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In this research, we perform longitudinal and cross sectional experiments to identify which data modalities or
combination of modalities are informative at different time points of Parkinson's Disease. We use clinical,
genomic, and proteomic data from the Parkinson's Progression Marker Initiative. We adopt a multi omic
approach based on network fusion and graph neural network classification algorithmes.
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There is a known genetic component of PD and % > a shared latent space using mean pooling.
genomic datasets have helped to uncover some N\ \ " MRNA -
aspects of the disease?. — 4. Graph Convolutional Network (GCN)

. , | GCN's have shown powerful classification on
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Understanding the longitudinal variability of PD is Progression several benchmark network datasets®. The GCN
essential as it has been theorised that there are Markers e implemented consists of two layers with relu
different triggers and underlying disease Initiative — activation and batch normalisation
mechanisms at differest disease stages®.
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Individuals were stratified according to thier

The PPMI was curated to improve this

understanding and consists of over 900 PD, 800 OR recruiment status of Healthy Control, Prodromal
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Prodromal and 200 Healthy Controls. Ll. R.egulanseo.l Differentia EXPreSS'O” Median Imputation
Logistic Regression Analysis for Missing Diceace SUbtvoin
Genomic modalities were generated at 4 time Patient Nodes N yr\)/vefe orformed by eroupin
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Patient Similarity Matrix individuals into their disease subtypes and
jointly. There were two disease subtypes :
Genetic - Pariticipants with a mutation in a gene

associated with PD and Idiopathic - Participants

and yearly intervals thereafter.

PD individuals were recruited less than 2 years
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ost diagnosis and prior to taking an Mean Pooling : . L
P L 5 P 5 y ® 0 © with no known genetic PD association.
medication. *
: : " : 2 o Similarity Network Fusion Cross Sectional and Longitudinal
In this research, we integrated clinical, genomic, o .
, - ° Models were trained and tested cross
and proteomic modalities from the PPMI dataset t. L : . .
: P ® . . sectionally at each time point. One model was
with the goal of stratifying individuals. T L : :
t. . trained on the genetic subgroup and tested
- - - - — longitudinally at each time point.
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- | * Node Feature Matrix Flexible Integration
We use a flexible integrative approach based on All combinations of modalities were tested cross
a network taxonomy to incorporate many Fused Patient Similarity Network sectionally to identify the optimal combination
aspects of the PPMI dataset, notably the N at each disease time point.

longitudinal component.

Our method, named Multi Omic Graph
Diagnosis (MOGDx), is based on 4 key principles/
components.

Graph Neural Network

An integrative approach is optimal when
classifying individauls with PD over time.

1. Patient Similarity Network (PSN)

Each modality is represented as a PSN. Similarity
is measured by calculating distance between
participants' extracted features in each modality. Patient Classification

The PSN is generated using the K Nearest — AR Sl [PEIASIE RIS
Neighbours algorithm.

E E There are possible similarities in the DNAm
2. Similarity Network Fusion (SNF)° / \ signatures of idiopathic participants and

Flexibility in integration of modalities facilitates
1 a biological signal for PD to be learnt from
whole-blood samples and protein markers in

participants who have a mutation in one of

SNF is used to combine individual modalities , ,
three genes associated with PD.

PSN's. Missing samples in a modality are
retained. Weak relationships are dampened,
strong relationships are enforced and new

An integrative model trained using SNP and
DNAm at a late disease stage could form a viable

relationships are found through SNF. Prodromal n =384 . : e e e
early diagnostic tool for stratifying individuals
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