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Background and Motivation

Symbolic AI

Ø Knowedge Driven 

Ø Transparant & Explinable

Ø Rigid & Specialized  

Ø Data Driven 

Ø Noise tolerant

Ø Uncertainty

Background Related Research Problem Statement Methodology Results Conclusion
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Background and Motivation

Knowledge base Data

Images Gene expressions

DNA Sequences

Background Related Research Problem Statement Methodology Results Conclusion
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Problem Definition

Patients Clinical Phenotypes &
Genomics Data (WGS/WES)

Can we find the causative structure variant 
associated with the phenotypes?
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Monogenic Diseases Complex Diseases 
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§ Phenotype-based methods
Ø Using the function information for genes

to predict the effect of variants in the

phenotypes observed in the patients.

Ø Compare disease phenotypes to known

genotype-phenotype associations.

Ø Suggest candidate genes/variants based

on phenotype similarity measures.

Related Research
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Related Research
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Limitations:

Incomplete knowledge of phenotypes

limited amount of information about phenotype associations available 
for genotypes in model organism

Background Related Research Problem Statement Methodology Results Conclusion
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§ Prioritizing the causative variants.

ØLearns to link gene functions and anatomical site of expression to the phenotypes

resulting from a loss of gene function

ØDetermining which variants identified using Whole-exome Sequencing (WES) or

Whole-genome sequencing (WGS) are most likely to damage gene function and

underlie the disease phenotype.

Problem Definition
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Knowledge Graph
Leverages a large amount of background knowledge 
from human and animal models.

EmbedPVP: Different types of genomic variants
Using several genomic features to train the models and 
accounts for the contribution of multiple genes, SNP, 
indels, intergenic.

Deep Learning Models
Explore the knowledge graph using computational 
methods to generate representations. 

Our Solutions
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* Jun Chen, Azza Althagafi, and Robert Hoehndorf. "Predicting candidate genes from phenotypes, functions, and anatomical site of expression." (2020). DOI: 10.1093/bioinformatics/btaa879

Background Related Research Problem Statement Methodology Results Conclusion

DL2vec*: Embedding graph-based representations of ontologies

§ A data-driven approach to produce vector embeddings which encode:

Ø The logical axioms encoded in an ontology.

Ø The known ontology-based annotations of biological entity:
Ø The information for genes based on their associated phenotypes, functions of the gene products, and anatomical

location of gene expression.

in one single embedding.
Embedding
An embedding is a mapping from one mathimtical structure X into another structure Y:

Such that X is preserved in Y.
𝑓 ∶ 𝑋 → Y 

Model Overview: Phenotype-based model 
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PhenomeNET 
Ontology 

Gene and their annotations 

Disease and their annotations

Ontology classes (GO, MP, UBERON) 
“SubClassOf” relation

Disease entity (OMIM)
Gene entity (EntrezID)

“HasAssociation” relation

Annotations (gene with GO/MP/UBERON, disease with HP).

Learned Structure

Starting 
node

Random Walk

𝑮𝒆𝒏𝒆𝟏 = 𝐺",", 𝐺",$ 𝐺",%, … , 𝐺",&
𝑮𝒆𝒏𝒆𝟐 = 𝐺$,", 𝐺$,$ 𝐺$,%, … , 𝐺",&
𝑮𝒆𝒏𝒆𝑴 = 𝐺),", 𝐺),$ 𝐺),%, … , 𝐺*,&

𝑫𝒊𝒔𝒆𝒂𝒔𝒆𝟏 = 𝐷",", 𝐷",$ 𝐷",%, … , 𝐷",&
𝑫𝒊𝒔𝒆𝒂𝒔𝒆𝟐 = 𝐷$,", 𝐷$,$ 𝐷$,%, … , 𝐷",&
𝑫𝒊𝒔𝒆𝒂𝒔𝒆𝑳 = 𝐷,,", 𝐷,,$ 𝐷,,%, … , 𝐷-,&

Vector representation of entities and 
ontology classes 

Word2Vec

HPO
GO
MP

UBERON
PhenomeNET

Fig1: DL2Vec workflow

§ Using functional and phenotypic characteristics for genes in:

§ All these ontologies can be applied across different species using integrated PhenomeNET ontology*

* Hoehndorf,R. et al. PhenomeNET: a whole-phenome approach to disease gene discovery. Nucleic Acids Res., 39, e119.

Background Related Research Problem Statement Methodology Results Conclusion
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Models Overview

§ Genomics Features

Prioritizing Single-nucleotide variants (SNP), indels

Training datasets Pathogenic and benign variants from the Clinically relevant variation (ClinVar)

Gene-based 
features DL2Vec: Graph-based machine learning method for biomedical ontologies.

Variant-based 
features

Pathogenicity scores, e.g. CADD, Sift, polyphen, distance to the left and right genes in terms of intergenic 
variants. 

Merging gene-
based features into 

variant features

Using the gene related feature for the exonic variants, and the maximum score for the intergenic variants.
𝑉! = 𝑀𝑎𝑥 𝐺" …𝐺#
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AI-based Identification of Diagnostic Variants fromGenotype and PhenotypeModel

Output
ScoreInput

Background Related Research Problem Statement Methodology Results Conclusion
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AI-based Identification of Diagnostic Variants fromGenotype and PhenotypeModel
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AI-based Identification of Diagnostic Variants fromGenotype and PhenotypeModel
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AI-based Identification of Diagnostic Variants fromGenotype and PhenotypeModel
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AI-based Identification of Diagnostic Variants fromGenotype and PhenotypeModel
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AI-based Identification of Diagnostic Variants fromGenotype and PhenotypeModel

Output
Score

Background Related Research Problem Statement Methodology Results Conclusion
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Results & Evaluations

Evaluation Metrics 

We use the popular 
evaluation measures to 
evaluate the models

Benchmark Synthetic/real dataset

§ Synthetic datasets

Ø Inserting a single causative variants into a randomly selected WGS from

the 1000 Genomes Project with 1% MAF.

Ø We link the Clinical phenotypes that are associated with the causative

variant into the synthetic genome.

Ø Run the models and find the rank of the inserted variants.

2020VSIM 2020VSIM 20Introduction                                   Problem Definition                                           Models Overview                                      Results Conclusion 20
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Results & Evaluations

Model : EmbedPVP

Benchmark Synthetic dataset, with 
clinical phenotypes

2121VSIM 2121VSIM 21Introduction                                   Problem Definition                                           Models Overview                                      Results Conclusion 21
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RGP Challenge : Case Example

Genotype analysis:

Ø MAF filter 

Ø Family-based filtering (Slivar is available from  https://github.com/brentp/slivar) 

Ø Pathogenicity predictioin: 
The top 1 : 25.45%
The top 10 : 63.64%
The top 50 : 92.73%

2222VSIM 2222VSIM 22Introduction                                   Problem Definition                                           Models Overview                                      Results Conclusion 22

https://github.com/brentp/slivar
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Conclusion

• Deep learning methods over biomedical knowledge graphs improve variant

interpretation.

• We are able to relate gene functions and site of expression to phenotypes resulting from a

loss of function.

2323VSIM 2323VSIM 23
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