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Training a classifier
Identification of somatic variants in cancer remains a technical challenge

Existing variant calling software differs widely in statistical approach and underlying
assumptions, and individually, are prone to error and bias.1,2 Panel methods and
ensemble algorithms improve error rates but can still produce discrepant results.3,4

Variant call refinement removes spurious calls

Error rates can be improved by refining results after variant calling. Traditionally
this has involved labor-intensive manual review of variants in a genomic viewer in
order to discriminate true positives from artifacts. Efforts to automate this process
show positive results but are not widely adopted.

A deep learning classifier automates variant call refinement

We train a deep learning classifier to predict somatic mutations and evaluate its
value in automating variant call refinement.
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Gabriella Miller Kids First Foundation (n=348)

Risk Category                                           Number of Patients
High Risk, MYCN-amplified 46
High Risk, non MYCN-amplified 58
Intermediate Risk 105
Low Risk 139

Conclusion
A classifier is trained to predict somatic variants using 32,308 manually
labeled data points provided in the DeepSVR5 package. DeepSVR’s own
classifier is not easily generalized due to restrictions on disease type and
requirements for manual review. A new classifier is trained using variants
pooled from solid tumors and requiring only features extracted by the
software Bam-Readcount.

Results

Whole genome sequencing was 
performed on 348 matched tumor-
normal neuroblastoma patient samples 
from the Gabriella Miller Kids First 
Foundation pediatric research program.

As the ground truth of variant calls is unknown, we use 
pathogenecity and the level of consensus between variant 
callers as surrogate measures for true somatic mutations. We 
evaluate the classifier by examining the overlap with variants 
predicted either somatic or artifactual.

Model 10-fold cross-validation 
accuracy

Neural Net (NN) 0.91
Random Forest (RF) 0.90
Support Vector Machine with Radial Basis 
Function kernel (RBF-SVM) 0.87

Gradient Boosted Trees (GB) 0.90
Logistic Regression with Elastic Net 
regularization (LR-EN) 0.84

Deep learning 
performs best in 
cross-validation 
studies of several 
different models

Commonly used variant callers 
yield widely divergent results

Pathogenic cancer mutations are 
detected outside the consensus 
set

Overlap of SNVs called in coding exomes

Variant Group Total coding 
SNVs

Pathogenic 
coding SNVs

Consensus 19,972 52
Unique 67,621 55

The classifier is more 
likely to predict somatic 
mutations for variants 
called by multiple 
algorithms

Methods

Data points in the 
training set are labeled
as Fail, Ambiguous, or 
Somatic. The deep
learning model achieves 
an f1 score of 0.93 on 
variants labeled as 
somatic

Pathogenic 
mutations are 

more 
frequently 
predicted 

Somatic in the 
consensus 
variant set

Variant Clinical 
Interpretation

Classifier 
Prediction

Percent 
Predicted

Pathogenic/Likely 
pathogenic

Somatic 96.5% (n = 56)

Ambiguous 3.5% (n = 2)

Fail 0.0% (n = 0)

Benign/Likely 
Benign

Somatic 61.3% (n=10,708)

Ambiguous 37.6% (n=6,464)

Fail 1.1% (n=291)
p
<
1e-6

Classifier Predictions in the Consensus Set
Reason for Pathogenic 
Interpretation

Classifier 
Prediction

Percent 
Predicted 

Cancer hotspot

Somatic 100% (n = 10)

Ambiguous 0.0% (n = 0)
Fail 0.0% (n = 0)

Loss of function in tumor 
suppressor

Somatic 20.0% (n=7)

Ambiguous 57.1% (n=20)
Fail 22.9% (n=8)

ClinVar Interpretation

Somatic 0.0% (n=0)

Ambiguous 10.0% (n=1)

Fail 90.0% (n=9)

Classifier Predictions for Pathogenic Variants in the Unique Set

p
<
1e-8

Pathogenic 
hotspot 

mutations are 
always predicted 

Somatic in the 
unique variant set
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There exists a great discordance between variant callers
Only 3.7% of all detected variants are shared by all four variant
callers. 77.2% are detected by only a single caller.

Classifier prediction correlates with variant caller overlap
Variants shared by all callers were predicted somatic by the classifier
99% of the time while only 39% of variants shared by 2 callers were
predicted somatic.

A panel variant calling strategy is insufficient
Classifier output is similar for unique variants and those shared by 2
callers. A panel strategy keeping any intersecting variant is thus
likely to include a great number of false positives, while a strategy
keeping variants called by 3+ callers omits many known pathogenic
variants (data not shown).

The classifier identifies pathogenic variants as somatic
Pathogenic cancer mutations are very unlikely to be random
artifacts. They are predicted somatic by the classifier at significantly
greater frequency. In the unique set, only cancer hotspot variants
are significantly predicted somatic by the classifier, as other
pathogenic variants can be attributed to random sequencing errors.
All hotspot mutations are known pathogenic mutations in
neuroblastoma associated genes such as TP53, ALK, and PTPN11.

Automated variant call refinement can improve error rates
A strategy keeping all variants called by 3+ callers and only those
predicted somatic by the classifier from the rest would remove false
positives and rescue false negatives.

Validation in an external data is necessary but difficult
A limitation of this study is the inability to validate the classifier in
an independent data set with known ground truth. A possible
alternative is to validate the method using sequencing data
accompanied by ultra-deep confirmatory sequencing that provides
knowledge of likely true positives.


