP value analysis for the logistic regression model applied to CORUM-sd aggregated features revealed (neuro)inflammation, mitochondrial and chromatin modification complexes among the feature sets with the
highest relevance. Furthermore, the SMN protein complex involved in the survival of motor neurons and neuron degeneration was included among the most predictive feature sets (D).

A. Longitudinal mean-aggregated counts at GO BP level C. Aggregated functional representations associated with inflammation and neuro-inflammation among the top-20 most relevant features for
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B. Cross-validated performance of different aggregators for GO BP, GO CC, CORUM and single genes D. Top 20 most relevant features for the logistic regression model on CORUM-sd features (0.67+0.06 AUC).
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— (Neuro)inflammatory processes display shared cross-sectional and longitudinal

alterations with potential relevance for PD vs. control sample classification. : : : : : :

— Variation (sd) in feature sets representing protein complexes and cellular 0o00000 O
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significant predictive information for PD vs. control sample classification. c 0 0 0 o o Fondaticn du Pélican



