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A kinetic Monte Carlo method is developed to study the evolution of protein-protein inter-
actions in two cubic lattice proteins expressed in organisms of a monoclonal population. A
positive correlation between increase in probability of two native proteins to be in the in-
teraction mode due to a surface amino acid mutating and the polarity of that surface amino
acid are seen for 7 out of the 9 surface resides for each of the two proteins. The presence
of a more polar surface throughout the course of evolution is consistent with experimental
observations on protein-protein interactions, validating the model and encouraging future
applications.

I. INTRODUCTION

Protein-protein interactions (PPIs) are re-
sponsible for various functions in the cell, from
enzyme catalysis to signal transduction. The
wide range of functions is explained by the fact
that protein-protein interactions vary greatly
among themselves1. However, numerous gen-
eral results have been experimentally observed
for monomers participating in PPIs. One par-
ticular result is that interaction surfaces are
composed of polar and charged residues and
their presence is positively correlated with asso-
ciation rate and binding2. This is not a trivial
finding, as one might reasonably believe that
two protein surfaces in contact could be de-
scribed as the core of a monomeric protein, in
which hydrophobic residues dominate.

Thus, any model accurately simulating PPIs
should be in agreement this with fundamental
result. In this study, the model developed em-
ploys two stable lattice protein monomers. By
selecting for an increase in binding through a
fitness function that also includes the stability
of the monomer, it is investigated whether this
kinetic Monte Carlo based method for lattice
proteins can evolve an interaction surface at an
interaction mode by having charged and polar
surface residues.

II. THEORY

A. Lattice protein folding and interactions

The energy in lattice proteins is expressed as

E =
∑
ij

∆ijV (i, j) (1)

∆ is the contact matrix, whose elements are
one if residues i and j are nearest neighbors, or
otherwise 0. V describes the interaction poten-
tials between amino acid residues and are from
Miyazawa and Jernigan (MJ 96)3. Emon

i , en-
ergy of the monomer folding in a specific con-
figuration i, has 28 nearest neighbor pairs in
a cubic lattice protein. Edim

j , energy of two
monomers in specific configurations interacting
at a specific interaction mode j, has 9 nearest
neighbor pairs from surface residues interacting
between two cubic lattice proteins.

The 3X3X3 lattice protein contains 103,346
well-defined compact structures4. For compu-
tational efficiency, a representative subset of
10,000 structures is considered. Because the
space is fully characterized, the partition func-
tion can be exactly calculated and hence the
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FIG. 1. Predefined native structures and specific interaction mode of the two proteins studied. The compact
Hamilton path in each individual protein represents its native state fold. The orientation of the overlaying
faces (protein 1: central residue of face is labeled 14; protein 2: 24) represents the interaction mode.

probability to be in the native fold is

Pnat =
e−βE

nat

10,000∑
i

e−βE
mon
i

(2)

Analogously, a partition function for all possi-
ble interactions between two lattice proteins in
the native fold can be tabulated by consider-
ing only rigid binding. There are 6*6*4 = 144
possible interaction modes. The model disal-
lows mis-folded protein to interact; only native
fold proteins can interact. The probability to
be in the specific interaction mode only applies
to proteins both in their native fold, and reads

P int =
e−βE

int

144∑
j

e−βE
dim
j

(3)

B. Kinetic Monte Carlo method

A fitness function for organisms in the popu-
lation is defined as follows

f = Pnat1 Pnat2 P int (4)

At each Monte Carlo step one random mutation
occurs randomly along the genome. By assum-

ing a Fisher-Wright population that is mono-
clonal and remains monoclonal, the probability
of fixation of the mutation (Π) can be derived
at steady state by the backward’s Kolmogoroff
Equation5

Π =
1 − e−2s

1 − e−2Ns
(5)

s is the selection coefficient and s =
f

′ − f

f
where f

′
is the fitness of the mutant. N is the

population size. If Π > R, where R is a random
number between 0 and 1, the mutation fixates
and hence the genotype of the entire monoclonal
population changes.

III. COMPUTATIONAL METHOD

The native state folds and the interaction
mode are illustrated in Figure 1. For ease of
reference, the protein on the left is referred to
as protein 1; the right, protein 2 throughout this
paper.

A stable genetic sequence of 81 nucleotides
is generated for each protein from random se-
quences undergoing a kinetic Monte Carlo pro-
cedure which accepts potential random muta-
tions if ∆Pnat > 0. These two stable sequences
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are then fused to form a gene of 162 nucleotides
that proceeds through the kinetic Monte Carlo
procedure outlined in Section II B. Each simu-
lation is ran for 105 Monte Carlo steps. Multiple
simulations that are run with the same parame-
ters are seeded with different random numbers.
Parameters values in the model are listed in Ta-
ble I.

