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:‘ Problem: Asthma in Preschoolers




"‘ Objectif

Objectif #1: Feature selection for Asthma and Wheezing
Classification

Using integrated multi-omics and clinical data from preschoolers and
asthma with wheeze and asthma

Building a Naive Bayes Classifier for classification of labels
Feature extraction for our results to motive the next objective
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:‘ OMICS Data '

Phenotype first

l \4

—————————————————

’ Multi-omic Variation Ve

Microbiome

Healthy

Transcriptome

G=
j.-_;t\b —a - 1
= I
<

(;;CBCD Q—(:i
Proteome-L < .

Environment

.—’— Genome | <
>

Disease ()

Environmental Exposures

Genetics

Figure 1. Conceptual model of multi-omics and human disease






Example - Transcriptomics '
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Identified Genes by groups
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':‘ Naive Bayes Classifier

Métabolome

Transcriptome

Microbiome

Predicted Label

{Mild Asthma, Severe Asthma, Mild Wheeze, Severe Wheeze}

Génome




':‘ Preliminary Results

Number of mislabeled points out of a total 108 points : 48

35

Wheeze M precision recall fl-score support
Asthma M 0.50 0.12 0.19 17
Asthma_S Asthma S 0.56 0.87 0.68 38
2 Wheeze M 0.00 0.00 0.00 23
F Wheeze S 0.47 0.70 0.56 30

Asthma_M
accuracy 0.52 108
macro avg 0.38 0.42 0.36 108
Wheeze S weighted avg 0.41 0.52 0.42 108

Wheeze M Asthma S  Asthma_ M Wheeze S
Predicted label
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Next Steps

e

Step 1: Data Cleaning

Utilized the maximum variability of probing data to clean
the identify a short list of potential features (Genes,
Functional Groups, etc.)

Step 3: Structure Learning & Clinical Priors

his is an NP-hard problem, since the number of dag's on N
variables is super-exponential in N. Hopefully Clinical
insights can allow shortcuts in the finding the ideal hidden
nodes.
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Step 2: Baseline NBN and VAE model

Implementation of a Naive Bayesian Network as a baseline
model to understand feature selection, then using a
variational approach to find approximate real underlying
distributions

Step 4: Network Analysis and Causal Discovery

Use probabilistic graphical models to uncover causal
mechanisms and pathways in complex diseases. Node
and edge centrality measures in the graph will be used to
identify key biomarker



Perspects

Utilise a hierarchical to identify a better
underlying structure of clinical data

Use variational methods to estimate
underlying probability density

From this, ldentify molecular endotypes
for to lead further studies in preschool
asthma

Conclusion

Integrated OMICs data for specific prior
densities in a Bayesian Network
Classification tasks as a baseline task
Acceptable results, need for better
probability densities




Thank you!

Any Questions? /J

A special thank you so both of my supervisors,
Dr Cristina Longo and Dr Simon de Montigny
from CHU Sainte-Justine, Montréal, Qc.
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