


What is a CNV?

e CNVs are a class of structural variants

* They consist of deletions and duplications

* The size spans from 25-50kbp to 5-10Mbp
Duplicated area Deleted area
* Large and (usually) rare variants
* CNVs are aclassic focus of human genetic research
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How are CNVs detected?

* Genotype data from SNP arrays is the standard g ggg'?oEgBLs

* All methods rely on DNA intensity measure (LRR / read depth) PROTOCOL & Openaccess @ @ @ ©
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Methods

PennCNV: An integrated hidden Markov model
designed for high-resolution copy number variation ‘ PennCNV Pipeline ‘
detection in whole-genome SNP genotyping data
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CNV calling limitations

 PennCNV uses an HMM to predict the state of each marker based of
the previous one

* It builds larger CNVs from smaller sets of consecutive SNPs with the
same predicted Copy Number

* This makes it very sensitive to local noise

* LRRis not always stable across the genome, even without CNVs, th
is partially related to GC content

« Two main limitations of CNV calling: M RS e & T ',.‘\f .&%}W”“J o
R - » f:" b "vf-'_ 4 . “‘- ~.‘_;;_ b oo,

* Over segmentation (easy to solve, CNV stitching)

* False positives (not so easy to solve, QC filtering + visual
validation)




PennCNYV false positives

From 30% to 60% of PennCNV calls are false positives
This is only partially solved by standard filtering

The only effective solution is visual inspection of the raw data
trends for each CNVS call

Extremely time consuming and not feasible genome wide
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Our solution: automated visual validation

~16,000 human labelled examples of true and false CNV calls
(the hardest task)

Simplified the image for the computer

Trained a relatively simple Convolutional Neural Network with R
torch
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CNValidatron accuracy and R package

Tested both in UKB and deCODE data
Accuracy and precision are good, well above 90%
Comparable to a trained human

Fully achieved our primary goal of reducing the burden of false positive CNV
calls

The code is available on GitHub at https://github.com/SinomeM/CNValidatron fl

BioRxiv coming very soon



https://github.com/SinomeM/CNValidatron_fl

CNValidatron application, Genome Wide CNVs in the UKB

e ~525,000 validated CNVs from ~462,000 samples

* CNVs can be complex to analyse
* The easiest way to tackle the problem is to create regular bins/windows

* Each binis a marker, each sample is a carrier if they have a CNV overlapping the
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CNValidatron application, Genome Wide CNVs in the UKB
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GW CNVs and Genes
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GW CNVs and Genes
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Conclusions and Next Steps

Conclusion:

* CNV calling from SNPs arrays is still relevant (for large collections)

* The main limitation is high false positives rate

* We propose a software to automate visual validation of CNV calls

* Trained and tested on UKB + deCODE data (multiple arrays from the two main manufacturers)
* Accuracy is high and comparable to a trained human analysist

Next steps:

* Human traits association, already started in UKB

e Application in other large biobanks?




Thanks for your attention!

"'iblobamk

Hreinn Stefansson & Bragi
Walters

s, INSTITUTE OF
i BIQLOGICAL
. PSYCHIATRY

(deCODE genetics)

£

Thomas Werge & Andres Ingason (IBP)




	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13

