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Amino Acids – The Protein Building Blocks
• 20 distinct amino acid (aa) types, each assigned a letter: {A, C, D, 

E, F ,G, H, I, K, L, M, N, P, Q, R, S, T, V, W, Y}

• What is a protein? A linear sequence (chain) of consecutively 
linked aa’s, selected w/replacement from above set (avg. size ~ 
300 aa’s), which folds into a precise 3D structure

• Protein structure maintained by atomic interactions between 
structurally neighboring aa’s (may be far apart in linear sequence)

• Genes (DNA) are blueprints or codes for making proteins (the 
workhorses: enzymes, hormones, receptors, antibodies, etc.)



Protein Example: HIV-1 Protease

Backbone atoms reveal path

Coarse-grained model: one CA atom per aa
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Each CA point has 2 labels:
1. Amino acid letter
2. Sequence position number



Protein Data Bank (PDB, http://www.pdb.org) 

http://www.pdb.org/


PDB File Format
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HIV-1 Protease CA Coordinate Data



Counting Interacting Amino Acids: 
One Approach

• Consider pairs of neighbor amino acids whose points are within a
given distance of each other in the structure

• 20 x 20 = 400 possible ordered pairs (i.e., AC and CA different)
No permutation (more approp.): 20 + (20 choose 2) = 210 pairs

• Obtain all pairs from a large diverse set of proteins, and calculate 
observed relative frequency of interaction for each pair fij

• Calculate a rate expected by chance for each pair by using a 
multinomial distribution (n = 2 trials, k = 20 outcomes) pij

• Inverted Boltzmann principle: propensity for pairwise interaction,  
also known as a “knowledge-based” empirical potential energy of 
pairwise interaction, is proportional to sij = log (fij / pij)



Our Approach: Four-Body Interactions 
• Identify a diverse set of over 1400 structures of protein chains
• Apply Delaunay tessellation (3D) to amino acid points of each 

protein: convex hull of space-filling tetrahedra, each objectively 
identifies a quadruplet of nearest neighbor amino acids

• Qhull (free) at http://www.qhull.org, or Matlab (delaunay3)
• Tessellation edges longer than 12 Angstroms removed

http://www.qhull.org/
http://www.qhull.org/


Counting Amino Acid Quadruplets

only realistic 
choice for 
proteins

only realistic choice when identifying quadruplets of interacting amino acids 
based on the four unordered vertices of tetrahedra in a protein tessellation

n = size of amino acid alphabet = 20; r = size of the subsets = 4



Counting Amino Acid Quadruplets
Repetitions – yes, permutations – no: 
a more “hands-on” counting approach 
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Total:  8,855 distinct quadruplets



Four-Body Statistical Potential

• Knowledge-based, modeled after the inverted Boltzmann principle 
from statistical mechanics

• fijkl = observed proportion of all tetrahedra in the 1400+ 
tessellations whose four vertex amino acid residues are i,j,k,l

• pijkl = rate expected by chance (multinomial distribution, based on 
proportions of amino acids of types i,j,k,l in the 1400+ proteins)

• For amino acid quadruplet (i,j,k,l), a log-likelihood score (energy 
of interaction) is given by s(i,j,k,l) = log(fijkl / pijkl)

• Four-body statistical potential: the collection of 8855 amino acid 
quadruplet types with their respective scores



Multinomial Reference Distribution
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Four-Body Statistical Potential



Amino Acid (Residue) Environment Scores

• For each amino acid position, locally sum scores s(i,j,k,l) of the 
tetrahedral quadruplets that use the position as a vertex

s(R,D,A,L) A22

S64
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G62K4

D3

R5
s(R,S,C,G)

s(R,G,F,L)
Example: q5 = q(R5) = ∑(i,j,k,l) s(i,j,k,l), 
sum is taken only over all tetrahedral 
quadruplets (i,j,k,l) that include R5

F7

s(R,D,K,S)

C63

• The scores qi of all amino acid residue positions i in a protein 
form a 3D-1D Potential Profile vector Q = < q1, q2, q3,…,qN > 
(N = length of the protein sequence in the structure)



3D-1D Potential Profile: HIV-1 Protease
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Computational Mutagenesis: HIV-1 Protease

(A) Mutant Profile

(B) Native Profile

(A) – (B) = R
Environmental

Perturbation Scores

Profile R used for
representing mutant 



Experimental Data
• Ritonavir is one of many HIV-1 protease inhibitor drugs, amino 

acid mutations in protease alter its susceptibility to the drugs

• Susceptibility given by a fold change (FC) value, which can be 
obtained for each distinct mutant protein by a phenotypic test 
(expensive and has a long turnaround time)

• Sequencing patient virus (genotypic test) is much faster, cheaper; 
hence, high interest in predicting phenotype from genotype!

• Dataset: 473 mutant HIV-1 protease proteins, each with an 
already known phenotype (FC value) WRT drug ritonavir; can be 
categorized as Sensitive/Resistant (FC cutoff known)

• Question: Can we predict mutant FC values or classes (output) 
based on R vectors of environmental perturbation scores (inputs)



Experimental Data



Statistical Machine Learning Algorithms
• Classification or regression tree, neural network, support vector 

machine or regression, random forest, Bayesian network, etc

• Predictive models are trained using the available data, learned 
models are complex nonlinear functions of the inputs

• Free software: Weka (http://www.cs.waikato.ac.nz/ml/weka/) 

• User friendly GUI, opens the door to discussing concepts such as:
• model training, validation, and testing
• evaluating model performance using resubstitution (training set 

itself), independent test set, cross-validation, % split
• defining measures (accuracy, sensitivity, specificity, precision, 

kappa stat, Matthew’s / Pearson’s correlation, ROC curves, etc)

http://www.cs.waikato.ac.nz/ml/weka/


Comma Separated Data File for Weka
For each protease mutant, R vector components (inputs) separated
by commas, and FC value (or class label) as last component (output)



Classification



Trained Classification Tree Model



Regression



Relevant Links
• These slides: http://binf.gmu.edu/mmasso/JMM2014.pdf
• Delaunay tessellation software: 

Qhull (free) at http://www.qhull.org, or Matlab (delaunay3)
• Weka machine learning software (free):

http://www.cs.waikato.ac.nz/ml/weka/) 
• PDB codes for dataset of 1417 diverse protein structures:

http://proteins.gmu.edu/automute/tessellatable1417.txt
• Four-body statistical potential derived from above dataset:

http://proteins.gmu.edu/automute/potential_1417_cut12.txt
• Weka-formatted datasets of 473 HIV-1 protease mutants with 

known phenotypes, represented using our in silico method:
– (regression) http://proteins.gmu.edu/automute/RTV_train.csv
– (class.) http://proteins.gmu.edu/automute/RTV_2class.csv

http://binf.gmu.edu/mmasso/JMM2014.pdf
http://www.qhull.org/
http://www.qhull.org/
http://www.cs.waikato.ac.nz/ml/weka/
http://proteins.gmu.edu/automute/tessellatable1417.txt
http://proteins.gmu.edu/automute/potential_1417_cut12.txt
http://proteins.gmu.edu/automute/RTV_train.csv
http://proteins.gmu.edu/automute/RTV_2class.csv
http://proteins.gmu.edu/automute/RTV_2class.csv
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