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▶	  Protein 3D structure as input

Dataset of proteins of 
known structure 
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Based on a simplified representation of protein structure!
- Only the main chain atoms + average side chain center Cµ 

- Neglecting the side chain degrees of freedom 

Mean-force knowledge-based potentials derived from a non-
redundant set of well resolved protein structures.
 

▶	  Use of mean force potentials as features
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▶	  Use of artificial neural networks : PoPMuSiC
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Parameters are optimized on the S2648 dataset of mutations with 
known ΔΔG values. 
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▶	  Use of artificial neural networks : SNPMuSiC

 

…
.

The model structure is similar but 

1) Absolute value of statistical potentials are considered

2) The PROVEAN score is added to the prediction of the ANN.

Parameters are identified in order to optimize the BACC on a subset of ClinVar entries 
with known deleteriousness/neutral information.  
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square deviation between experimental and predicted ∆Tm s on a dataset of characterized mutants, that displays 
only a very small intersection with S (3 mutations only). Note that the number of energy terms has been restricted 
to nine because of the smaller size of the ∆Tm learning dataset, to avoid over!tting.

Using a similar procedure as for the ∆∆G predictions, a given variant of the S dataset is considered as delete-
rious if its ∆Tm value is smaller than a given threshold, which means that the variant provokes a strong thermal 
destabilization; otherwise it is predicted as neutral. Again, the threshold value was identi!ed using the BACC 
score as cost function.

Stability-based pathogenicity index using an arti!cial neural network. Using a di"erent combination of the same 
potentials and two structural features listed in Table S6, we set up a speci!c predictor of the deleteriousness of a 
mutation based on stability criteria. It has the peculiarity to relax the hypothesis assumed in the previous section 
that only destabilizing mutations are likely to be deleterious. Indeed, although most deleterious mutations are 
destabilizing, some stabilizing mutations can also cause diseases, usually because they a"ect the protein function, 
as observed earlier36,37. To take this into account, we considered the stabilizing and destabilizing statistical poten-
tial contributions separately, and separated the potential terms into their positive and negative parts:

W W W( ) , (7)i i iθ∆∆ = ±∆∆ ||∆∆ ||±

and used them to de!ne the stability-based pathogenicity index I:
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#e functions φ ± A( )i  are solvent accessible-dependent sigmoids of the form of Eq. (4). #e number of param-
eters related to the potentials are here almost doubled compared to the PoPMuSiC model structure of Eq. (3).

#e model’s parameters were optimized using the double layer arti!cial neural network (ANN) schematically 
depicted in Fig. 1a, using as learning set the annotated SNVs from the S dataset and as cost function the mean 
square deviation between I and the annotated variant e"ect, with deleterious de!ned as 1 and neutral as 0. #e 
mutations were then considered as deleterious when the pathogenicity index is larger than a given threshold value 
ψ and neutral otherwise. #e threshold value was optimized so as to maximize the BACC score (Eq. (5)) of the 
classi!cation. To evaluate the performance of the method, we used a 5-fold cross-validation procedure. We also 
tested other validation strategies, among which 10-fold cross validation, with comparable results.

By construction, this new model allows predicting as deleterious both stabilizing and destabilizing mutations. 
It is a striking illustration that elucidating the biophysical mechanisms underlying the variant e"ects can be used 
to guide the model architecture and contribute to improve the classi!cation performances and the understanding 
of the data.

Stability-based pathogenicity index using a probabilistic neural network. Probabilistic neural networks (PNN)38 
have architectures that are very di"erent from ANNs, and are utilized for classi!cation purposes. #e idea behind 
their construction consists in a Bayes classi!cation strategy through the estimation of the probability density 
function (PDF) for each considered category, based on a number of characteristics of the elements to be classi!ed. 
PNNs are composed of four layers, as shown in Fig. 1b. #e input layer contains the features characterizing the 
considered variant, chosen here to be: → = ∆∆ ∆ ∆+ −X W V V A( , , , )i , with i 1, , 6= ...  (see Supplementary 
Material for details). #e second layer, called pattern layer, contains as many nodes as there are samples in the 
training set. Each node, labeled as j, contains a probability value computed from the comparison between the 
feature vectors of the input variant (X→) and of the jth sample (→Xj), and estimated via a multivariate Gaussian dis-
tribution centered on →Xj:
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Figure 1. Schematic representation of: (a) the arti!cial neural network and (b) the probabilistic neural network 
used in the classi!cation of the variants.
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1) Absolute value of statistical potentials are considered

2) The PROVEAN score is added to the prediction of the ANN.
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ee Poster Talk and Poster of Gabriel Cia)



MuSiC suite at MAPK1 

 Unphosphorylated form 

PDB code = 6oph and 4zxt


Structures bound to different inhibitor 

(GDC-0994,catechol)


Results averaged over all the two PDBs


MAPK1

 Phosphorylated form 

PDB code = 5v60


Structures bound to inhibitor 

(AMP-CMP)


RMSD between the two structures 0.3-0.9 Å



MuSiC suite at MAPK1 - MAPK3 

Since MuSiC cannot directly take into account the phosphorylation, 
we modified the phosphorylated residues as
         Thr-185 and Tyr-187                    Asp-185 and Glu-187 
and remodel the 3D structure using homology modeling. 

In this way we mimic the effect of the negative charge of the 
phosphoryl group. These substitutions are common strategies to 
mimic phosphorylation, which are also used by nature 
(Pearlman et al, Cell 147(4), 934–946 (2011). 

 How we take into account phosphorylation ? 



Prediction Models for MAPK1-3 change in stability

1) ΔΔG prediction via PoPMuSiC  
     (Dehouck et al, BMC Bioinformatics 12, 151, 2011).

2) ΔΔG prediction via PoPMuSiCsym  
    (Pucci et al.,  Bioinformatics, 34, 3659–3665 (2018))


     PoPMuSiC version corrected for inverse-direct symmetry

     ΔΔG (A—>B) = - ΔΔG (B—>A) 

 

3) ΔΔG prediction PoPMuSiC + MAESTRO 
     (Pucci et al.,  Bioinformatics, 34, 3659–3665 (2018))

     (J. Laimer et al.,  BMC Bioinformatics 16, 116 (2015)) 



Prediction Models for MAPK1-3 change in activity

Here we did not use stability prediction since we know that stability is only

mildly related to activity. Example : catalytic or allosteric sites that are 
weaknesses of the structures but fundamental for protein activity.

1) Prediction via SNPMuSiC 
     (Ancien et al, Scientific 8, 4480 (2018))


Following the resealing ri= -SNPMUSIC+0.5

2) Prediction via SNPMuSiC 
     (Ancien et al, Scientific 8, 4480 (2018))


Following the resealing ri= - 0.75 SNPMUSIC+0.5



3) Preliminary version of protein fitness predictor FitMuSiC

- ∆∆G_i computed by PoPMuSiC

- Solvent accessibility of the mutated residues

- ∆∆G_i : computed by Maestro

- Deleteriousness score computed by SNPMuSiC

To describe activity one has to consider structural and 
evolutionary constraints.

Structural Features Evolutionary Features

- EVCoupling score

- PROVEAN score

- Conservation Index from DEOGEN2

- Log-Odd ratio score from DEOGEN2

- The features are combined using a simple linear regression model 

- Coefficients identified by minimizing the mean squared deviation between the predicted 
scores and the experimental fitness values (UBE2I, SUMO1, CALM1, TPK1 from Weile et al,  
Mol Syst Biol. 2017 13(12):957).



Thank you for the attention 
Questions?
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