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Our current knowledge of genes is biased

“Out of the 20,000 or so protein-coding genes 
in the human genome, just 100 account for 

more than one-quarter of the papers”
Elie Dolgin, Nature 2015 



Using 30,000 RNA-seq samples to predict gene function



Prediction of gene functions
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Human Phenotype Ontology (HPO)



Test performance of predictions



Using GADO in a diagnostic setting



www.genenetwork.nl





Kleefstra Syndrome



Unsolved case: OBSCN



Unsolved case: OBSCN



OBSCN predicted functions



Dilated cardiomyopathy genes + OBSCN



Pathway enrichment analysis



Using GADO in practice
 Cohort of 83 solved cases
 Each case has on average 56 variants in known disease-causing genes
 In 42% of cases the causal variant is in the top 3

 Cohort of 61 cases not solved by routine diagnostics
 We found a strong candidate gene for 10 cases
 Due to a stringent cut-off on average 2.9 genes per cases were looked at in detail

www.genenetwork.nl



Rare disease genetics vs common disease genetics

Mendelian genes are often 
depleted for inactivating variants,
have large effects and are rare in 
the population



Rare disease genetics vs common disease genetics

Complex traits and diseases are 
characterized by many smaller 
effect variants that are common in 
the population



Rare disease genetics vs common disease genetics



Rare disease genetics vs common disease genetics



Rare disease genetics vs common disease genetics



Rare disease genetics vs common disease genetics



Predicted key-genes often loss of function intolerance

Key genes
N=158

Mendelian disease 
genes

N=2166

Other genes
N=17,346

Prioritizing core genes for
25 traits and yielded 158 

significant key genes



IBD key gene prioritization



IBD key gene prioritization



Downstreamer



KidneyNetwork



KidneyNetwork



KidneyNetwork



Future improvements – directed networks



Growth of public RNA-seq
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