TABLE I. Parameters in the model and their corre-
sponding values. RT stands for room temperature.

Parameter Abbr. Value

Interaction potential V (i, j) in kbTRT
3

Thermal energy β 1.0/kbTRT

Population size N 50

IV. RESULTS

Figure 2 demonstrates the dynamics of the
thermodynamic properties in one simulation,
where discontinuous steps represent a change
in the genome of the monoclonal population.
To answer the fundamental question: whether
two lattice proteins develop charged/polar sur-
faces, Pearson correlations and corresponding
p-values between ∆P int due to a mutation
at a certain position and the identity of that
mutation which causes P int to change, are
calculated. For statistical significance, data
points from a thousand simulations are com-
piled together. Results are summarized in Ta-
ble II, where positive correlations signify that
increases in ∆P int correlate with increases in
hydrophilicity of the mutated residue; negative
correlation, increases in ∆P int correlate with
increases in hydrophobicity. Note that only two
residues from protein 1 and two residues from
protein 2 have negative correlations, although
some positive correlations have relatively weak
p-values (protein 1: positions 8 and 7; protein
2: positions 23, 4, and 20). Also note that those
2 residues in each protein are not nearest neigh-
bors.

To aid in understanding how mutations lead
to more polar residues, the transition matrix
for surface residues are displayed in Figure 3,
normalized by the total mutation events in the
respective protein. Note that although some
residues are increasing in hydrophilicity, the fi-
nal residue still lies on the more hydrophobic
side of the spectrum, i.e. protein 2: positions
24 and 21. Oppositely, residues with negative
correlations, with the exception of protein 1;
residue 25, have final amino acid identities that
lie on the more hydrophilic side. Another in-
teresting observation is the presence of vertical
lines in most of the transition matrices. There is
a certain end-point for residues in the course of
evolution, however the path leading up to the
end-point is less constrained. The model can
be said to be ’funneling’ sequence space as time
progresses.

TABLE II. Correlation coefficients (r) and corre-
sponding two-tailed p-values for surface residues la-
beled by positions (pos) across 1,000 simulations.
Residues among the two columns that are adja-
cent are nearest neighbors in the specific interaction
mode.

Protein 1 Protein 2

pos r p-value pos r p-value

12 0.21 4.58E-12 22 -0.10 2.58E-02

13 -0.15 1.91E-08 23 0.10 1.26E-03

16 0.46 2.45E-31 6 0.34 3.18E-31

9 0.34 1.17E-33 21 0.38 9.20E-44

14 -0.17 3.49E-19 24 0.47 5.70E-34

15 0.15 1.30E-09 5 0.22 4.20E-16

8 0.13 6.85E-03 20 0.16 1.60E-06

7 0.22 4.00E-06 25 -0.19 9.20E-10

26 0.29 1.37E-14 4 0.09 2.92E-03

V. DISCUSSION

The model and procedure carried out here re-
lates to proteins that are classified as perma-
nent, non-obligate, hetero-dimers because the
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FIG. 2. Evolution of biophysical parameters with respect to the number of Monte Carlo steps taken. Note
that the dynamics evolve by step functions.

fitness function rewards proteins which form
stronger binding mode interactions, the initial
sequence leads to stable monomers, and two dif-
ferent folds are chosen as native for the pro-
teins. In principle, other PPI types between
proteins can be studied by slightly tweaking
the model. Still, notable classes of proteins
belong to this category, including antibody-
antigen interactions1.

A positive correlation - between ∆P int and
the surface residue mutation that causes P int

to change exists - among 7 out of the 9 sur-
face residues in each protein validates the model
with general experimental results on the role of
electrostatics in PPIs. This hints that popula-

tion diversity and concentration effects are not
the main factors in surface residues being po-
lar since the model assumes monoclonal popu-
lations and fixed concentrations. Also, protein-
protein interactions from mis-folded protein
seem to be negligible since that also is not ac-
counted for in the model.

It would be interesting to further apply the
model to gauge other properties such as as Pint
and Pnat trade-offs and mean passage time un-
til a mutation occurs in the population, com-
paring results to bioinformatics. Because evolu-
tionary data in reality is incomplete, this model
can supplement experimental data to fill in the
gaps between initial and final time points. Also,
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FIG. 3. Visualizing the normalized transition matrix of surface residues from protein 1 (top) and 2 (bottom)
throughout 1,000 simulations. Relative hydrophobicity of amino acids are determined according to the MJ
96 potential. The order from left/bottom to right/top: L, F, I, M, V, W, C, Y, H, A, T, G, P, R, E, S, N,
Q, D, K.
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how robust evolutionary trajectories are to pa-
rameter values and structural conformations of
the native fold and binding mode would be an
interesting future study.
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