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Our ability  to measure the Gibbs f ree energy  

change of  mutations in each protein does not 

keep pace with the increase in new sequence 

data. With the already  av ailable stability  data, 

there hav e been some attempts at dev eloping 

predictors of  protein stability ; howev er, none 

hav e attempted to use statistical inf ormation of  

the protein as predictiv e f eatures in their 

algorithms.

Recently , consensus sequences hav e been 

f ound to be more stable and biologically  activ e, 

suggesting that each residue’s f requency  could 

be a v aluable predictor in protein stability . By  

using inf ormation intrinsic to both the protein’s 

sequence and structure, we use machine 

learning algorithms that predict the stability  of  a 

protein. A successf ul predictor would also shed 

light on characteristics of  the protein are 

important to its stability .

Machine Learning: 
Random Forests

Random f orests (RF) are an ensemble 

superv ised learning method used f or either 

classif ication or regression. Using multiple 

decision trees, a random f orest outputs the 

mean of  the classes that each indiv idual tree 

predicted in a classif ication problem. 

Perf ormance is dependent on the f eatures 

the RF uses f or classif ication. If the f eatures 

it is giv en do not y ield any  predictiv e power, 

their perf ormance will tend to be low. If  

f eatures hav e some predictiv e power, we can 

generate a ranking of  their importance; 

howev er, their behav ior is a “black box’”. 

Here, we attempt to solv e a classif ication 

problem of  if  a protein mutation is stabilizing 

or destabilizing relativ e to its mean ∆Gº.
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Due to the superv ised nature of  a 

RF, we need data f rom proteins 

whose ∆Gº of  mutation has been 

experimentally  obtained (with 

accuracy ). ∆Gºs must hav e been 

collected at pH 7.0. 

Two datasets were used (obtained 

f rom ProTherm). The Snase 

dataset contained 514 mutations 

with known ∆Gº. The Barnase 

dataset contained 200 mutations 

with known ∆Gº.

Feature Selection

• Accessible Surface Area (ASA): the solv ent 

accessible SA of  the wildty pe residue

• Hydrophobicity: the change of  hy drophobicity  

using the Octanol scale f or each residue

• Secondary Structure: inf ormation on whether 

the residue being mutated is on a helix, sheet, 

or coil

• Residue Contacts: the change in contacts 

within 5.2 Angstrom radius

• Statistical Entropy: the change in statistical 

entropy  as def ined by  𝑆 = 𝑘𝑏(ln 𝑝𝑓 − ln 𝑝𝑖) . The 

probabilities p are deriv ed f rom a multiple 

sequence alignment and indicate the statistical 

f requency  of  either the wildty pe or mutant 

amino acid existing at that position.

• Pairwise Correlations: f rom the Direct 

Coupling Analy sis (DCA) and Hopf ield-Potts 

model, we can calculate the change in pairwise 

correlations between the amino acids being 

mutated with all other amino acids in the 

protein. 

Success of  a RF depends on the f eatures it 

trains upon. We test upon a subset of  structural 

(obtained f rom ProTherm) and statistical 

inf ormation f rom each protein and its mutation. 

Methods Limitations

Method 1:

Accuracy /0.67

MCC 0.35 

Method 2:

Accuracy: 0.78

MCC: 0.59

• The RFC was trained and tested on a limited 

amount of  data. This is due to the unav ailability  

of  high quality , experimental ∆G inf ormation. 

Including a larger v ariety  of  proteins and 

protein ty pe may  produce a classif ier that is 

more specif ic and more accurate. 

• The classif ication of  stabilizing v s destabilizing 

was based on the mean of  the f ree energies 

f or each protein. This is dif f erent than drawing 

the boundary  at ∆G = 0. 

• Datasets would require inf ormation about 

contacts, which would require a cry stal 

structure of  the protein to enumerate them. 

Howev er, this f eature may  not be necessary  

f or good classif ication.

Training and testing a Random Forest Classif ier 

on structural and statistical inf ormation y ields 

accuracies between 0.67 and 0.78. This is within 

the range of  other published accuracies but 

uses less structural inf ormation. With the 

elimination of  contacts but the inclusion of  

statistical inf ormation, this inf ormation suggests 

that a better machine learning algorithm could 

be generated that does not require more than 

the sequence inf ormation of  the protein. The 

feature importance also suggests that 

sequence information is a good predictor of 

the stability of a protein. This agrees with 

recent work on consensus sequences that uses 

statistics.

Future research would suggest turning this 

classif ication problem into a regression problem 

to predict the v alue of  the ∆G. Remov ing contact 

inf ormation would result in a machine learning 

algorithm purely  based on statistical inf ormation. 

With more data, a neural network could be used 

(but this is limited to experimental results).

Find Parameters for Random Forest.

Use RandomSearchCV to find parameters to run 
the RF Classifier

Run Random Forest Classifier

Train on Snase

Predict Barnase

Train on 80% of 

Snase data

Test on 20% of 

Snase data

- Accuracy is the proportion of correctly classified instances
- MCC is the correlation between true and predicted values

Method 1

Accuracy & MCC

Collect Snase and Barnase Features.

Using ProTherm and Python, find the ASA, 
hydrophobicity, sec. structure, contacts, entropy, and 

pairwise correlations

Method 2

The Random Forest Classif ier generates 

v alues f or f eature importance. 

. This is within the range of other 
published accuracies but uses 

less structural information.


