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Experimental reference

e What are the scores?

— A library of thousands of PTEN and TPMT mutations
was assessed to measure the stability of the variant
protein using a multiplexed variant stability profiling
(VSP) assay, which detects the presence of EGFP fused
to the mutated PTEN and TPMT protein
respectively... The challenge is to predict the effect
of each variant on TPMT and/or PTEN protein
stability.
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Experimental reference

e What are the scores?

2

— Effect of each variant on TPMT or PTEN protein
stability, with 0 meaning unstable, 1 meaning wild-
type stability and >1 meaning more stable than wild

type.
— Scores and confidence intervals were computed from

replicate data for 3,736 PTEN missense variants, and
2.924 TPMT missense variants (6,660 total)



Experimental reference QUESTIONS

e What are the scores?

— Effect of each variant on protein stability
* Range -0.975 to 2.198. Why are there negative scores?

— Effects computed from replicate data for 3,736 PTEN
and 2,924 TPMT missense variants (6,660 total)

* 7,953 entries provided (4,001 PTEN and 3,952 TPMT). Why
are there more entries than expected?

* 317 “toX” (nonsense?) variants.
e 273 synonymous (?) variants. What DNA sequence is this?
e 73 variants with no replicates
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Distribution of synonymous variant scores
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Distribution of nonsense variant scores

C

Frequency

i

Scores




Reduced Reference Set

e 7.953 entries in the reference

— 7,636 no “toX” (honsense?)
— 7,473 scores>=0

e 3,860 PTEN and 3,613 TPMT variants considered
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Predictions

* Eight groups submitting
— Multiple submissions each

* Plus baseline methods that are NOT meant to
predict effects on stability:

— SNAP, PolyPhen (PP2), SIFT
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Prediction distributions of baseline predictors do
not reflect experimental design
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Prediction distributions of baseline predictors do
not reflect experimental design
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Prediction distributions also differ
drastically across methods
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Evaluations

e Simple correlation

— Pearson/Spearman

* Class based performance

— Assign variants an experimental effect class
— Tri-class:

* Lower Cl limit < 0.468, most de-stabilizing (lowest 25%)

* Upper Cl limit > 1.2, most stabilizing (high 25%)
* WT: score in range [0.9,1.1]
— Bi-class:

* Group stabilizing and de-stabilizing
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There is some correlation across predictors
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Correlation of predictions with experimental

measurements IS never over 0.5
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Correlation measures alone don’t do justice to
extreme class predictions
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For most class-based predictors,
effect/no-effect classifications are easier
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BiClass assignment accuracy
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Predictors perform differently
for different proteins
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Drum Roll Please

Best correlation across both proteins
— Lichtarge lab (Group 5)

Best tri/bi class prediction across both proteins
— Soochow Lab (Groups 2 and 3)

Best performance (biclass/correlation ratio) per
protein

— Dunbrack lab (Group 7)

Best performance (biclass/correlation ratio for
both proteins

— Tie Moult lab (Group 6) and Lichtarge lab (Group 5)

23



Limitations of this evaluation

Performance on just two proteins differs significantly
enough that no clear leader/approach can be named for

generic use

— With the exception of outliers, most predictors perform
about the same

— How can we take SD of predictors into account?

How can predictors be evaluated for predicting
synonymous mutation effects, if the (DNA) mutation
itself is not provided?

Standard predictors (SNAP, SIFT, PP2) do OK but they
shouldn’t be used for these types of predictions!
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Thank You!

Max

Lipman Hall

BLDG. 6025
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