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Abstract

Background: Plasma proteomic biomarkers have shown significant potential for
accurate and cost-effective dementia diagnosis. However, plasma proteomic has not
been validated for multi-disease diagnosis in large neurodegenerative cohorts yet. This
study develops Al models on data from the Global Neurodegeneration Proteomics
Consortium (GNPC) to predict major forms of dementia, accounting for multiple
underlying pathologies, and outputting probabilistic information.

Method: This study included 17,170 GNPC participants with Somalogic 7K plasma
proteomics, comprising controls and patients with AD, PD, FTD, ALS, or Stroke
(Figure 1A). We describe ‘ProtAlDe, a deep network for six clinical diagnostic
categories classification using proteomics (Figure 1B). 10-fold cross-validation with
built-in feature selection was used to evaluate overall performance. Leave-one-
site-out scheme, with and without k-shot fine-tuning, was adopted to evaluate
out-of-site generalization performance. Additionally, baseline proteomics embeddings
from ProtAlDe’s last layer were leveraged to predict longitudinal CDR progression
(advancing from CDR 0 to >0). Predicted probabilities were validated against cognition
and APOE genotype, and the cross-disease classification probability space was
visualized using 2-dimensional t-SNE. Predictive importance of individual proteins was
estimated by feature permutation.

Result: ProtAlDe achieved simultaneous balanced classification accuracy (BCA) >0.7
and AUC >0.8 across all six targets (Figure 1C) with ~200 proteins. Performance
dipped when generalizing to unseen sites, though it was partially recovered by

finetuning (Figure 2A). Despite being trained only on baseline data, ProtAlDe’s baseline
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Figure 1. Clinical diagnosis distribution, project setup and overall performance. (A) Clinical
diagnosis distributions of GNPC participants. (B) Baseline SomalLogic 7k proteomics (N=17,770)
underwent feature selection using XGBoost and GLM before input into ProtAlDe models, a deep
network for multi-disease classification. ProtAlDe outputs probabilities for six targets, following a 10-
fold cross-validation scheme. ProtAlDe was further validated by generalizing to unseen sites,
predicting longitudinal neurodegeneration risk, correlating biomarkers with output probabilities, and
clustering patient on probability spaces. (C) ProtAlDe performance: Box plots show Balanced
Classification Accuracy (BCA, Y axis of left panel) and Area Under the Curve (AUC, Y axis of right
panel) for 10 test folds across six targets (X axis).
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(A) Generalization to unseen site
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Figure 2. Validation of ProtAlDe models. (A) Generalization performance on unseen sites using
leave-one-site-out scheme. Y-axis: metric scores (BCA for Y axis of left panel, AUC for Y axis of
right panel); X-axis: results for each target (dots in each box represent unseen site results). (B) AUC
for predicting progression from baseline CDR 0 (N=2,052) to CDR 1/2/3 (N=107) or non-progression
(N=1,945), using ProtAlDe’s baseline protein embeddings as input. (C) Correlation of normalized AD
probabilities with MMSE scores. Y-axis: log of AD probabilities divided by thresholds; X-axis: MMSE
scores. Dots represent mean normalized AD probabilities for participants with same MMSE score
from same test fold. (D) Normalized AD probabilities by APOE £2/¢4 carriers. Y-axis: €4 carriers; X-
axis: €2 carriers. Lower triangles: mean normalized AD probabilities for AD-positive patients; upper
triangles: AD-negative patients’ mean normalized AD probabilities. (E) Two-dimensional summary of
classification probabilities across all diseases, which distributes and clusters patients based on the
protein-based likelihood of having each disease. Dots and crosses indicate KMeans cluster centers
and standard deviations running within each target; dot sizes and color shades reflect cluster size.
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Predictive importance of proteins
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Figure 3. Feature importance of ProtAlDe models. Features importances of ensemble models by
random feature permutations. If an input protein is randomly permuted and then significantly affects
model performance, this protein is important. The procedure was repeated across 10 folds. Row of
heatmap indicates targets to predict, columns indicate the input proteins, color represents in how
many folds a protein is important for predicting one target. Only proteins important in at least 5 folds
were visualized.
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