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PTEN and TPMT challenges

Protein 
Stability

Protein 
Abundance

Shorter half-life

Predict variant effect on stability relative to the wild type

https://genomeinterpretation.org/content/predict-effect-missense-mutations-pten-and-tpmt-protein-stability
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Combining sequence-based methods and 
structure-based methods

PolyPhen-2
SIFT

SNPs3D Profile
PON-P2

PROVEAN
VEST3
SNAP2

Ensemble method

Kellogg et al., 2010

ROSETTA 
ddg_monomer

SNPs3D Stability

Structure 
based SVM 

binary 
classifier
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Calibration and 
Combination



Submission Plan

PTEN 
TPMT

Silent Nonsense
Missense

Core/partial Surface Unstructured Missing *Use Ensemble if

submission1 wild type zero Ensemble Ensemble Ensemble 0.5

submission2 wild type zero ROSETTA_ddG ROSETTA_ddG Ensemble 0.5

submission3 wild type zero SNPs3D_Stability* SNPs3D_Stability* Ensemble 0.5 Prediction >= 0.6 or 
binding pocket in TPMT

submission4 wild type zero Ensemble ROSETTA_ddG Ensemble 0.5

submission5 wild type zero Ensemble SNPs3D_Stability Ensemble 0.5 Prediction >= 0.6 or 
binding pocket in TPMT
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Positive control
An estimated theoretical limit that only considers experiment noise

1. For each variant, use reported experimental score as the prediction.

2. Given the reported mean and standard deviation, randomly draw N
samples from the normal distribution, where N equals the reported repeat 
count.

3. Use the sample mean as the answer key

4. Iterate the above steps 100 times
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Marsaglia Polar Method
𝑠 = 𝑥$ + 𝑦$ < 1					 −1 < 𝑥 < 1, −1 < 𝑦 < 1

𝑧- = 𝑥	 −2ln	 𝑠 𝑠⁄� 𝑧$ = 𝑦	 −2ln	 𝑠 𝑠⁄�

𝑆𝑎𝑚𝑝𝑙𝑒 = 𝑧	×𝑆𝐷 + 𝑀𝑒𝑎𝑛



Overall Performance
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PTEN TPMT

S1 S2 S3 S4 S5 + S1 S2 S3 S4 S5 +

RMSE 0.39 0.43 0.40 0.41 0.38 0.12 0.40 0.40 0.43 0.39 0.40 0.13

Pearson’s r 0.47 0.49 0.46 0.41 0.46 0.94 0.47 0.45 0.44 0.44 0.46 0.93

Spearman’s 
rho 0.48 0.49 0.44 0.45 0.45 0.94 0.49 0.45 0.44 0.46 0.47 0.91

Variants with negative experiment scores are excluded in all analyses



Overall scatter plots
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PTEN – Submission2 (ROSETTA ddG)
RMSE 0.43, Pearson’s r 0.49, 
Spearmans’s rho 0.49

TPMT – Submission1 (Ensemble)
RMSE 0.40, Pearson’s r 0.47, 
Spearmans’s rho 0.49
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One example of the outliers

PTEN – C124D

Experimental score: 1.414
Ensemble score: 0.087
(All 7 individual methods 
predict deleterious)
ROSETTA score: 0.776

Potentially disrupts substrate 
binding, but may not affect 
protein stability

PDB: 1D5R
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C124D

Substrate
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Performance on subsets
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PTEN Submission1 (Ensemble)
Comparison of Pearson’s r
Core variants: 0.36
Partial exposed variants: 0.45
Surface variants: 0.30
Unstructured variants: 0.21



Experiment noise
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PTEN
§ Subset of 9-repeat variants 

gives Pearson’s r of 0.50
§ 24 (17%) of silent variants have 

experimental score < 0.8
§ 21 (42%) of nonsense variants 

have experimental score > 0.2

TPMT
§ Subset of >3-repeat variants 

gives Pearson’s of 0.54
§ 17 (13%) of silent variants have 

experimental score < 0.8
§ 84 (65%) of nonsense variants 

have experimental score > 0.2



ROC curve and AUC
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TP
R

FPR

PTEN - AUC
Positive Control: 0.98
Submission1: 0.81 
(Ensemble)
Submission2: 0.84 
(ROSETTA)
Submission3: 0.80
Submission4: 0.82
Submission5: 0.81 

Unstable protein cutoff at 0.25

TPMT - AUC
Positive Control: 0.98
Submission1: 0.82 
(Ensemble)
Submission2: 0.83 
(ROSETTA)
Submission3: 0.78
Submission4: 0.82
Submission5: 0.80 



Summary
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q Structure based methods gives prediction as good as sequence 
based methods on large data sets. The two methods are not highly 
correlated, asking for better way to combine them.

q Both methods correctly captured the difference between variant 
subsets. The unstructured subset is the most difficult one to predict.

q The theoretical upper limit of the prediction will not be affected 
much by the experiment noise, as long as there are enough 
number of repeats.

q Investigation on the silent variants, nonsense variants, and low 
repeat variants didn’t show substantial impact on the performance.

q The ROC curve and AUC are more clinically relevant. Both methods 
achieved a moderately good AUC comparable to the NAGLU 
challenge.
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